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Abstract 

 

Huntington’s disease (HD) is a neurodegenerative disorder characterised by abnormal 

spontaneous movements in addition to cognitive and psychiatric impairment. It is caused by an 

expanded polyglutamine repeat (CAG) in the huntingtin gene (HTT). Despite identification of 

the gene over 25 years ago, the exact pathogenic mechanism is unknown, and there are no 

current treatments that cure or delay onset of this devastating disease. 

Previous work in the Snell laboratory resulted in the construction of the first large mammalian 

model of HD, a transgenic sheep termed OVT73. The OVT73 model recapitulates many of the 

early molecular changes observed in HD, and provides an excellent tool for researching the 

prodromal stages of HD. This model was used to discover widespread metabolic changes 

including an elevation in brain urea, also recently identified in patients.   

In the current study, data from a 5-year-old cohort of OVT73 animals has been combined in a 

‘multi-omic’ data platform for use as a public resource for HD research. Using this platform, 

further evidence supporting metabolic and urea cycle disturbances, were discovered. These 

results led to the investigation of open source transcriptomic data (mouse allelic series and HD 

striatum) yielding astounding correlations between CAG repeat size and brain urea cycle gene 

expression, further supporting HTT-mediated urea cycle disruption.  

Targeted molecular studies were then conducted, with focus on the liver because of its 

participation in ammonia/urea metabolism. Transcription of select urea cycle genes in the 

OVT73 liver were found to be altered, providing a link into the potential source of elevated brain 

urea and neurotoxicity. A direct relationship between huntingtin and the urea cycle was then 

revealed through both the knockdown of wild-type HTT and overexpression of mutant HTT in 

a liver-derived human cell line.  

The combined evidence challenges the dogma that assumes HD is a disease with a functional 

origin in the brain. I postulate that HD pathogenesis originates in the liver and results in a 

systemic elevation in urea/ammonia that ultimately causes the neuropathological symptoms. If 

this hypothesis is correct, drugs that are already in-use, targeting the urea cycle disorders, could 

be used as a treatment for HD.  
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 Literature Review and 

Introduction 

1.1. Overview 

Huntington’s disease (HD) is a neurodegenerative dominantly inherited genetic disorder 

characterised by abnormal spontaneous movements in addition to cognitive and psychiatric 

impairment (Martin & Gusella 1986). The disease was first differentiated from other chorea-

causing diseases by Dr. George Huntington in 1872 (Huntington 1872). HD is an autosomal-

dominant disorder, caused by the expansion of a CAG polyglutamine-coding trinucleotide 

repeat in exon 1 of HTT, the gene encoding the protein huntingtin. This mutation was identified 

by The Huntington’s Disease Collaborative Research Group (HDCRG) in 1993 (HDCRG 1993). 

Normal variation in the CAG repeat length exists in the human population with unaffected 

individuals having a range of 6-35 repeats. However, individuals with a repeat length of 36 or 

greater are at risk of developing the disease and those with a repeat size greater than 40 will 

unequivocally develop the condition at some stage in their life (Bates et al. 2014). There is a 

strong correlation between repeat size and the age of motor onset and disease severity (Andrew 

et al. 1993, Duyao et al. 1993, Snell et al. 1993). Although the disease is typically associated 

with gradual onset in the fourth/fifth decade of life (Duyao et al. 1993), HD occasionally affects 

individuals below 20 years of age, termed juvenile HD (Nance & Myers 2001). The prevalence 

of HD is ~1 in 10,000 individuals of European origin (Harper 1992), although recent meta-

analyses have shown that this is variable between different geographical regions (Pringsheim et 

al. 2012, Rawlins et al. 2016). Despite the genetic mutation responsible for the disease being 

found in 1993, the exact molecular mechanism leading to the disease phenotype is still poorly 

characterised. As such, no effective therapeutic currently exists, although significant advances 

are underway.  

1.2. Clinical presentation 

The characteristic symptoms of HD can be categorised by a triad of disturbances; motor, 

cognitive and psychiatric (reviewed in Nance 1998). Despite the single gene aetiology of HD 

there is considerable variability in presentation and progression of these symptoms and the 

neuropathology between individuals, even within the same family (Waldvogel et al. 2012). This 
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symptom heterogeneity may arise from variable underlying neuropathological processes 

(Tippett et al. 2007, Rosas et al. 2008, Thu et al. 2010). Disease duration is typically between 

15-20 years from motor onset (Nance 1998) with this period being independent of the disease 

allele CAG repeat (Keum et al. 2016) suggesting that disease progression is a set process of 

events after initial onset. In order to systematically classify the disease progression, the Unified 

Huntington’s Disease Rating Scale (UHDRS) (Huntington Study Group 1996) was developed 

and is used to assess the clinical features of HD patients over time. This method scores 

individuals on motor function, cognitive function, behavioural abnormalities and functional 

capacity, providing a quantifiable measure of symptom progression and/or consistency.  

1.2.1 Motor disorder 

Motor decline in HD patients is defined by the presence of functionally disabling disturbances 

in normal voluntary movement, alongside the presence of involuntary movements. HD was 

initially coined ‘Huntington’s Chorea’ by Dr George Huntington (Huntington 1872), referring 

to the characteristic dance-like movement associated with the disease. Involuntary movements 

are irregular and arrhythmic, thus clearly differentiated from a tremor. Age at onset of motor 

symptoms is significantly correlated with the size of the CAG repeat length (Andrew et al. 1993, 

Duyao et al. 1993, MacMillan et al. 1993, Snell et al. 1993); the longer the repeat, the earlier 

movement symptoms start. During the early stages of the disease, these movements can appear 

as increased fidgetiness. The movement disorders are progressive, worsening with the disease. 

Rigidity and dystonia advances until patients have little or no control over their limbs. At this 

stage, individuals are usually bed-bound, unable to speak, and reliant on others for all personal 

needs. A small number of juvenile patients will never have significant chorea, instead presenting 

with a rigidity-predominant form of HD termed the “Westphal variant” (Topper et al. 1998).  

1.2.2 Cognitive disorder 

The course of cognitive decline in HD patients is not uniform (Brandt et al. 1984), but often 

begins with impaired judgement and difficulty in decision-making processes (Nance 1998). The 

dementia that presents in HD differs from that in Alzheimer’s disease (AD). HD patients do not 

display aphasia, agnosia and anosognosia, the symptoms which are common in AD. Thus, a 

distinction has been made in the terming of HD and AD dementias; the former being 

characterised as “subcortical dementia” and the latter as “cortical dementia” (Nance 1998). HD-

associated subcortical dementia starts with impaired verbal learning, visuospatial difficulties, 

‘forgetfulness’ and hand slowing, which becomes worse over time. Eventually, all areas of 

cognitive function are affected in a state of profound global dementia (Nance 1998).  
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1.2.3 Psychiatric disorder 

The psychiatric disorder that accompanies HD is the most variable clinical feature. Common 

symptoms can include depression, irritability, anxiety, obsessiveness, apathy, impulsiveness and 

aggression (Nance 1998, Epping et al. 2013, Tabrizi et al. 2013, Epping et al. 2016). In addition, 

less frequent behaviours such as sexual conduct disorders, compulsive gambling, substance 

abuse, bipolar disorder and thoughts of delusion, have also been observed in individuals with 

HD (Nance 1998). An increased rate of suicide has been observed both in patients (Schoenfeld 

et al. 1984, Honrath et al. 2018), and those at risk of developing HD (Almqvist et al. 1999, van 

Duijn et al. 2018). 

1.2.4 Juvenile HD 

Occasionally, Huntington’s disease is observed in younger individuals, below the age of 20, as 

stated above, termed juvenile-HD. It is thought that juvenile-HD accounts for 5 - 7 % of the 

total HD population, with a significant number of these individuals having distinct clinical 

features from adult onset cases (Nance & Myers 2001). Here, the onset of the disease is 

considerably earlier, associated with a greatly expanded CAG repeat length (usually >60 units) 

and manifests with more severe symptoms (Duyao et al. 1993, Zuhlke et al. 1993, Ranen et al. 

1995). As stated in section 1.2.1, chorea almost never occurs in juvenile HD; instead rigidity 

and dystonia occur, leading to severe disability (Nance 1998). Furthermore, seizures appear to 

be more common in juvenile HD than adult-onset, and behavioural disturbances are also more 

severe (Nance & Myers 2001).  

1.2.5 Other clinical presentation features 

Additional peripheral features of the disease include weight loss, muscle wasting and sleep 

disturbances (van der Burg et al. 2009). HD individuals weigh less on average, even before 

motor onset, and this weight differential is maintained through the symptomatic stages of the 

disease (Djousse et al. 2002, Robbins et al. 2006, Aziz et al. 2008). Disordered sleeping patterns 

and circadian abnormalities are additional symptoms of Huntington’s disease (Morton 2013). 

1.3. Neuropathological Changes 

The clinical features of HD are thought to arise in consequence to neuronal cell death and 

dysfunction, in addition to metabolic changes within the body. Vonsattel and colleagues 

developed a pathological grading system, through the analysis of post-mortem tissue from 163 

clinically diagnosed HD patients (Vonsattel et al. 1985). Five pathological grades of HD were 
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proposed based on the extent of striatal degradation in the brain. Grade 0 indicates that there is 

no gross or microscopic cell loss, while a grade 4 classification indicates as much as 95 % of 

caudate nucleus neurons have been lost and astrogliosis is evident (Vonsattel et al. 1985). The 

pathogenic mechanisms towards this neurodegeneration are not fully understood, and, as 

described above, the physical changes observed in patient brains are highly variable between 

individuals (Waldvogel et al. 2012). In some cases as much as 25 % of brain weight is lost over 

the course of the disease (Sharp & Ross 1996, Halliday et al. 1998) although this is highly 

variable (Vonsattel & DiFiglia 1998). The entire basal ganglia, consisting of the striatum, globus 

pallidus (GP), subthalamic nucleus (STN) and substantia nigra (SN), are affected in the disease 

process (amongst other regions). Together, the basal ganglia regulate voluntary and involuntary 

movement, in addition to limbic system coordination (Harper 1996).  

Degeneration is observed in many regions of the post-mortem HD brain, however the 

neostriatum, located within the basal ganglia, is where most obvious pathology occurs 

(Vonsattel et al. 1985, Martin & Gusella 1986, Waldvogel et al. 2015). The neostriatum includes 

the caudate nucleus and putamen; both of which undergo progressive degeneration as the disease 

advances. Here, extensive neuronal loss and astrogliosis is accompanied by gross atrophy, 

leading to the enlargement of the lateral ventricles (reviewed in Reiner et al. 2011). In addition 

to the prominent changes commonly described in the HD neostriatum, evidence suggests that 

significant volume reductions and/or neuronal loss, is widespread in other brain regions, 

including total cerebrum, total white matter, cerebral cortex, globus pallidus, amygdala, 

hippocampus, brainstem and cerebellum (Rosas et al. 2003). Notably, the site and severity of 

molecular changes in HD roughly parallels the established neuropathology. Microarray analysis 

compared the mRNA profiles of tissue from 44 HD cases and 36 unaffected controls, in an 

attempt to elucidate the molecular phenotype of Huntington’s disease (Hodges et al. 2006). The 

study concluded that the caudate nucleus had the greatest number and extent of differentially 

expressed mRNAs, followed by the motor cortex and cerebellum; thus, the HD molecular 

signature roughly parallels the established neuropathology.   

1.3.1 Inclusion bodies 

Ubiquitinated aggregates containing the N-terminal fragment of mutated huntingtin protein are 

observed in many regions of the post-mortem HD brain. These aggregates were first discovered 

in the brain of mutant HTT exon 1-expressing transgenic HD mice (Davies et al. 1997), before 

being observed in post-mortem human HD brains (DiFiglia et al. 1997). Some aggregates 

possess an amyloid-like structure similar to that of other amyloid-associated diseases, such as 
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Alzheimer’s and prion diseases (McGowan et al. 2000). The aggregates can be both cytoplasmic 

and intranuclear, with the latter termed neuronal intranuclear inclusions (NIIs) (Kuemmerle et 

al. 1999, Landles et al. 2010). It is uncertain whether these aggregates are pathogenic in HD. 

Some studies support the theory (Davies et al. 1997, DiFiglia et al. 1997), however, the 

mechanism by which aggregates might lead to neuronal death is not clear (Sisodia 1998). Other 

studies suggest that the aggregates may serve as a protective response against the toxic mutant 

huntingtin, improving the survival of neurons (Arrasate et al. 2004).   

1.4. The HTT gene and the genetics of HD 

1.4.1 Identification of the HTT Gene and Mutation 

In 1983, the genetic defect for the HD phenotype was mapped to the short arm of chromosome 

4, providing the first example of mapping using DNA polymorphisms and recombinant DNA 

technology (Gusella et al. 1983). This revolutionary technique utilised DNA markers termed 

restriction fragment length polymorphisms (RFLPs) in order to construct genetic linkage maps 

and localise genes associated with disease. Through the analysis of HD pedigrees, researchers 

working on the Venezuela Collaborative Huntington’s Disease Project were able to identify a 

DNA fragment, D4S10, on chromosome 4 that showed close genetic linkage to the HD disease 

gene (Gusella et al. 1983). Human-mouse somatic cell hybrids further mapped this locus to its 

short arm (Gusella et al. 1983) and then the terminal band by heterozygosity and dosage analysis 

of patients with Wolf-Hirschhorn syndrome (Gusella et al. 1985). After confirmation that there 

was no linkage disequilibrium between D4S10 and HD (Youngman et al. 1986) the D4S10 locus 

was placed in a narrow intra-band region, 4p16.1 (Magenis et al. 1986). The precise sub-regional 

location of the HD locus was eventually assigned to 4p16.3 by linkage disequilibrium mapping 

and critical recombination events (Wang et al. 1986, Gusella et al. 1992). 

Ten years after the initial localisation of the HD locus, emerging genomic and gene mapping 

technologies enabled the HD Collaborative Research Group (HDCRG) to identify the HD 

mutation as an expanded CAG trinucleotide repeat (HDCRG 1993). The HDCRG isolated the 

newly discovered gene, originally termed IT15, using cloned trapped exons from the target area. 

Homologues of the gene have been identified in many species, suggesting that huntingtin has 

an essential, conserved function. The CAG repeat is located within exon 1 of all of the vertebrate 

homologues (Reiner et al. 2011). However, the HD phenotype is not ‘naturally’ observed in 

other animal species. Despite the genetic homology observed between species, the huntingtin 

protein shares no homology with other proteins within humans (Andrade & Bork 1995). One 
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study investigating the evolution of HD, suggested that human alleles have expanded from a 

shorter ancestral state, with unusual asymmetric length distributions (Rubinsztein et al. 1994). 

Their model concludes that there is a length-dependent mutational bias towards longer alleles 

and predicts an ever increasing incidence of HD (Rubinsztein et al. 1994). 

1.4.2 HTT Gene Structure 

Further characterisation of the HD gene, now referred to as huntingtin (HTT), has shown that 

the locus is large, spanning ~180 kb and consisting of 67 exons (Ambrose et al. 1994). The 67 

exons range in size from 48 bp to 341 bp, having an average length of 138 bp (Ambrose et al. 

1994). The polymorphic CAG triplet, which codes for the amino acid glutamine, is repeated in 

exon 1 of the HD gene, near the 5’ end. In unaffected individuals, CAG polymorphisms lie 

within the range of 9 - 35 repeats, and in HD affected individuals this repeat is in excess of 36 

(Andrew et al. 1993, Duyao et al. 1993, MacMillan et al. 1993, Snell et al. 1993), although 

between 36 - 39 units there is incomplete penetrance (Rubinsztein et al. 1996). The expanded 

repeat defect in HTT results in an increase in the length of the polyglutamine tract present in the 

N-terminus of the protein.  

The CAG repeat is located directly upstream of a less polymorphic CCG sequence that ranges 

from 6 - 12 repeats (Rubinsztein et al. 1993, Rubinsztein et al. 1993) and encodes a stretch of 

polyprolines. The final exon encodes the 3’ untranslated region (UTR) and gives rise to two 

different transcripts due to alternative polyadenylation (Ambrose et al. 1994). Therefore, the 

CAG repeat expansion in HD may have independent effects on each transcript. Interestingly, 

the HTT promoter region contains multiple G/C rich elements and no TATA box, similar to that 

of housekeeping genes with ubiquitous expression (Coles et al. 1998). 

1.4.3 Transcription and Gene Expression 

The HTT gene, both normal (HTT) and mutant (mHTT), is globally expressed in both neuronal 

and non-neuronal tissues (Ambrose et al. 1994). As the mutation does not eliminate 

transcription, it is unlikely to confer a simple loss of function. The huntingtin transcript and its 

protein are widely distributed throughout the perikarya (cell body) of neurons in the mammalian 

brain (Sharp & Ross 1996, Reiner et al. 2011). This indicates that huntingtin may have a role in 

the functioning of many brain regions and neuron types (Reiner et al. 2011). Huntingtin is more 

abundant in large neuronal perikarya, compared to those of medium or smaller size. Neurons 

which are huntingtin-positive are more abundant in the thalamus and telencephalon, especially 

the cerebral cortex and hippocampus, and less abundant in the hypothalamus (Reiner et al. 
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2011). There does not appear to be a difference in the regional distribution of Htt and mHtt 

protein expression in the HD brain (Schilling et al. 1995, Bhide et al. 1996, Sapp et al. 1997). 

However, a difference has been observed in huntingtin epitope localisation, with the 

accumulation of N-terminal mutant huntingtin fragments that form abnormal 

aggregates/inclusions in the nucleus, cytoplasm and dystrophic neurites in HD brains (Davies et 

al. 1997, Waldvogel et al. 2015).  

Notwithstanding its ubiquitous expression amongst somatic tissues, disease pathology is most 

extensively localised in the forebrain. Interestingly, within the cortex and striatum, mRNA 

abundance of the mutation carrying HTT allele exceeds that of the other allele in 75 % of 

heterozygous patients, suggesting increased transcription of the expanded allele and/or 

decreased clearance of its corresponding mRNA (Liu et al. 2013). This difference in allele-

specific mRNA levels was not observed in the cerebellum (Liu et al. 2013). An allelic imbalance 

in gene expression may contribute to phenotypic variation and human disease.  

Evidence suggests that huntingtin exists in shorter forms in addition to its full-length state 

(Mende-Mueller et al. 2001, Landles et al. 2010). These shorter fragments can be attributed to 

cleavage of the protein by proteases, including caspases (Kim et al. 2001). In addition, 

alternative polyadenylation of the 3’ UTR yields two different mRNAs of ~10 and ~13.5 kbs in 

an alternative splicing event (Lin et al. 1993). Alternative splicing of the huntingtin gene has 

been proposed to account for other smaller products (Hughes et al. 2014), which has been 

suggested to play a role in HD pathogenesis. In fact, overexpression of exon 1 of the HTT with 

an expanded CAG repeat is sufficient to cause the neurodegenerative phenotype in transgenic 

mice (Mangiarini et al. 1996). 

1.4.4 HD Haplotypes 

Most European HD individuals have distinct haplotypes incorporating the mutant allele, which 

have been defined by Single Nucleotide Polymorphism (SNP) genotyping. (Djoussé et al. 2004, 

Nørremølle et al. 2009, Warby et al. 2009, Lee et al. 2012). These disease allele haplotypes were 

defined in order to investigate whether other variants close to the CAG expansion contribute to 

the disease. Lee and colleagues deduced that, ~50 % of the European individuals share the same 

major HD ‘founder’ haplotype. Additionally, the seven most abundant haplotypes identified 

accounted for ~83 % of HD chromosomes. Testing haplotype defining SNP’s against repeat 

length and age at onset revealed no association, suggesting that the CAG repeat length is the 

only genetic determinant at the gene locus. Furthermore, comparing SNPs in HD individuals 

with population controls indicated that differences in common genetic variation near the HD 
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mutation do not affect HD pathogenesis and are therefore not genetic modifiers of the disease. 

Further sequence analysis of the founder haplotype, provided insights into the evolutionary 

history of the disease as well as valuable information for therapeutic gene-targeting approaches 

(Lee et al. 2012). 

A separate study analysed polymorphic loci located within or close to the HD gene in a Danish 

cohort (Nørremølle et al. 2009). They suggested that approximately half of the variation in age 

of onset is correlated to CAG repeat length, with the remaining variance being explained in part 

by genetic modifiers. Their regression model identified seven mutually exclusive 4p16.3 

haplotypes on chromosomes carrying the CAG repeat expansion mutation. One specific 

haplotype correlated with a later age of onset; approximately 18.8 % later than patients with 

similar repeat lengths but a different haplotype. It is likely that HD patients in these families 

have a common founder and therefore the association may represent an effect from another 

location in the genome.  

1.4.5 Meiotic Repeat Instability: Genetic Anticipation 

When the polyglutamine repeat is in the pathogenic range (>36 CAG units), it becomes 

meiotically unstable and so the number of CAG repeats inherited from parent-to-child usually 

differs (Ranen et al. 1995). In the expanded state, more than 80 % of meiotic transmissions will 

involve a change in the number of CAG units (Duyao et al. 1993). In most of these transmissions 

the repeat is only one or a few units longer/shorter than the parents’. The repeat is most unstable 

on paternal transmission and in some cases much larger expansions have been observed (Zuhlke 

et al. 1993, Ranen et al. 1995). This instability  has been further pinpointed to the chromatin 

remodelling steps in spermatids (Simard et al. 2014). This paternal pattern of inheritance, 

resulting in the subsequent earlier age of onset in progeny is called ‘genetic anticipation’. This 

was a previously controversial concept (Howeler et al. 1989, Harper et al. 1992), however, the 

phenomenon explains why most juvenile-HD cases, with the largest CAG expansions, have 

inherited their mutation carrying allele from their father (Nance & Myers 2001). Therefore, it is 

also possible for unaffected fathers (and mothers) to pass on an allele with a CAG repeat in the 

disease range. This expansion usually occurs on an allele in the long but still non-pathogenic 

range, resulting in “sporadic” cases of Huntington’s disease. This event is thought to account 

for 10 - 15 % of all HD cases, and suggests that the events that result in “pre-mutation allele” 

are very rare (Chong et al. 1997, Reiner et al. 2011).  
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1.4.6 Somatic Repeat Instability 

Not only is the CAG meiotically unstable, it is also unstable through mitosis, with progressive 

lengthening of the CAG repeat observed over time within somatic cells (Wheeler et al. 2007, 

Swami et al. 2009). Analyses of tissues from HD individuals show that CAG mosaicism is 

present in all tissues (Reiner et al. 2011). Brain areas with more pronounced neuropathology 

(De Rooij et al. 1995) and sperm cells (Telenius et al. 1994) have the highest levels of CAG 

instability. More recently, investigation of repeat instability in a HD knock-in mouse model 

revealed that the liver gains approximately two CAG units per month, maintaining a distinct 

population of unstable repeats (Lee et al. 2011). In addition, expanded liver CAG repeats were 

highly enriched in polyploid hepatocytes, suggesting that the pattern of liver instability is 

restricted to the unique cell type. This phenomenon will be referred to in a subsequent discussion 

of genetic modifiers in this chapter (section 1.5.3.2).  

1.4.7 Homozygote Cases 

As previously described, HD is an autosomal dominant disorder and most HD individuals carry 

only one copy of the mutant allele, with the disease presenting despite the presence of one non-

expanded allele. Homozygous cases of HD, carrying two mutated copies of the CAG-expanded 

HTT gene, have been reported. The most notable is the observation in the large Venezuelan 

kindred that was used to originally map the gene (Wexler et al. 2004). Due to their genetic 

relatedness, these families represent the largest and best characterised HD population in the 

world. Interestingly, there is evidence to suggest that homozygous HD individuals do not differ 

in the severity of their clinical phenotype, and instead take the course of the longest allele 

(Wexler et al. 1987, Myers et al. 1989, Wexler et al. 2004). We can conclude from this 

observation the HD mutation causes a true dominant disorder. However, there is some 

controversy surrounding this hypothesis, with other research groups providing evidence for a 

more severe phenotype in homozygous individuals (Squitieri et al. 2003).  

1.5. The HTT protein and function 

1.5.1 The HTT protein 

The huntingtin protein is extremely large (~350 kDa), consisting of ~3144 amino acids,  

(HDCRG 1993). As such, full-length Htt crystals have not yet been generated, and the complete 

full-length structure is still unknown. However, several domains have been characterised and 

their relative structures are somewhat detailed. One of the most intensely studied domains is the 
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N-terminus, which contains the polyglutamine (polyQ) repeat. Interestingly, this region is not 

conserved in some other huntingtin orthologues (Seong et al. 2010).   

In unaffected individuals the polyQ in Htt is 6 - 35 glutamines long, however, when the length 

is 36-glutamines long or longer, the protein produces the HD phenotype. Studies of synthetic 

poly-L-glutamine revealed that they form β-sheets strongly held together by hydrogen bonds 

(Perutz et al. 1994). Thus, it was originally proposed that the expansion of polyglutamine would 

cause the protein to precipitate in neurons, due to its insolubility. It has since been suggested 

that inclusions formed as a result of polyglutamine aggregation are the cause of neuronal death 

(Davies et al. 1997). However, further investigators then showed that neuronal death does not 

always occur in the presence of these inclusions (Arrasate et al. 2004). The way by which 

fragments are generated, leading to a variety of aggregates and possibly causing toxicity, is 

described in the review by (Hoffner & Djian 2015). 

HEAT repeats were first recognised within the huntingtin protein by the HDCRG (HDCRG 

1993, Andrade & Bork 1995) and are so-named after the four functionally characterised proteins 

in which they were originally detected; huntingtin, elongation factor 3 (EF3), the regulatory A 

subunit of protein phosphatase 2A (PP2A) and the yeast kinase TOR1. Further sequence analysis 

revealed that multiple HEAT repeats make up the majority of the huntingtin protein (Takano & 

Gusella 2002), suggesting that it may have a role in the scaffolding of protein-protein 

complexes. A HEAT repeat is a degenerate motif, containing ~50 amino acids that make up two 

anti-parallel α-helices, forming a helical hairpin (Li et al. 2006). Proteins that contain HEAT 

repeats have many functions, but are generally involved in important protein-protein 

interactions, cytoplasmic and nuclear transport, microtubule dynamics, and chromosome 

segregation (Neuwald & Hirano 2000). A recent report used circular dichroism, single-particle 

electron microscopy and cross-linking mass spectrometry in an attempt to elucidate the 

structural and biochemical properties of the huntingtin protein (Vijayvargia et al. 2016). They 

deduced that the protein is likely to be composed of five distinct domains, adopting a spherical 

alpha-helical solenoid structure. They further suggest that the amino and carboxyl –terminal 

regions possibly fold to contain a circumscribed central cavity. The effect of the polyglutamine 

expansion on huntingtin was also investigated and shown to increase the α-helical properties of 

the protein, affecting the intramolecular interactions among the domains (Vijayvargia et al. 

2016). Previous examination of the polyglutamine tract has shown that longer repeats 

quantitatively enhance the basal function of huntingtin though the stimulation of Polycomb 

repressive complex 2 (PRC2) histone methyltransferase (Seong et al. 2010). 
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Analysis of the protein sequence has also revealed other regions of interest. A functional nuclear 

export signal (NES), located in the first 17 amino acids of huntingtin, was postulated to play a 

role in regulating toxicity and aggregation (Xia et al. 2003, Zheng et al. 2013). This sequence 

allows huntingtin, a large protein, to travel across the nuclear envelope and exit the nucleus. 

NES mutations in primary cultured neurons result in an increase in nuclear accumulation and 

overall protein aggregation (Zheng et al. 2013). 

Very recently, cryo-electron microscopy (cryo-EM) has been used to further determine the 

structure of full-length human Htt protein in a complex with HAP40/F8A7 to 4 Å resolution 

(Guo et al. 2018). This study confirmed that Htt is largely α-helical and consists of three major 

domains. Both the N- and C- terminal domains contain multiple HEAT repeats that are arranged 

in a solenoid fashion, and are connected by a smaller bridge domain that contain different types 

of tandem repeats (Guo et al. 2018). The outcome of this study rationalised the previous 

biochemical results, and will better help our understanding of Huntingtin’s diverse cellular 

functions.  

1.5.2 Normal protein function 

The comprehensive function of the wild-type huntingtin protein is still unknown, although there 

is growing evidence for several potential functions, some of which have been confirmed. Some 

of these functions include embryonic development, transcriptional regulation, inhibiting 

apoptosis, and intracellular transport and trafficking, (reviewed in Cattaneo et al. 2005).  

Homozygous knock-out of the mouse HTT homolog Hdh, results in day 7 embryonic lethality, 

signifying its critical role in embryonic development (Duyao et al. 1995, Nasir et al. 1995, 

Zeitlin et al. 1995). Increasing the expression of wild-type huntingtin in mice improves brain 

cell survival (Rigamonti et al. 2000, Leavitt et al. 2006), whilst its removal has a similar effect 

to mutant huntingtin (Dragatsis et al. 2000, Trushina et al. 2004). Thus, huntingtin may be 

somewhat neuroprotective. Some of this neuroprotective activity is thought to be mediated by 

its interaction with HIP1 (huntingtin interacting protein), preventing the formation of a pro-

apoptotic complex between HIP1 and HIPPI (the HIP1 protein interactor) (Gervais et al. 2002). 

Huntingtin interacts with an array of transcription factors and other proteins involved in the 

regulation of mRNA production. Some of these transcription factors include tumour suppressor 

p53, gene-specific protein 1 (Sp1), RE1-silencing transcription factor (REST) and CREB-

binding protein (reviewed in Luthi-Carter & Cha 2003). Perhaps the most well-established 

example of huntingtin operating as a regulator of transcription is its role in the production of 
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BDNF (brain-derived neurotrophic factor). Within the cell nucleus, REST binds to an RE1 motif 

located in the BDNF promoter, inhibiting its transcription. This can be inhibited by huntingtin, 

which sequesters REST in the cytoplasm, relieving inhibition of the BDNF promoter and 

resulting in an upregulation of BDNF transcription (Zuccato et al. 2003). BDNF is lost in HD, 

and this was postulated to reflect a loss in HTT function (reviewed in Cattaneo et al. 2005). 

It has also been suggested that the huntingtin protein is involved in synaptic vesicle transport, 

due to the observation that Htt co-localises with components of synaptic vesicles and 

microtubules (DiFiglia et al. 1995). Supporting this hypothesis is the demonstration that Htt 

specifically enhances vesicular transport of BDNF along microtubules (Gauthier et al. 2004). 

This huntingtin-mediated transport involved HAP1 and the p150Glued subunit of dynactin, 

which is an essential component of molecular motors.  

1.5.3 The mutant HTT protein 

The precise mechanisms of mutant HTT and its resultant pathophysiological consequences are 

complex and multifactorial. Almost all theories of HD pathogenesis support that idea that mutant 

Htt takes on an abnormal folded conformation, due to the expanded CAG repeat, affecting its 

normal protein interactions. Protein misfolding is observed in many trinucleotide repeat 

disorders (Cummings & Zoghbi 2000) and other neurodegenerative diseases such as Parkinson’s 

disease (PD) and Alzheimer’s disease (AD) (Soto 2003). 

A possible culprit contributing to HD pathogenesis is the accumulation of toxic mHTT 

oligomers or aggregates/inclusions (Legleiter et al. 2010). Biochemical analysis of purified 

mHTT fragments with CAG repeats longer that 39, demonstrated the formation of insoluble 

protein aggregates in a CAG length-dependent manner within mouse tissue in vitro (Scherzinger 

et al. 1997). Inclusion bodies, which have morphological features reminiscent of prion proteins 

and β-amyloid fibrils, are a major pathological hallmark of HD (Zoghbi & Orr 2000), however, 

whether or not they mediate HD pathogenesis is still unresolved. Interestingly, inclusion bodies 

are observed more frequently in cortical structures than the striatum of the HD brain, despite the 

striatum being more affected by neurodegeneration (DiFiglia et al. 1997). In addition, motor 

abnormalities develop in a knock-in HD mouse with 140 CAG repeats, several months before 

the presence of nuclear aggregates (Menalled et al. 2003). Thus, not all evidence points toward 

a toxic role for inclusion bodies. In contrast, some evidence indicates that inclusion body 

formation may be neuroprotective. This has been demonstrated in a neuronal HD cell line 

(Arrasate et al. 2004) and a transgenic mouse model of HD (Slow et al. 2005).  
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The brain in HD undergoes a large number of changes in gene expression (Hodges et al. 2006), 

implying that there is dysregulation of transcription (reviewed in Cha 2007). Several cell culture 

and biochemical studies indicate that mutant HTT can directly interfere with transcription 

(Cattaneo et al. 2005, Cui et al. 2006, Sadri-Vakili & Cha 2006) and a range of molecular 

mediators have been suggested, including CBP (cAMP response element binding protein) 

(Nucifora et al. 2001), PGC-1α (Cui et al. 2006), SP1 transcription factor, NCoR (nuclear 

receptor corepressor), basal transcription factors and REST (repressor element 1 silencing 

transcription factor) (Zuccato et al. 2003). A direct interaction between mutant Htt and DNA 

has also been proposed (Benn et al. 2008).  

As introduced in section 1.2.5 there is a generalised metabolic disruption in HD, with pre-

symptomatic mutation carriers weighing less on average, and this weight differential is 

maintained through the symptomatic phase (Djousse et al. 2002, Robbins et al. 2006, Aziz et al. 

2008). In addition, energy expenditure by symptomatic individuals far exceeds that utilised in 

movement. This leads to a major clinical care challenge as despite high calorie intake, 

symptomatic people struggle to maintain weight.  (Trejo et al. 2004, Mochel et al. 2007, Mochel 

& Haller 2011). Taken together this las led to the theory that mutant HTT causes mitochondrial 

dysfunction. These phenotypes have been attributed to a systemic metabolic defect in HD 

individuals, characterised by many metabolic alterations. For example, measurement of plasma 

samples from HD patients has revealed reduced circulating levels of the branched chain amino 

acids (BCAA), valine, leucine and isoleucine (Mochel et al. 2007). These levels of BCCA’s are 

significantly correlated with weight loss and disease progression. A recent study found altered 

levels of amino acids in multiple regions of the post-mortem HD brain (Patassini et al. 2016), 

including increases in brain concentrations of glucose, sorbitol, fructose and urea. This is 

consistent with an earlier paper, describing a reduced rate of glucose utilisation in the HD 

striatum (Antonini et al. 1996). Through the observation of pre-symptomatic weight loss, it is 

presumed that a metabolic dysfunction occurs well before motor symptom onset, and is likely 

to contribute to the eventual neuropathology of HD.  

An important study investigating metabolism using human lymphoblastoid cell lines bearing 

non-HD CAG lengths (9 – 34 units) or HD-causing alleles (35 – 70 units), found that HTT CAG 

repeat length is correlated to changes in the ratio of ATP to ADP even in the unaffected repeat 

range (Seong et al. 2005). The ATP:ADP ratio was significantly lower in cells with the HD 

allele, providing evidence for a fundamental cellular energy change in HD. The fact that the 

CAG repeat length-dependent ATP:ADP ratio relationship was also observed in unaffected 
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individuals (CAG <36), is good evidence that huntingtin has a direct role in metabolic 

regulation, and operates across a continuum defined by CAG repeat length. 

1.5.3.1  ‘Loss of Function’ versus ‘Gain of Function’ hypotheses  

There are two main hypotheses regarding the functional effect of the mutant HTT allele. The 

loss of function (LOF) hypothesis suggests that a loss of wild-type Htt protein function 

contributes to disease pathogenesis. In contrast, the gain of function (GOF) hypothesis suggests 

that the mutant protein confers a toxic gain of function. Both theories are based on the idea that 

mutant huntingtin has an abnormal conformation, affecting normal protein interactions.   

As introduced above, individuals that are homozygous for the HD allele are no more affected 

by the disease than heterozygotes (Wexler et al. 1987). A comprehensive regression model 

found a distinct correlation between the CAG repeat length of the mutant HD allele and age of 

HD motor onset (Lee et al. 2012). In this study, CAG repeat lengths of both the mutant and non-

disease range alleles of HD heterozygotes were plotted against age of motor onset. The results 

did not support an independent effect of normal CAG length or interaction of normal and 

expanded repeats. Instead, the results indicated that the expanded CAG repeat in the disease 

range is the single most important determinant of age of motor onset, with no significant 

modifying roles in the pathogenic process arising from the length of the normal allele. In 

addition, ten HD homozygotes were shown to have an age of onset of motor manifestations 

consistent with the length of the larger allele (Lee et al. 2012). This concludes that the presence 

of a second expanded allele does not influence age of motor onset, indicating that the rate of HD 

pathogenesis is determined in a true dominant fashion. Moreover, the results suggest that the 

mutant protein retains at least some of the wild-type functions.   

Based on the genetic-phenotype data, it is more plausible that the mutation causes a toxic “gain 

of function” that is not dependent on protein dose. This critical function and mode of action is 

still being defined, but probably leads to the increase or inappropriate regulation of an otherwise 

normal activity of huntingtin (Gusella et al. 2014). It is very possible that both LOF and GOF 

mechanisms contribute to the disease (reviewed in Bates et al. 2015). 

1.5.3.2 Genetic modifiers of age-of-motor-onset in HD 

Variation in the age of HD motor onset can be largely explained by the length of the expanded 

CAG repeat, predicted to account for 59.4 % of the variance observed (Genetic Modifiers of 

Huntington’s Disease (GeM-HD) Consortium et al. 2015). However, many studies have 

reported that the remaining variance may be caused by other genetic factors, in addition to 



 

15 

 

environmental factors (Djoussé et al. 2003, Wexler et al. 2004). That is, a considerable part of 

the residual variance observed is attributable to other heritable genetic modifiers that are 

associated with the expanded CAG repeat in HD cases.  

A recent genome-wide association study (GWAS) of European HD cases has identified loci that 

modify the age of onset of the disease (Genetic Modifiers of Huntington’s Disease (GeM-HD) 

Consortium et al. 2015). Variants at these individual modifier loci confer allele specific effects 

that either delay or hasten the onset of motor manifestations in Huntington’s disease. The 

underlying genes will provide alternate targets for the development of treatments. This study 

describes an unbiased genome-wide search for alleles associated with a modified motor age of 

onset, using the same phenotype model previously developed through stringent data analysis 

(Lee et al. 2012). This model uses only normally distributed data points to relate CAG repeat 

length to natural log-transformed ages of motor onset. Residual differences between predicted 

(based on CAG length) and actual ages at motor onset were calculated before performing 

quantitative GWAS, using mixed-effect linear regression. Two loci on chromosome 15 were 

shown to affect onset by 6.1 years (SNP rs146353869) or 1.4 years (SNP rs2140734) in two 

independent manners. In addition, a chromosome 8 locus is associated with a variation in age of 

onset plus or minus 1.6 years (SNP rs1037699) (Genetic Modifiers of Huntington’s Disease 

(GeM-HD) Consortium et al. 2015). 

Further investigation of these loci predicted strong locational gene candidates. FAN1 and 

MTMR10 on chr15 have structure-specific DNA handling and inositol-phosphate signalling 

functions, respectively. The single functional variant on chr8 spans two candidates, RRM2B, 

which is involved in mitochondrial energetics and oxidative stress and UBR5, involved in 

protein homeostasis. These genes have previously been suggested as having functional roles in 

HD pathogenesis (Liu et al. 2010, Hnia et al. 2012, Kuo et al. 2012, Ortega & Lucas 2014). 

Another notable locus that did not reach genome-wide significance, centred on the MLH1 gene. 

MLH1, which is involved in DNA mismatch repair, had previously been proven to modify repeat 

instability in a HD mouse model, with lower levels of MLH1 expression result in increased 

somatic repeat stability (Pinto et al. 2013).  

Since this discovery, a publicly available website, termed the Genetic Modifiers of Motor Onset 

Age (GeM MOA) has been developed (Correia et al. 2015), aiming to identify additional 

modifiers that may not have achieved statistical significance due to limited power. This 

interactive interface uses results from the GeM-HD Consortium modifier GWAS (Genetic 

Modifiers of Huntington’s Disease (GeM-HD) Consortium et al. 2015) to allow the examination 
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of gene regions and their associations with age at onset of HD motor signs. GeM MOA is freely 

accessible at https://www.hdinhd.org/ 

1.5.3.3 Disease duration after age-of-motor-onset 

There is a strong correlation between CAG repeat length and  age of motor onset, however, no 

correlation is observed with the duration of the disease after onset (Keum et al. 2016). As 

previously stated, symptomatic disease duration typically lasts 15 years suggesting that the 

mechanisms that lead from onset to eventual death is determined by other factors. Thus, we can 

conclude that the onset of HD pathogenesis is initiated by processes triggered by CAG length, 

yet the progression of the disease is relatively fixed from here onwards. In addition, disease 

duration is comparable in both juvenile and adult cases (Myers et al. 1988, Keum et al. 2016). 

Although there is no difference in the age of onset between genders when compared to CAG 

length, interestingly, there is a significant difference between males and females in their 

respective ages at death (Keum et al. 2016). Females tend to have a slightly longer disease 

duration of approximately 1 year. Age-at-death is  associated with CAG repeat length, 

suggesting that this gender-associated disease duration is also independent of CAG length 

(Keum et al. 2016). In addition, the duration of the disease is unaffected by the chromosome 15 

locus (SNP rs146353869 on chromosome 15), which as discussed before, is a strong modifier 

of HD motor onset. 

1.6. Current Therapeutics 

There is no current treatment that prevents or delays the onset of HD progression, although 

significant advances are underway. Most therapeutics in use were selected to help manage 

symptoms. For example, psychiatric agents are used to control behavioural symptoms, while 

motor sedatives are used to control chorea. These therapies are aimed at improving quality of 

life, rather than limiting the ultimate progression of the disease. The identification of the gene 

and mutation means that individuals at risk can be identified prior to symptom onset and 

potentially start a therapeutic intervention targeted at preventing disease onset.   

1.6.1 Treatment of HD symptoms  

Pharmacological interventions in HD typically target characteristic hyperkinetic movements, 

such as chorea, dystonia and myoclonus. These hyperkinetic movements are in-part attributed 

to changes in Dopamine neurotransmission (Cepeda et al. 2014), with elevated levels of 

Dopamine presenting in the HD striatum (Spokes 1980). Thus, HD is considered to be a 

https://www.hdinhd.org/


 

17 

 

relatively Dopamine-predominant disease and drugs targeting this pathway have been proven to 

improve the UHDRS (unified HD rating scale) (Huntington Study Group 1996, Huntington 

Study Group 2006). Anti-dopaminergic drugs, such as Tetrabenazine and Olanzapine are 

effective against choreic movements (Bonelli & Hofmann 2002, Huntington Study Group 

2006), but do not delay progression of the disease. 

Rates of depression are high, both in individuals with HD and those at risk of developing the 

disease (Schoenfeld et al. 1984, Almqvist et al. 1999). Obsessive compulsive symptoms are also 

frequently observed (Anderson et al. 2001). To ameliorate these symptoms, HD patients can be 

treated with psychiatric medications (Moulton et al. 2014). SSRI’s (selective serotonin re-uptake 

inhibitor’s) or mirtazapine may be preferred treatments for HD-associated depression as they 

have favourable anticholinergic profiles compared to other anti-depressants (Bonelli 2003, 

Imarisio et al. 2008), although a wide-range are currently in use (Moulton et al. 2014). 

There is limited data providing conclusive support for therapies that enhance cognition in HD. 

A small study that treated HD patients with Rivastigmine, suggested some improvements in 

motor and cognitive performances (de Tommaso et al. 2007) and there is conflicting evidence 

on the benefits of cholinesterase inhibition for cognition in HD (Vattakatuchery & Kurien 2013). 

1.6.2 Disease modifying targets 

The precise pathogenic mechanism conferred by the mutation and how it leads to 

neurodegeneration is currently unknown. Possibilities include the accumulation of toxic mHTT 

aggregates, loss of BDNF, dysregulation of transcription and mitochondrial dysfunction, among 

others, as described in section 1.5.3. Thus, preclinical studies have identified many potential 

targets for disease modification, that aim to correct specific changes linked to the causative 

mutation (Wild & Tabrizi 2014). For example, creatine and coenzyme Q10 were predicted to 

modify the pathogenic process and the effects of mitochondrial dysfunction in HD. A Phase 3 

clinical trial (CREST-E) was designed to assess the potential of high-dose creatine in slowing 

the progressive functional decline that occurs in HD (Hersch et al. 2017). However, results of 

the trial did not support the use of creatine treatment for delaying functional decline in early 

manifest HD. Similarly, a Phase 3 clinical trial of high-dose coenzyme Q10 did not justify its 

use as a treatment to slow functional decline in HD, with no significant differences in outcome 

measures (McGarry et al. 2017). 
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1.6.2.1 Reducing mutant huntingtin expression  

Current directions of HD therapeutic research are focussed on the reduction of mHTT mRNA 

expression and/or reduction of the mutant Htt protein, with the aim of preventing all of the 

complex mechanisms of pathogenesis at the source. Three main approaches are under 

investigation; RNA interference (RNAi), translational repression using antisense 

oligonucleotides (ASOs), and transcriptional repression using zinc-finger proteins (ZFPs) (Wild 

& Tabrizi 2014, Wild & Tabrizi 2017, McColgan & Tabrizi 2018). There is a debate about 

whether reducing HTT expression needs to be allele specific but ideally a therapeutic strategy 

would selectively repress the mutant allele only, which only differs from wild-type in the length 

of its CAG repeat and some SNP’s depending on the genotype of the wild-type allele. Reducing 

mutant huntingtin expression for the treatment of HD, has been investigated in many animal 

models (Boudreau et al. 2009, Carroll et al. 2011, Southwell et al. 2014), with promising 

outcomes. A study by Grondin and colleagues, reported that partial suppression of huntingtin is 

well tolerated in the adult rhesus striatum over a six-month period (Grondin et al. 2012), 

suggesting that long-term partial suppression of mutant and wild-type huntingtin may be safe in 

humans. 

Co-silencing of the mutant and wild-type alleles enable more straightforward design of 

therapeutic molecules and is broadly-applicable to all individuals with HD, however the long-

term consequences of silencing the wild-type allele are not yet well established. Many HD 

individuals carry a disease isoform, which include heterozygous single nucleotide 

polymorphisms (SNP) in the mHTT gene (Pfister et al. 2009). Thus, these heterozygous SNPs 

can be targeted by allele-specific siRNAs, resulting in selective silencing of the mutant HTT 

gene (Schwarz et al. 2006, Pfister et al. 2009). The report by Pfister and colleagues designed 

and validated five allele-specific siRNAs, that correspond to just three SNP sites (Pfister et al. 

2009). They propose that these selective siRNAs could be used to treat three quarters of the US 

and European HD patient populations. SiRNAs are invasive to deliver, requiring viral vector 

packing and injection into the brain parenchyma. However, this mode of administration should 

permit lifelong treatment from a single dose. In comparison, single-stranded ASOs diffuse more 

readily and can therefore be injected ‘naked’ into the CSF, however, ASOs degrade overtime 

and so multiple injections are required (reviewed in Wild & Tabrizi 2017).  

Antisense oligonucleotides (ASOs) are used to target the translation of mHTT. The ASO 

mechanism of action depends on steric blocking of translation, inhibition of splicing, or 

recruitment of RNase H for transcript degradation (Magen & Hornstein 2014). Selective ASOs 

have been developed to target single nucleotide polymorphisms in the Huntington disease gene 
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(Carroll et al. 2011, Southwell et al. 2014), resulting in the allele-specific silencing of mHTT. 

During the course of this thesis, Ionis Pharmaceuticals published a press-release, which 

announced dose-dependent reductions of the mutant huntingtin protein in HD patients, as part 

of their HTTRx Phase /2a study (van Roon-Mom et al. 2018). This is the first human trial to 

target the huntingtin protein using ASOs, gaining much attention from the patient community 

and the oligonucleotide therapeutics field. Preclinical optimisation studies resulted in the 

identification of HTTRx (also known as RG6042), an ASO which targets exon 36 of human 

huntingtin mRNA (Yu et al. 2004, Bennett & Swayze 2010) and supports RNase H degradation 

of both the mutant and wild-type huntingtin transcript. The human HTTRx study involved 46 

early-manifest HD patients who were randomised to receive one of four doses of HTTRx or a 

placebo. The therapy was administered into the cerebral spinal fluid (CSF) at 1-month intervals 

(over 4 months), followed by four months without treatment (van Roon-Mom et al. 2018). The 

ASO was stably detected in the plasma and CSF of patients and was shown to significantly 

reduce the levels of mHTT protein within the CSF, in a dose-dependent manner. The results, 

which were recently presented at the 13th Annual HD Therapeutics Conference 2018, showed 

that HD patients experienced up to a 60 % reduction of the mHTT protein. A potential issue of 

HTTRx is that is lowers both the wild-type and mutant protein. It is not known whether there 

will be any detrimental effects of long-term lowering of wild-type Htt.  

Zinc-finger transcriptional repression is another innovative method to reduce mHTT expression. 

Zinc-fingers can be readily engineered to bind to specific DNA sequences, including CAG 

repeats (Mittelman et al. 2009), thus, they can be used to target the HTT gene at the 

transcriptional level. A benefit of this technique is that it prevents any potentially harmful effects 

attributed to the mutant messenger RNA (mRNA). Striatal adeno-associated virus (AAV) 

delivery of a ZFP in R6/2 mice resulted in a dose-dependent repression in brain mHTT up to 60 

% (Garriga-Canut et al. 2012). Although this ZFP was unable to distinguish between the wild-

type HTT and mutant HTT, it was noted that longer CAG-repeat lengths were repressed more 

efficiently. However, it is desirable to preferentially target the mutant allele, preventing 

repression of the shorter wild-type protein, as normal Htt likely contributes to neuronal function 

(Auerbach et al. 2001, Cattaneo et al. 2005). 

1.7. HD animal models 

Animal models are valuable tools for the study of disease pathogenesis and pharmacological 

testing. Reliable models of Huntington’s disease should not only recapitulate disease 

symptomology, but also represent the pathology and underlying molecular mechanisms of 



 

20 

 

disease progression. Initial HD animal models were toxin-induced and aimed to replicate the 

mechanisms of degeneration observed in the HD brain. These non-genetic models were induced 

through the administration of toxic compounds, usually 3-nitropropionic acid (3-NP) and 

quinolinic acid (QA), and were used to study mitochondrial impairment and excitotoxicity-

induced cell death, respectively (Ramaswamy et al. 2007). Clinically, these models reflect the 

neuropathological features of HD, however, the causal genetic and molecular mechanisms of 

pathogenesis are not replicated and thus their use is very limited. 

Since the discovery of the huntingtin mutation in 1993, numerous animals expressing the mutant 

huntingtin gene now exist, either as knock-out, transgenic or knock-in models. These genetic 

models, which incorporate the genetic defect within the animals’ genome, are more 

representative of HD progression and pathology. The functional deficits resulting from the toxic 

effects of the mutant Htt protein are mimicked in these animals.  A variety of different species, 

ranging from Drosophila to monkeys, express the expanded polyglutamine containing HTT, and 

are used to establish models of HD.  

There are many different approaches and methods that must be considered when generating 

genetic models of HD. Some of these key distinguishing features include use of full-length or 

only a fragment of mutated HTT; the length of the mutated CAG repeat; the expression of the 

mutation from a transgene or knocked- into the endogenous Htt locus; use of the human HTT or 

endogenous gene from the animal; use of cDNA or genomic DNA and use of the HTT promotor 

or another promoter to drive its expression (Pouladi et al. 2013). Thus, animal models of HD 

differ with respect to several genetic design features, resulting in varied phenotypic outcomes.  

1.7.1 Non-mammalian models 

Non-mammalian models, mostly invertebrates such as Caenorhabditis elegans or Drosophila 

melanogaster, are less frequently used to model HD but allow for the high-throughput analysis 

of novel therapeutics and hypothesis testing. The nematode, C. elegans, has been used to study 

many neurodegenerative diseases, which include, but are not limited to Alzheimer’s disease 

(AD), Parkinson’s disease (PD) and Huntington’s disease (HD) (Li & Le 2013). Neuronal 

signalling is relatively conserved between C. elegans and vertebrates. Thus, genetically altered 

models of C. elegans that incorporate the defect under study, provide insights into the underlying 

molecular mechanisms and genetic interactions of disease pathogenesis that may also be 

experienced in the human form of disease. Many C. elegans models of Huntington’s disease 

exist (Faber et al. 1999, Parker et al. 2001), expressing mutant HTT in specific cell populations. 
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The presence of expanded polyglutamine repeats confer significant neuronal dysfunction within 

the worms, in addition to cell death on a sensitising background (Pouladi et al. 2013). 

The fruit fly, Drosophila melanogaster, has also been used to model HD and tends to exhibit 

progressive degenerative phenotypes, motor abnormalities and reduced survival. All but one D. 

melanogaster model (Jackson et al. 1998) has made use of the US-GAL4 system (Brand & 

Perrimon 1993) to drive the expression of full-length or truncated N-terminal fragments of 

mHTT in targeted cellular populations (Steffan et al. 2001, Steffan et al. 2004, Xu et al. 2015). 

Models of D. melanogaster with full-length mHTT, express cDNA constructs, which lack 

introns (Romero et al. 2008). As such, these models would not recapitulate events attributed to 

intronic features, such as the generation of HTT exon 1 fragments that arise due to the presence 

of a cryptic poly-adenylation signal in intron 1 of the HTT gene (Sathasivam et al. 2013). 

1.7.2 Rodent models 

Rodent are the most frequently used mammals for modelling Huntington’s disease based on 

their ease of manipulation, efficiency and relatively low cost. Since the isolation of the mutation 

in 1993 (HDCRG 1993), three categories of mouse model have been developed; knockout, 

transgenic and knock-in. Each provide an insight into disease progression and have become 

invaluable tools for therapeutic discovery. Hdh is the murine homolog of the human HTT gene, 

mapped to the proximal position of mouse chromosome 5 (Barnes et al. 1994). Unlike the human 

HTT gene, Hdh has not been shown naturally to have a corresponding CAG repeat expansion 

mutation that would cause a comparable disease phenotype to HD. Comparing the sequence of 

mouse Hdh gene cDNA to the human transcript has shown a high level of conservation, with an 

86 % similarity at the DNA level, which is 91 % identical at the amino acid level (Barnes et al. 

1994). Despite the similarities in sequence, the mouse CAG repeat consists of 7 units, with no 

apparent polymorphic variation (Barnes et al. 1994, Lin et al. 1994, White et al. 1997). This is 

consistent with the lack of a spontaneous HD phenotype in the mouse, having a much shorter 

polyglutamine tract when compared to affected humans, who have repeat lengths of 36 or greater 

CAG units.  

1.7.2.1 Knockout rodent models 

Knockout models, which inactivate expression of the Hdh gene were the first rodent models to 

be generated (Duyao et al. 1995, Nasir et al. 1995, Zeitlin et al. 1995, White et al. 1997).  These 

nullizygous rodents die during embryonic development, demonstrating the crucial role that 

huntingtin plays in embryogenesis. A conditional knockout, which used the Cre/loxP site-
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specific recombination system to generate a null mutation of Hdh in the mouse forebrain, was 

created in order to investigate the function of huntingtin in the developing and postnatal brain 

(Dragatsis et al. 2000). The results suggested that huntingtin is required for neuronal function 

and survival in the mouse brain, post-birth. Despite providing insights into the function of 

huntingtin protein during development, knock-out HD mice are not good models of the 

progressive disease process. Thus, the following sections focus on a selection of the most 

commonly used rodent models of HD, that are useful for discovery of disease pathogenesis and 

therapeutic testing.  

1.7.2.2 Transgenic rodent models 

Transgenic models of Huntington’s disease are those which have the mutant huntingtin gene (or 

gene fragment) randomly inserted into the genome. The number of transgenic copies inserted 

within the genome is variable and will either be expressed as full-length or a fragment of the 

mutant huntingtin protein. These copies are translated in addition to the two normal copies of 

the endogenous huntingtin gene. The underlying assumption is that the mutated gene confers a 

dominant gain of function.  

The first transgenic rodent model of HD was reported by (Mangiarini et al. 1996), expressing 

the N-terminal of the HD gene with an expanded CAG repeat.  The team established transgenic 

lines through the pronuclear injection of a 1.9 Kb fragment consisting of the human HTT 

promoter and exon 1, carrying expansions of approximately 130 CAG repeats. The founder, R6, 

showed 5 different transgene integration sites throughout its genome. A rapid onset, progressive 

neurological phenotype is observed in the mice, suggesting that the expanded polyglutamine 

domain of the Htt protein is sufficient to generate a mouse model of HD. Since the creation of 

the R6 founder, R6/1 and R6/2 have become two of the most utilised transgenic lines (Pouladi 

et al. 2013), with original CAG repeats of 116 and 144, respectively (Mangiarini et al. 1996). 

Further analysis of R6/1 and R6/2 revealed somatic instability of the CAG repeat length (Gonitel 

et al. 2008). This instability extended to the germ cells of R6/2 mice, resulting in transmissible 

CAG expansions reported to be greater than 400 CAG’s (Dragatsis et al. 2009, Morton et al. 

2009). The R6/1 and R6/2 mice now have well-characterised phenotypes and have been used in 

many preclinical drug trials (Beal & Ferrante 2004). 

A second group of transgenic HD rodents, expressing full-length mHTT, were created using 

yeast artificial chromosome (YAC) and bacterial artificial chromosome (BAC) technologies 

(Hodgson et al. 1999, Slow et al. 2003, Gray et al. 2008, Yu-Taeger et al. 2012). The YAC 

genomic models carry the human HD gene and all its regulatory elements with expanded CAG 
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repeats of 46, 72 (Hodgson et al. 1999) and 128 units (Slow et al. 2003). Transgene protein 

expression of the YAC128 line is ~75 % of total endogenous mouse Htt (Slow et al. 2003), 

while transgene expression in the YAC48 and YAC72 lines is lower (~33-50 % total 

endogenous mouse Htt) (Hodgson et al. 1999). The BAC model, termed BACHD, carries a 

mixed CAG/CAA repeat of 97 units, with its transgene expression being estimated at 1.5-2 folds 

higher than the endogenous Htt (Gray et al. 2008). Both YAC and BAC models express the 

mutant human huntingtin gene under the endogenous human promoter sequence and all lines 

have multiple copies of the integrated transgene. These models have selective striatal and 

cortical atrophy and develop progressive motor, cognitive and psychiatric disturbances (Pouladi 

et al. 2013). A fully humanised mouse model of HD was developed recently by Southwell and 

colleagues, through cross-breeding of BACHD and YAC18 mice on an Hdh-/- background. The 

resulting line, termed Hu97/18, is the first murine model of HD that fully genetically 

recapitulates human HD, having two human HTT genes, no mouse Hdh genes and 

heterozygosity of the HD mutation (Southwell et al. 2013). Thus, the model can be used to test 

allele-selective knockdown approaches. 

Another commonly used HD transgenic mouse is the N171-82Q model, which expresses a 

truncated HTT cDNA with 82 CAG repeats under the control of the murine prion promoter 

(Schilling et al. 1999). These mice show progressive neurological phenotypes and early death, 

often occurring between 4 and 6 months of age. Interestingly, the N171-82Q model 

demonstrates age-dependent formation of Htt aggregates in neuronal cells (Davies et al. 1997), 

which is strikingly similar to nuclear abnormalities observed in post-mortem HD patients’ 

brains. In addition, the behavioural and anatomical symptoms of N171-82Q develop over a 

protracted time course, compared to the R6 models (Ramaswamy et al. 2007). 

1.7.2.3 Knock-in rodent models 

The pathological, cellular, molecular and behavioural features of various HD knock-in mouse 

models are reviewed in the report by Menalled (Menalled 2005). Unlike transgenic models, 

knock-in models have the huntingtin mutation directly inserted into their huntingtin orthologue 

and therefore, are able to reproduce the human condition in a more genetically precise manner. 

The mutation is located within the wild-type huntingtin gene, with the endogenous promoter 

controlling expression of mutant huntingtin levels. The animals can be bred to homozygosity or 

investigated in a heterozygous state.  

The first knock-in HD mouse model, termed HdhQ50, had an insertion of 50 CAG repeats into 

the murine exon 1 site and demonstrated no behavioural abnormalities over its lifetime (White 
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et al. 1997). Since then, many knock-in models have been developed, including, HdhQ111, 

CAG140 and HdhQ150, with CAG repeat lengths of 111, 140 and 150, respectively, and are 

commonly selected for HD investigations (Lin et al. 2001, Wheeler et al. 2002, Menalled et al. 

2003, Tallaksen-Greene et al. 2005, Heng et al. 2007). These knock-in mice have been shown 

to develop neurological and neurodegenerative phenotypes, likely attributed to their genetically 

precise design with temporally and spatially appropriate levels of mHTT expression. In addition, 

the HdhQ111 and HdhQ150 models exhibit somatic repeat instability, and germline instability 

in the case of HdhQ111 (Wheeler et al. 1999, Gonitel et al. 2008), which is a characteristic 

feature of HD individuals (Duyao et al. 1993, Wheeler et al. 2007, Swami et al. 2009). Together, 

the HD knock-in mice form an allelic series, with ranging CAG repeat lengths that can be used 

to investigate CAG-dependent changes in HD. This provides an excellent platform for the 

identification of variables that may contribute to pathogenic mechanisms in HD (Langfelder et 

al. 2016).  

1.7.3 Large mammalian models 

Until recently, research using large animal models of HD had been very limited. Rodent models 

of HD have proven useful in the discovery of HD pathogenic mechanisms and therapeutic 

studies; however, they are significantly limited by two factors. Firstly, rodents have much 

shorter lifespans than humans, and secondly, their brain size and neuroanatomical structure is 

vastly different from humans. Thus, increasing emphasis had been placed on the development 

of large animal models, such as sheep, pigs and monkeys, which are more anatomically similar 

to humans and longer-lived, making them more suited to studying the late-onset progression of 

the disease. 

1.7.3.1 Ovine  

Our laboratory at The University of Auckland developed the first example of a large mammalian 

model of Huntington’s disease in the form of a transgenic sheep (Jacobsen et al. 2010). Sheep 

are long lived (12 - 15 years) and have brain structures that are comparable to humans (Morton 

& Howland 2013). In addition, the HTT ovine homologue shares 88 % amino acid identity with 

the human sequence, and contains an ovine CAG repeat that is polymorphic within and between 

breeds (10 - 17 repeats) (Jacobsen et al. 2010).  

The ovine HD model was generated using a transgene fragment consisting of full-length human 

HTT cDNA (73 CAG units), ligated to 1.1 kb of the human Htt upstream sequence, and with a 

bovine growth hormone 3’ UTR added for RNA stability. Microinjection of the transgene DNA 
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into pronuclei of single celled zygotes (413) yielded 6 transgenic lambs (4 rams/ 2 ewes), with 

unique single transgene integration sites in 5 of the 6 animals. Variation in the fraction of cells 

with target labelling indicated that these founder sheep were high grade mosaic. Two transgenic 

ewes, G0/5 and G0/6, were initially bred from based on high expression of the transgene despite 

low copy number of the transgene loci (Chiang et al. 2012). The embryos were produced in vitro 

before being transferred to adult recipient ewes. Ubiquitous expression of the human Htt protein 

was detected in the brain of G1/5 offspring at 1 and 7 months of age, indicating stable 

transmission of the transgene. However, the presence of insoluble protein (characteristic of late-

stage human HD) was not detected in these animals (Jacobsen et al. 2010). This initial pilot 

study showed a loss in receptor density of CB1 positive fibres in the globus pallidus (GP), 

however, no loss in enkephalin or Substance P (SP) was observed. In addition, the 7-month old 

G1/5 transgenic showed a prominent loss in DARPP32 immunoreactivity from the GP and 

putamen, suggesting an impairment in the regulation of striatal neurons via dopamine, which is 

a hallmark of HD (Jacobsen et al. 2010). This transgenic line has now been designated OVT73 

and has undergone a large amount of molecular and behavioural characterisation. 

The 73-unit glutamine coding repeat expressed in OVT73 sheep is remarkably stable over 

generations (Huntington's Disease Sheep Collaborative Research et al. 2013). The animals do 

not have overt neurological symptoms, but do develop some of the hallmark brain pathology of 

HD from 18-months old, such as huntingtin positive inclusions and altered expression of genes 

that are implicated in HD (Huntington's Disease Sheep Collaborative Research et al. 2013). The 

sheep also display a measurable circadian abnormality (Morton et al. 2014), similar to that 

observed in HD patients (Morton 2013). Differentially abundant metabolites have also been 

identified in the OVT73 cerebellum and liver, and the expression of these metabolites are 

strongly correlated with each other, indicating that the sheep exhibit a hyper-regulated metabolic 

state (Handley et al. 2016). Most recently, elevated levels of urea have been detected in the 

OVT73 brain, in addition to transcriptomic changes indicative of a urea cycle dysfunction 

(Handley et al. 2017). The development of an OVT73 data platform and the use of this platform 

for exploratory ‘multi-omic’ analyses, forms the basis of Chapter 3 and 4 of this thesis. 

1.7.3.2 Swine 

Pigs have many advantages for modelling human diseases. They have large bodies, relatively 

long lifespans (12 - 15 years) and human-like physiological systems. Importantly, they are farm 

animals, with well-established transgenesis and other associated breeding techniques (Morton 

& Howland 2013). The first transgenic minipig model of HD was generated via pronuclear 

microinjection of a 3.3 kb cDNA encoding part of the minipig HTT gene homologue with a 
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modified 75-unit CAG repeat (Uchida et al. 2001), however, there have been no subsequent 

reports on this model since its development. A second transgenic minipig was generated via 

nuclear transfer, and expresses N-terminal (208 amino acids) mutant huntingtin with an 

expanded polyglutamine tract of 150 CAG repeats (Yang et al. 2010). Postnatal death, 

dyskinesia and chorea-like movements were observed in the minipig model, in addition to the 

presence of apoptotic neurons with DNA fragmentation (Yang et al. 2010). Further 

characterisation of this model has not been reported and it is unclear whether there are any 

remaining founders.  

A third transgenic minipig model encoding a human HD cDNA fragment under the control of 

the human HTT promoter has also been described (Baxa et al. 2013). A truncated cDNA 

fragment was introduced via microinjection, encoding the first 548 amino acids of the human 

HTT cDNA with a polyglutamine coding repeat length of 124 units, and is stably integrated and 

transmitted through successive generations (Baxa et al. 2013). The truncated mutant HTT 

mRNA and protein has been detected in the minipig brain alongside specific biochemical 

phenotypes that may recapitulate the disease process (Baxa et al. 2013).  

Very recently, through the use of CRISPR/Cas9 and somatic nuclear transfer technology, a 

huntingtin knock-in pig model has been established (Yan et al. 2018). Two guide RNAs 

(gRNAs) were designed to target the pig HTT intron 1, to promote DNA breaks and homologous 

recombination. The endogenous pig exon 1 region was replaced with donor DNA consisting of 

human exon 1 HTT with 150 CAG repeats, in cultured pig fibroblast cells. Cells containing the 

knock-in allele were then identified and selected for somatic nuclear transfer technology. This 

process resulted in the birth of 6 live HD knock-in pigs (Yan et al. 2018). Characterisation of 

the founder and F1 knock-in pigs demonstrated movement and behavioural abnormalities in 

addition to the striking selective degeneration of striatal medium spiny neurons (Yan et al. 

2018). Thus, the model recapitulates the selective neurodegeneration observed in human HD 

individuals and has promising potential for the discovery of HD pathogenic mechanisms and 

therapeutic studies.  

1.7.3.3 Non-human primates 

The ideal model for studying human neurodegenerative diseases in theory would be a large non-

human primate, due to their genetic similarity with human genomes and large complex brain 

that are anatomically similar to humans (Morton & Howland 2013). The first somatic non-

human primate model of HD was generated through injection of a lentivirus encoding a fragment 

of human mutant HTT directly into the dorsolateral sensorimotor striatum of rhesus macaques 
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(Palfi et al. 2007). This induced spontaneous signs of chorea and dystonia in monkeys, 15 weeks 

following injection. In addition, histological examination of the striatum identified neuritic and 

nuclear Htt aggregates, reactive gliosis and neuronal cell loss (Palfi et al. 2007). 

A germ-line transgenic non-human primate model of HD was generated through microinjection 

of a lentivirus containing human exon 1 HTT gene fragment with 84 CAG repeats into rhesus 

macaques oocytes (Yang et al. 2008). This was very similar to the approach taken to develop 

the R6/2 mouse model. However, in this primate model expression of the transgene is driven by 

the strong constitutive human polyubiquitin promotor. Five live newborn founder animals were 

delivered at term, each containing integrated transgenes with CAG repeats ranging from 27 to 

88 (Yang et al. 2008). Two of these monkeys survived for less than a day and a third died after 

1 month having presented with dystonia and chorea since postnatal day 2. A fourth founder 

expressed an 83-unit CAG repeat within a single transgenic copy insertion and died prematurely 

at 11 months old. This animal suffered mild, sporadic involuntary movements from 1 week 

postnatal and showed evidence of widespread mutant Htt inclusions present throughout the brain 

(Morton & Howland 2013). The fifth transgenic founder (rHD1) contained a CAG repeat tract 

of 29-units and was initially reported to be phenotypically normal (Yang et al. 2008). However, 

longitudinal observation of this animal revealed changes in striatal and hippocampal volumes, 

with progressive impairment in motor functions and cognitive decline (Chan et al. 2014). It is 

thought that overexpression of the transgene (attributed to the strong constitutive human 

polyubiquitin promotor) contribute to the symptoms observed in this animal.  

Three more transgenic non-human primates, termed rHD6, rHD7 and rHD8 have also been 

generated using the same method of lentiviral microinjection (Chan et al. 2015). In contrast to 

the original study described by (Yang et al. 2008), the lentiviral vector introduced into these 

monkeys contained the first 11 exons of the human HTT gene, with expanded CAG repeats of 

67, 70 and 72, under regulation of the human HTT promotor (Chan et al. 2015). Post-mortem 

neuropathological analyses revealed significant neuronal loss of the striatum, suggesting that 

the HD monkeys share similar disease patterns with HD patients (Chan et al. 2015). 

1.8. Introduction to thesis 

This thesis describes the molecular investigation of the pathogenic mechanisms causing 

Huntington’s disease.  

The genetic cause of Huntington’s disease (HD) is well defined (HDCRG 1993), but the 

biological functions of huntingtin, and the pathogenesis of its mutant form remain unclear. As 
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such, no effective therapeutic to prevent or slow the disease exists. As described in section 1.7  

many animal models of HD have been created as a means to investigate the disease process, and 

for use in pharmacological testing. A collaboration between our laboratory at the University of 

Auckland and the South Australian Research and Development Institute (SARDI), described the 

first example of a large mammalian model of Huntington’s disease in the form of a transgenic 

sheep line (Jacobsen et al. 2010), reviewed in section 1.7.3.1 and referred to throughout this 

thesis as OVT73.  

OVT73 carries copies of the full length human huntingtin cDNA with an expanded 

polyglutamine coding repeat of 73 units. The ovine model has many advantages for neurological 

study and pharmacological testing, due to its large size (> 90 kgs), longevity (12 - 15 years) and 

complex brain structure, which is comparable to humans. The transgenic sheep show no overt 

neurological symptoms even at 10 years old, but do develop huntingtin positive inclusions in 

the brain in addition to the altered expression of genes implicated in HD pathology (Huntington's 

Disease Sheep Collaborative Research et al. 2013).  

Characterisation of the OVT73 model is ongoing and being undertaken by an international 

collaborative research team. As such, a range of biological information exists for the model. 

Molecular analyses of their brain and peripheral tissues have since resulted in a comprehensive 

collection of data sets, providing insights into disease pathogenic processes and the 

identification of biomarkers (Huntington's Disease Sheep Collaborative Research et al. 2013, 

Handley 2014, Morton et al. 2014, Patassini 2014, Handley et al. 2016, Handley et al. 2017, 

Skene et al. 2017). The largest set of data has been generated from tissues collected from a single 

cohort of 5-year-old animals (OVT73 = 6, control = 6), harvested in June 2012. This data 

includes high-throughput RNAseq, metabolic and proteomic profiles in addition to smaller 

hypothesis-driven molecular datasets, from brain and peripheral tissues. Analyses of these 

individual datasets has revealed significant differences in gene (Handley et al. 2017), metabolite 

(Handley 2014, Handley et al. 2016) and protein (Patassini 2014) expression in OVT73 

compared to controls, confirming the robustness of the model and postulating mechanisms for 

HD pathogenesis.  

Network biology, which uses an integrative approach to analyse ‘multi-omic’ data, has proven 

to be an invaluable tool for dissecting the molecular mechanisms of disease (Santiago et al. 

2017), including Huntington’s disease specifically (Oldham et al. 2012). No effort has yet been 

made to collate OVT73 data and search for correlations ‘across the board’, hence, the combined 

analysis of data collected from the 5-year-old cohort was a central focus of this thesis. Through 

generation of an OVT73 platform, additional molecular mechanisms associated with HD, 
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including evidence for a metabolic and urea cycle disturbance, are unveiled. Further molecular 

studies imply that there is a direct link between the liver and neurotoxicity, postulating a 

peripheral source for HD pathogenesis.  

1.8.1 Aims and objectives 

Molecular investigation of Huntington’s disease pathogenesis forms the core of this thesis. This 

is achieved through the integration of datasets collected from the same cohort of 5-year-old 

OVT73 animals, into a single ‘multi-omic’ platform. The OVT73 platform can be investigated 

using a non-hypothesis-driven approach, through a range of exploratory multivariate techniques 

described in Chapter 3, providing insight into the OVT73 system compared to controls.  

The current focus of our laboratory is the implication of the urea cycle and metabolism in HD 

pathogenesis, and so Chapter 4 describes the hypothesis-driven exploration of the OVT73 

platform, with focus on these pathways. The analyses provided strong evidence for a urea cycle 

disturbance and suggested that the liver is involved in HD pathogenesis.  

Thus, the objective of Chapter 5 was to characterise the 5-year-old OVT73 liver through 

RNAseq, followed by analysis of liver genes of interest in different aged-cohorts. 

The final results chapter, Chapter 6, attempts to identify a direct relationship between huntingtin 

and the urea cycle, using a liver-derived human cell line.   

1.8.1.1 Specific aims 

1. Create a ‘multi-omic’ OVT73 platform that can be used to investigate the molecular 

mechanisms of Huntington’s disease. 

2. Investigate metabolism and the urea cycle within the OVT73 platform with comparison 

to other open-source HD databases. 

3. Identify transcriptomic changes in the OVT73 liver through RNAseq, with additional 

analysis of selected genes across sheep ages via NanoString. 

4. Explore the relationship between wild-type/mutant HTT and the urea cycle in a liver-

derived human cell line. 
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 General Materials and 

Methods 

2.1. General Materials 

2.1.1 Chemicals and reagents used in this research 

The chemicals and reagents used in this research are listed in Table 2.1. The commercial name 

of each chemical/reagent is provided, along with the supplier. 

Table 2.1: Chemicals and reagents used in this research. 

Chemical/reagent Supplier 

Ammonia Assay Kit (ab83360) Abcam 

Urea Assay Kit (ab83362) Abcam 

XL10-Gold Ultracompetent Cells Agilent Technologies 

Agarose multipurpose grade Fisher Biotec 

Real-time and end point PCR primers as specified Integrated DNA Technologies 

TriFECTa DsiRNA Kit: hs.Ri.HTT.13  Integrated DNA Technologies 

RedSafe™ Nucleic Acid Staining Solution iNtron Biotechnology 

Gibco™ Opti-MEM™ Reduced Serum Medium Gibco™ by ThermoFisher Scientific 

Gibco™ William's E Medium, no glutamine Gibco™ by ThermoFisher Scientific 

Gibco™ L-Glutamine (200 mM) Gibco™ by ThermoFisher Scientific 

Gibco™ GlutaMAX™ Supplement Gibco™ by ThermoFisher Scientific 

Gibco™ 0.25 % Trypsin-EDTA Gibco™ by ThermoFisher Scientific 

Gibco™ Fetal bovine serum, qualified, US origin Gibco™ by ThermoFisher Scientific 

Gibco™ Penicillin-Streptomycin Gibco™ by ThermoFisher Scientific 

Ambion™ DNA-free™ Ambion™ by ThermoFisher Scientific 

SOC medium (Super Optimal broth with Catabolite repression) Invitrogen™ by ThermoFisher Scientific 

SuperScript™ III First-Strand Synthesis System for RT-PCR Invitrogen™ by ThermoFisher Scientific 

Invitrogen™ UltraPure™ DNase⁄RNase-Free Distilled Water Invitrogen™ by ThermoFisher Scientific 

Invitrogen™ Random Hexamers Invitrogen™ by ThermoFisher Scientific 

Lipofectamine™ RNAiMAX Reagent Invitrogen™ by ThermoFisher Scientific 

Lipofectamine™ 3000 Reagent with P3000™ Reagent Invitrogen™ by ThermoFisher Scientific 

KAPA™ Universal Ladder KAPA Biosystems 

KAPA2G™ Robust PCR Kit KAPA Biosystems 

KAPA Loading Dye (6X) KAPA Biosystems 

NucleoSpin Plasmid EasyPure Macherey-Nagel 

PCR clean-up Macherey-Nagel 

RNeasy Mini Kit Qiagen 

Universal Probe Library Roche 

2xLightCycler® 480 Probe Master Roche 

Ampicillin Roche 

Phenol Sigma-Aldrich 

Chloroform Sigma-Aldrich 
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Phenol-Chloroform  Sigma-Aldrich 

DMSO Sigma-Aldrich 

Ethanol Sigma-Aldrich 

Glycerol Sigma-Aldrich 

Hydrocortisone 21-hemisuccinate sodium salt Sigma-Aldrich 

Insulin, Recombinant Human Sigma-Aldrich 

ZymoPURE II Plasmid Maxiprep Kit Zymo Research Group 

 

2.1.2 Buffers and media used in this research 

The buffers and media used in this research are listed in Table 2.2.  

Table 2.2: Buffers and media used in this research. 

Buffer/media Composition 

LB Agar 8 g LB Agar per 250 mL UltraPURE™ water 

LB Broth Base 10 g LB Broth Base per 500mL UltraPURE™ water 

Sodium acetate buffer solution 3M NaAc (pH 5.2)  

Tris buffered EDTA (TBE) buffer 10 mM Tris, 1 mM EDTA, pH 8.0 

Phosphate buffered saline (PBS) 137 mM NaCl, 2.7 mM KCl, 1.5 mM KH2PO4, 8.1 mM Na2HPO4. pH 7.4  

William’s E cell culture medium 
(full medium) 

10 % v/v fetal bovine serum, 100 units/ml penicillin, 100 µg/ml streptomycin, 5 µg/ml insulin, 
5 x 10-5 M hydrocortisone hemisuccinate in William’s E medium (additional glutamine 
supplementation as specified) 

Cell lysis buffer 10 mM Tris, 10nM EDTA, 2 % SDS, 300mM NaCl 

 

2.1.3 Plasmid vectors used in this research 

The plasmid vectors used in this research are listed in Table 2.3.  

Table 2.3: Plasmid vectors used in this research 

Plasmid name Description Source 

HD113Q  pcDNA3.1 vector containing full-length human HTT cDNA under the 
human promoter (46-unit CAG repeat) 

Kind gift from Professors Marcy 
MacDonald and James Gusella 

pmaxGFP Contains GFP expressed under the CMV promoter. It is commonly used 
as a positive control transfection vector (3486 bp). 

Lonza Bioscience 
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2.2. General Methods 

2.2.1 Datasets collected from the 5-year-old OVT73 cohort and used in 

this research 

Nine individual raw datasets were sourced from independent OVT73 researchers and used for 

the initial data analysis component of this project. These datasets were previously generated 

from brain and peripheral tissue samples taken from a single cohort of 5-year-old sheep (OVT73 

= 6, Control = 6). The data includes two high-throughput RNAseq datasets collected from sub-

regions of the striatum, a smaller transcriptomic dataset validating the quantification of 24 

striatal genes via NanoString, a proteomic dataset generated from striatum, cerebellum and 

motor cortex, and two metabolic datasets quantifying metabolite abundance in brain 

(cerebellum, motor cortex and hippocampus) and peripheral (liver and plasma) tissues. In 

addition, three smaller datasets were sourced from ‘follow-up’ studies, including urea 

quantification in 11 tissues, SLC14A1 transcript quantification in cerebellum, motor cortex and 

striatum, and quantification of a small number of "candidate" genes in anterior striatum, frontal 

pole and motor cortex samples. A description of each of these datasets, including the 

experimental procedure and data normalisation procedures, is provided in the following 

sections. 

2.2.1.1 The 5-year-old cohort (OVT73 = 6, Control = 6) 

All 9 datasets, listed in Table 2.5, were generated from samples obtained from the same cohort 

of 5-year-old animals. These animals were maintained at the South Australian Research and 

Development Institute (SARDI) in accordance with the SARDI/PIRSA Animal Ethics 

Committee (Approval number 19/02). Animals were kept as part of mixed wild-type/transgenic 

flocks in large paddocks typical of South Australian farming conditions, grazing pasture ad 

libitum with feed supplementation during dry periods. Rams and ewes were kept in separate 

flocks. The 5-year-old animals were euthanized, and tissue necropsy performed in June 2012 by 

the Auckland and SARDI teams at the Large Animal Research Imaging Facility (LARIF), 

Adelaide, Australia. Sheep were killed by rapid intravenous injection of pentobarbitone sodium 

solution (Lethabarb, 1 mL/2 kg body weight) and brain and peripheral tissues were immediately 

sampled and snap frozen in liquid nitrogen (Handley et al. 2016). Necropsies were performed 

in accordance with the SARDI/PIRSA Animal Ethics Committee (Approval number 05/12). All 

samples were stored at -80 °C until use. 
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The primary objective of this harvest was to catalogue disease pathogenic processes and identify 

HD biomarkers. A total of 12 animals were killed for the study; 6 transgenic animals termed 

OVT73 (3 ewes, 3 rams) and 6 control animals (2 ewes, 4 rams). Harvest details and the 

biometric data for each of the 12 animals is summarised in Table 2.4. As described in the 

metabolite study by Handley et al, there were no significant differences between wild-type and 

transgenic for brain weight, body weight or sampling time. Sex differences were noted however, 

e.g. on average rams were heavier than ewes, and the sampling time for rams was 12 minutes 

longer than for ewes due to the thicker skull of rams (Handley et al. 2016). The transgenic status 

of each sheep was confirmed by PCR amplification of the transgene from tail-tissue genomic 

DNA using methods described in (Chiang et al. 2012). DNA isolated from the striatum 

confirmed that the transgene repeat length was relatively stable at 73-units, in all 6 OVT73 sheep. 

Transgene-derived human huntingtin transcript and protein were expressed in brain and 

peripheral tissues as expected (Handley et al. 2016).   
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 Table 2.4: Harvest information for the 5-year-old sheep cohort (harvested in June 2012)  

(OVT73 = 6, Control = 6). C = Control sheep, T = Transgenic sheep (OVT73), DOB = date of birth, y = years, m = months, kg = kilograms, g = grams, cm = centimetres, h.m = hours.minutes, m = minutes. 

 

Sheep ID Sex Status Generation DOB Age Body weight (kg) Date of harvest Brain weight (g) Cerebrum length (cm) 
Time under anaesthesia (h.m) PM delay (m) 

C373EG2 Ewe C G2 25/02/2007 5y 4m 76.4 6/06/2012 128.87 8 
2.18 52 

C382EG2 Ewe C G2 1/03/2007 5y 4m 86.6 7/06/2012 132.46 8 
2.45 41 

C337RG1 Ram C G1 24/08/2006 5y 10m 94.4 8/06/2012 126.09 8 
2.24 62 

C335RG1 Ram C G1 23/08/2006 5y 10m 74.2 12/06/2012 123.67 8 
2.16 50 

C357RG1 Ram C G1 26/08/2006 5y 10m 104 13/06/2012 138.63 8 
2.28 56 

C334RG1 Ram C G1 23/08/2006 5y 10m 104 14/06/2012 143.71 8.5 
2.29 63 

T372EG2 Ewe T G2 25/02/2007 5y 4m 72 6/06/2012 124.18 8 
2.13 47 

T377EG2 Ewe T G2 27/02/2007 5y 4m 75.6 7/06/2012 128.19 8.5 
2.15 45 

T376EG2 Ewe T G2 27/02/2007 5y 4m 73.2 8/06/2012 118.24 7.5 
2.17 46 

T317RG1 Ram T G1 20/08/2006 5y 10m 85.8 12/06/2012 124.58 8 
2.21 61 

T339RG1 Ram T G1 24/08/2006 5y 10m 88 13/06/2012 123.75 7.5 
2.53 55 

T383RG2 Ram T G2 25/02/2007 5y 4m 91.4 14/06/2012 129.24 7.5 
2.45 62 
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2.2.1.2 Transcriptomic datasets from the 5-year-old cohort 

RNA sequencing of striatum samples 

Tissue was isolated from fresh frozen dorsal medial striatum samples at The University of 

Auckland. Approximately 30 mg of tissue per sample was then sent to Expression Analysis 

(Morrisville, NC) for RNAseq. Multiple RNA extractions were made for each animal in order 

to represent the entire dorsal medial portion of the anterior striatum. Total RNA was isolated 

using an RNeasy mini kit, as per the manufacturer's instructions (Qiagen). RNA quality was 

determined by Agilent 2100 Bioanalyzer (Agilent Technologies) and samples with an RNA 

Integrity (RIN) score >5 were pooled for each animal. A Ribo-Zero rRNA Removal Kit was 

used to deplete ribosomal RNAs. Twelve libraries were prepared using the TruSeq Stranded 

Total RNA kit and sequencing was conducted using the Illumina HiSeq2000 platform, 

generating a total of 2.3x109 50 bp paired end reads (all Illumina, San Deigo, CA). Bioinformatic 

analysis was performed by AgResearch (Mosgiel, NZ). Bioinformatic details regarding 

mapping, assembly and normalisation are published by Handley and colleagues (Handley et al. 

2017). Data was provided as Fragments Per Kilobase of Exon Per Million Fragments Mapped 

(FPKM) counts for all transcripts, along with differential expression (DE) statistical results 

(comparing OVT73 to controls) in an excel file. In this thesis the dataset is referred to as Ref. 

data 1. 

NanoString quantification of 24 genes (DM and DL portions of striatum) 

The nCounter gene expression analysis system (NanoString Technologies, WA) was used to re-

quantify/validate 24 genes that were determined to be differentially expressed through the 

striatum RNAseq study. Custom CodeSet design and nCounter analysis was performed by New 

Zealand Genomics Ltd (NZGL) (Dunedin, NZ). The dorsal medial portion of the striatum (DM) 

and the adjacent dorsal lateral portion of the striatum (DL) were analysed for each animal. RNA 

extractions were performed using the RNeasy mini kit (Qiagen) and quality assessments were 

made by Agilent 2100 Bioanalyzer (Agilent Technologies). Each sample was measured in 

duplicate, and results averaged. Transcript counts were normalised against four reference genes 

and internal positive control samples (nSolver software). Full details of the normalisation 

procedure and results are published in (Handley et al. 2017). Data was provided as normalised 

counts for the 24 named transcripts (duplicates averaged) in an excel file. In this thesis the 

dataset is referred to as Ref. data 2. 
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RNA sequencing of laser-captured microdissected (LCM) matrix neurons in the striatum 

Neurons from the matrix compartment of the 5-year-old-cohort striatal tissue was distinguished 

from striosomes through calbindin staining, which specifically targets the matrix. Matrix-

derived neurons were isolated separately using laser-captured microdissection (LCM), resulting 

in a total of 12 matrix-derived neuronal samples. High quality RNA was extracted using the 

RNeasy Mini Kit (Qiagen) and quantified via Qubit. Total RNA was sequenced on 3 lanes of 

an Illumina HiSeq 2000 by NZGL using TruSeq RNA libraries and collecting 100 bp paired end 

reads. Bioinformatics analysis was performed by AgResearch. All raw data was quality checked 

and filtered reads were mapped against the sheep reference genome (Ovis_aries_v3.1.75) using 

splice-aware mapper TopHap v2.0.12. Individual transcripts were quantified as FPKM and DE 

analysis, comparing transgenic matrix samples to control matrix samples, was done using 

Cufflinks v2.2.1. The LCM_Matrix excel data file supplied, contained FPKM normalised counts 

for each named gene, for each of the 12 samples within the 5-year-old cohort, along with 

statistical results from DE analyses. In this thesis the dataset is referred to as Ref. data 3. 

2.2.1.3 Metabolic data from the 5-year-old cohort 

Local metabolite assessment of cerebellum, hippocampus, motor cortex and liver samples: 

Local gas chromatography-mass spectrometry (GC-MS) analysis of ~50 metabolites was 

performed by The University of Auckland Centre for Genomics, Proteomics and Metabolomics 

(CGPM). Approximately 300 mg of fresh-frozen cerebellum, hippocampus, motor cortex and 

liver tissue was crushed into a fine powder under liquid nitrogen. Metabolic processes were 

quenched, and small polar metabolites extracted using a cold methanol-based method. A 

deuterium labelled internal standard 2,3,3,3-d4-alanine (0.4 µM) was added to each sample 

immediately before metabolite extraction. Samples were split into two aliquots and a methyl-

chloroformate method was used to extract metabolites from each technical replicate. The 

methyl-chloroformate derivatives were assessed using an Agilent 7890A gas chromatograph 

coupled to a 5975C inert mass spectrometer. Following GC-MS, metabolites were identified 

and quantified using Metab, an R package for automated analysis of GC-MS data. The raw 

abundance of each named metabolite was determined as the height of its designated major mass 

fragment, before being normalised to the abundance of the internal standard and to the weight 

of the dried tissue pellet for the same sample. Data was provided as relative abundance values 

for each metabolite, log10 transformed to approximate a normal distribution, and provided as an 

excel file. A detailed description of this study is provided in (Handley et al. 2016). In this thesis 

the dataset is referred to as Ref. data 4. 
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Biocrates metabolite assessment of motor cortex, cerebellum, liver and plasma samples: 

Quantification of 180 metabolites within motor cortex, cerebellum, liver and plasma samples 

was undertaken by Biocrates Life Sciences AG (Innsburck, Austria), using the AbsoluteIDQ 

p180 Kit assay. Approximately 50 - 100 mg of each solid tissue sample (and 600 µL of plasma) 

was sent to Biocrates for the quantification of amino acids, acylcarnitines, sphingomyelins, 

phosphatidylcholines, hexoses and biogenic amines. The assay uses PITC 

(phenylisothiocyanate)-derivatization in the presence of internal standards followed by flow 

injection analysis – tandem mass spectrometry (FIA-MS-MS) (acylcarnitines, lipids, and 

hexose) and liquid chromatography-mass spectrometry (LC-MS) (amino acids, biogenic 

amines) using an AB SCIEX 4000 QTrap™ mass spectrometer (AB SCIEX, Darmstadt, 

Germany) with electrospray ionization. The experimental metabolomics measurement 

technique is described in detail by patent US 2007/0004044 (accessible online at 

http://www.freepatentsonline.com/y2007/0004044.html). Biocrates “LOD” files were 

generated, where only abundances above the lower limit of detection were reported. Data for 

tissues is expressed as pmol/mg solid tissue and µM for plasma. Datasets were log10 transformed 

to approximate a normal distribution and provided as an excel file. In this thesis the dataset is 

referred to as Ref. data 5. 

2.2.1.4 Proteomic data from the 5-year-old cohort 

Protein abundance quantification was achieved using liquid chromatography-tandem mass 

spectrophotometry (LC-MS-MS) coupled with isobaric mass tagging (iTRAQ) at the Centre for 

Advanced Discovery and Experimental Therapeutics (CADET), University of Manchester, UK. 

Striatum, cerebellum and motor cortex samples were collected from fresh frozen tissue at the 

University of Auckland. Proteins were extracted, and quality control (QC) checked before being 

shipped on dry ice to CADET. LC-MS-MS coupled with iTRAQ was conducted on a total of 36 

brain samples (12 per tissue). A protein database search engine identified the peptide 

identifications (IDs) and peptide abundance for each sample was quantified by determining the 

height of the peaks from iTRAQ reporter mass intensities. The abundance of all peptides 

matching a specific protein were added together to determine the abundance of each protein. 

Appropriate false discovery rate scores were applied to ensure reliable identification of the 

proteins, as described in (Patassini 2014). Data was provided as the relative protein abundance 

for each named protein in an excel file, with separate excel sheets for each of the three tissue 

regions quantified. In this thesis the dataset is referred to as Ref. data 6. 

http://www.freepatentsonline.com/y2007/0004044.html
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2.2.1.5 Follow-up data from the 5-year-old cohort 

Quantification of candidate genes of interest in anterior striatum, FP and motor cortex samples: 

Real-time PCR analysis of a small number of "candidate" genes from anterior striatum, frontal 

pole and motor cortex samples from the 5-year-old cohort, was performed at the University of 

Auckland. Relative gene expression was determined for BDNF, CNR1, DARPP-32, DRD1, 

DRD2, GABAARα1, GFAP, PENK and H2AFY, by single locus, specific real-time PCR assays. 

RNA was extracted from < 100 mg of each tissue sample, DNase-treated, quantified, and diluted 

to 400 ng/µL in nuclease-free water. cDNA synthesis was performed by reverse-transcription 

PCR using the SuperScript™ III First-Strand Synthesis SuperMix Kit (Invitrogen). Real-time 

PCR reactions were carried out in 384-well plate format using the LightCycler® 480 Universal 

Probe System using 2 reference genes for normalisation of data for each tissue. A dataset 

containing the relative expression of the 9 target genes within each sample was provided as an 

excel file. Full details of assay design are described in (Handley 2014). In this thesis the dataset 

is referred to as Ref. data 7.  

Quantification of SLC14A1 transcript in cerebellum, motor cortex and striatum: 

The SLC14A1 transcript was quantified by real-time PCR in cerebellum, motor cortex, and 

anterior striatum (dorsal medial portion) from the 5-year-old cohort. RNA from cerebellum and 

motor cortex was extracted from ~100 mg fresh frozen tissue using the RNeasy lipid column 

kit, as per the manufacturer's instructions (Qiagen). Anterior striatum RNA was a sub-sample 

of the same aliquot used for RNAseq analysis. All RNA was treated with recombinant DNase 

(Ambion™ DNA-free™ kit). Quantification and RNA integrity was determined by Nanodrop™ 

(NanoDrop™ Technologies, Wilmington, DE), before synthesising cDNA using the 

Superscript™ III First-Strand Synthesis SuperMix Kit (ThermoFisher Scientific). Details of the 

RT-PCR assay, including primer sequences and reference genes for normalisation are described 

in (Handley et al. 2017). The LightCycler® 480 Software Relative Quantification function was 

used to create an expression ratio for each sample of the target gene compared with the 

geometric mean of the reference gene combination considered most stable. A dataset containing 

the relative expression of SLC14A1 within each sample was provided as an excel file. In this 

thesis the dataset is referred to as Ref. data 8. 

Quantification of urea within tissue and fluid samples: 

Biochemical quantification of urea was performed on a range of tissue samples obtained from 

the 5-year-old cohort (cerebellum, hippocampus, motor cortex, striatum, bladder, heart, kidney, 
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liver, testes, serum and urine) using the Urea Assay Kit (ab83362) as per the manufacturer's 

instructions (Abcam, Cambridge, UK). Sample extracts were assayed in triplicate and 

background controls assayed in duplicate. The protein content in each sample lysate was 

determined by BioRad DC protein assay (BioRad, Auckland, NZ). Urea data from 12 animals 

(across 11 tissues) was presented as nmol urea per mg protein, and provided as an excel file. In 

this thesis the dataset is referred to as Ref. data 9. 

Table 2.5: Datasets incorporated in the OVT73 ‘multi-omic’ platform.  

All data was collected from a single cohort of 5-year-old sheep (OVT73 = 6, Controls = 6). A summary of each individual study is 
provided, including the type of data collected, tissues analysed and associated publications. 

 

2.2.2 Software programmes and databases used 

2.2.2.1 Data analysis 

The R programming language version 3.3.2 (R Core Team 2018) and associated integrated 

development environment, RStudio (RStudio Team 2018) was selected as a platform for data 

analyses. The R base system and many of its contributed packages can be downloaded from the 

Comprehensive R Archive Network (CRAN) (https://cran.r-project.org/). A list of the add-on R 

packages used for data analyses is provided in Table 2.6. 

 

Ref. data 
number 

Data type Tissue Data Description Associated 
Publication 

1 Transcriptomic Striatum (dorsal-medial portion) RNA sequencing (Handley et 
al. 2017) 

2 Transcriptomic Dorsal-lateral (DL) and dorsal-medial 
(DM) portions of the striatum 

NanoString quantification 
of 24 genes 

(Handley et 
al. 2017) 

3 Transcriptomic Striatal matrix-derived neurons via 
laser-captured microdissection (LCM) 

RNA sequencing 
 

4 Metabolic Motor cortex, cerebellum, 
hippocampus and liver 

GS-MS metabolite 
assessment (~50 

metabolites) 

(Handley et 
al. 2016) 

5 Metabolic Motor cortex, cerebellum, plasma and 
liver 

Biocrates LC-MS 
metabolite assessment 

(~180 metabolites) 

(Handley 
2014) 

6 Proteomic Striatum, motor cortex and cerebellum LC-MS-MS protein 
assessment coupled 

iTRAQ 

(Patassini 
2014) 

7 Follow-up Striatum, frontal pole and motor cortex qPCR of end-stage marker 
genes 

(Handley 
2014) 

8 Follow-up Striatum, motor cortex, cerebellum 
and liver 

qPCR of SLC14A1  
(urea transporter) 

(Handley et 
al. 2017) 

9 Follow-up Cerebellum, hippocampus, motor 
cortex, striatum, bladder, heart, 

kidney, liver, testes, serum and urine 

Urea quantification (Handley et 
al. 2017) 

https://cran.r-project.org/
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Table 2.6: A list of R packages used in this research. 

R package 
name 

Version 
number 

Description Source 

Biobase 2.34.0 Biobase: Base functions for Bioconductor Bioconductor 

devtools 1.13.4 Tools to Make Developing R Packages Easier CRAN repository 

DiffCorr 0.4.1 Analyzing and Visualizing Differential 
Correlation Networks in Biological Data 

CRAN repository 

exCorr 0.0.0.9 Differential correlation analysis GithubRepo: 
https://github.com/emily5/exCorr 
 

GEOquery 2.40.0 Get data from NCBI Gene Expression Omnibus 
(GEO) 

Bioconductor 

ggcorplot 0.1.1 Visualization of a Correlation Matrix using 
'ggplot2' 

CRAN repository 

ggthemes 3.4.0 Extra Themes, Scales and Geoms for 'ggplot2' CRAN repository 

mixOmics  6.1.3 Omics Data Integration Project CRAN repository 

reshape2 1.4.2 Flexibly Reshape Data: A Reboot of the 
Reshape Package 

CRAN repository 

raster 2.5-8 Geographic Data Analysis and Modeling CRAN repository 

Shiny 1.0.5 Web Application Framework for R CRAN repository 

tidyverse 1.1.1 Easily Install and Load 'Tidyverse' Packages 
(includes: broom, dplyr, forcats, ggplot2, haven, 
httr, hms, jsonlite, lubridate, magrittr, modelr, 
purrr, readr, readxl, stringr, tibble, rvest, tidyr, 
xml2)  

CRAN repository 

WGCNA 1.60 Weighted Correlation Network Analysis CRAN repository 

xlsx 0.5.7 Read, write, format Excel 2007 and Excel 
97/2000/XP/2003 files 

CRAN repository 

 

2.2.2.2 Package development 

During the course of this thesis, the package ‘exCorr’ was developed and stored on the web-

based hosting service, GitHub (https://github.com/). The exCorr package is open-source and 

accessible through https://github.com/emily5/exCorr. 

2.2.2.3 Gene Expression Omnibus 

The gene expression omnibus (GEO) is a database that stores curated gene expression datasets. 

Mouse allelic series data (accession number: GSE65776) and human HD microarray data 

(accession number: GSE3790) was obtained from GEO (https://www.ncbi.nlm.nih.gov/geo/) 

and analysed in R. 

2.2.2.4 Sequence databases 

All known DNA and mRNA/cDNA sequences used in this research were obtained from 

GenBank (https://www.ncbi.nlm.nih.gov/genbank/). Accession numbers are provided where 

relevant.  

https://github.com/emily5/exCorr
https://github.com/
https://github.com/emily5/exCorr
https://github.com/emily5/exCorr
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/genbank/
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2.2.2.5 Primer design 

Primers were designed for use in endpoint polymerase chain reaction (PCR) and quantitative 

PCR (qPCR) experiments. The freely accessible Universal Probe Library Assay Design Centre 

application (https://lifescience.roche.com/en_nz/brands/universal-probe-library.html#assay-

design-center) was used to design primers and all were manufactured by Integrated DNA 

Technologies (IDT; Singapore).  

2.2.2.6 Alignment and restriction mapping software 

The bioinformatics software platform, Geneious version 10.2.2, was used to store, visualise and 

interpret sequence information. This included the alignment and assembly of sequences obtained 

from GenBank and RNAseq data. 

2.2.2.7 LightCycler® software: analysis of qPCR data 

Quantitative PCR data was analysed using LightCyler® 480 software (Release 1.5.0 SP4, 

Version 1.5.0.39). The Abs Quant/2nd Derivative Max function was used to construct standard 

curves for assays and calculate the PCR efficiency. The expression of target assays was 

quantified in each sample relative to that of selected references genes, using the Advanced 

Relative Quantification function. The LightCycler® 480 manual can be found at: 

http://icob.sinica.edu.tw/pubweb/bio-chem/Core%20Facilities/Data/R401-

core/LightCycler480%20II_Manual_V1.5.pdf 

2.2.3 DNA/RNA quantification 

DNA (including cDNA) and RNA was quantified using the NanoDrop™ spectrophotometer 

(NanoDrop™ Technologies; Wilmington, USA), Bioanalyser 2100 (Agilent) or Qubit 2.0 

fluorometer (Invitrogen), as specified. The 260/280 and 260/230 ratios were used to assess DNA 

and RNA purity. The RNA integrity score (RIN), generated by the Agilent 2100 Bioanalyser 

System was also used as a measure of RNA quality where specified.  

2.2.4 Gel electrophoresis of DNA 

PCR product size was determined by gel electrophoresis. Agarose gels were prepared by mixing 

1-2 % w/v Molecular Biology Multi-Purpose Grade Agarose (Fisher Biotec) in 1X TBE buffer 

with 3 µL of RedSafe™ Nucleic Acid Staining Solution (iNtron Biotechnology) added per 100 

mL TBE. One volume of the 6X Kapa loading dye (Kapa Biosystems) was added to 5 volumes 

of the DNA sample and the KAPA Universal ladder (Kapa Biosystems) was used as a DNA 

https://lifescience.roche.com/en_nz/brands/universal-probe-library.html#assay-design-center
https://lifescience.roche.com/en_nz/brands/universal-probe-library.html#assay-design-center
http://icob.sinica.edu.tw/pubweb/bio-chem/Core%20Facilities/Data/R401-core/LightCycler480%20II_Manual_V1.5.pdf
http://icob.sinica.edu.tw/pubweb/bio-chem/Core%20Facilities/Data/R401-core/LightCycler480%20II_Manual_V1.5.pdf
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standard ladder. Samples were separated at 90 V in Biorad gel tanks. Following electrophoresis, 

gels were visualised using the GelDoc XR+ with Image Lab Software (Biorad).  

2.2.5 DNA sequencing 

Sanger Sequencing of PCR products and plasmid templates was performed by Kristine Boxen 

at The University of Auckland DNA Sequencing Facility, Genomics Centre. The 3130XL 

Genetic Analyser (Applied Biosystems) used BigDye version 3.1 terminator chemistry on 

Applied Biosystems 9700 Gold Block thermal cyclers. PCR product templates were prepared at 

5-20 ng/µL, per 100 bp in 5 µL. Plasmid templates were prepared at 200 ng/μL in 5 μL. 

Sequencing primers were prepared at 5 pmol/µL in 5 µL volumes per reaction. 

2.2.6 Cloning 

2.2.6.1 Bacterial transformation 

The HD113Q plasmid was transformed into XL10-Gold Ultracompetent Cells (Agilent 

Technologies) for propagation. One µL of HD113Q plasmid was incubated in a single 100 µL 

vial of thawed XL10-Gold cells for 30 minutes on ice, followed by heat shock at 42 °C for 30 

seconds and immediate return to ice for 10 minutes. 200 μL of SOC medium (ThermoFisher 

Scientific) was added to the vial and then placed on a shaking incubator, 300 rpm at 37 °C for 1 

hour. The reaction was spread onto ampicillin (Amp) selective (100 μ/mL) LB agar plates (pre-

warmed at 37 °C) as 50 μL on one plate and the remaining volume (~150 μL) on a second plate. 

LB agar plates were incubated overnight at 37 °C. 

2.2.6.2 Plasmid DNA purification 

Prior to plasmid DNA purification, single colonies were picked from Amp selective LB agar 

plates with a pipette tip and used to inoculate 10 mL LB with Amp (100 μg/mL). The broth 

culture was shaken at 180 rpm at 37 °C for 6 hours, before being transferred to a larger 50 mL 

volume of LB broth for a further 2 days of culture at 180 rpm at 37 °C. After ~48 hours of total 

culture, a glycerol stock was prepared from 500 μL culture and 500 μL of 100 % glycerol, for 

storage at -80 °C. The remaining culture was centrifuged at 300 g for 5 minutes and the resulting 

supernatant discarded before plasmid purification of the pellet using the ZymoPure II Plasmid 

Maxiprep Kit, as per the manufacturer’s instructions. Purified plasmid DNA was suspended in 

150 μL eluant, quantified by NanoDrop™ and stored at -20 °C. DNA sequencing was performed 

as described in section 2.2.5, using the primers mHTT_exon1_F (5’-
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TGGACGGCCGCTCAGGTTCT-3’) and Laragen_R (5’-AGCAGCGGCTGTGCCTGCGG-

3’), to determine the CAG repeat length. 

2.2.7 Animal samples used in Chapter 5 to investigate gene expression 

changes in the liver of the OVT73 sheep  

Liver samples from five different cohorts of sheep; neonate, 6-month-old, 18-month-old, 3-year-

old and 5-year-old, were used in the research described in Chapter 5. The neonate cohort 

consisted of 4 OVT73 (2 rams, 2 ewes) and 4 control samples (2 rams, 2 ewes), which were 

harvested in 2011. The 6-month-old cohort consisted of 3 OVT73 (2 rams, 1 ewe) and 4 control 

samples (3 rams, 1 ewe), harvested in 2010. The 18-month-old cohort consisted of 3 OVT73 (1 

ram, 2 ewes) and 3 control samples (1 ram, 2 ewes) harvested in 2009. The 3-year-old cohort 

consisted of 1 OVT73 ram and 1 control ram, harvested in 2011. The 5-year-old cohort consisted 

of the 12 animals described in section 2.2.1.1; 6 OVT73 (3 rams, 3 ewes) and 6 control animals 

(4 rams, 4 ewes) harvested in June 2012.  

Collection of fresh frozen liver tissue from euthanized animals was performed at the SARDI 

using similar protocols as those described in section 2.2.1.1. Liver tissue was acquired 

immediately post-mortem. A scalpel was used to dissect a portion of the caudal lobe of the liver, 

which is then divided among several cryovial tubes and immediately frozen in liquid nitrogen, 

with storage at -80 °C. Samples were then shipped to Auckland on dry ice and stored at -80 °C 

until use. Sample identification details of the 35 animals are provided in Table 2.7. 
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Table 2.7: The age, status and sex of ovine liver samples used experimentally in this research.  

Total RNA was extracted from fresh frozen liver samples collected from the following 35 animals. C = Control sheep, T = Transgenic 
sheep (OVT73), R = Ram, E = Ewe.  

Sheep identifier Age Status Sex 

BH739 neonate C R 

BH690 neonate T R 

BH692 neonate C E 

BH713 neonate T E 

BH680 neonate C R 

BH710 neonate T R 

BH694 neonate C E 

BH681 neonate T E 

1063 6 months C R 

1069 6 months T R 

1081 6 months C E 

1083 6 months T E 

1097 6 months C R 

1100 6 months T R 

1064 6 months C R 

331 18 months C R 

349 18 months C E 

347 18 months C E 

330 18 months T E 

329 18 months T R 

336 18 months T E 

833 3 years C R 

823 3 years T R 

C373EG2 5 years C E 

C382EG2 5 years C E 

C337RG1 5 years C R 

C335RG1 5 years C R 

C357RG1 5 years C R 

C334RG1 5 years C R 

T372EG2 5 years T E 

T377EG2 5 years T E 

T376EG2 5 years T E 

T317RG1 5 years T R 

T339RG1 5 years T R 

T383RG2 5 years T R 
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2.2.7.1 RNA extraction from sheep liver samples 

Total RNA was extracted from fresh frozen liver tissue obtained from the sheep described in 

Table 2.4, using the RNeasy mini Kit (Qiagen) according to the manufacturer’s instructions. 

Unless otherwise specified, 20 - 30 mg of liver tissue was dissected from each frozen sample 

using a sharp scalpel on dry ice and transferred to 2 mL Eppendorf SafeLock tubes containing 

three 2 mm steel ball bearings and 600 µL of Buffer RLT. To inactivate RNases, β-

Mercaptoethanol (β-ME) was added to Buffer RLT before use (10 µL β-ME added per 1 mL of 

Buffer RLT). Samples were homogenised twice for 2 minutes at 25 Hz, using the TissueLyser 

II (Qiagen). Homogenates were transferred to 1.5 mL Eppendorf tubes and 1 volume of 70 % 

ethanol was added to each, mixing well by pipetting. Up to 700 µL of each sample was loaded 

onto an RNeasy Mini spin column placed in a 2 mL collection tube. Samples were centrifuged 

for 15 s at 8000 x g and the resulting flow-through was discarded. This was repeated until each 

sample had passed through their corresponding spin column once. The column was washed with 

700 uL of Buffer RW1 (centrifuged for 15s at 8000 x g), followed by 500 µL of Buffer RPE 

(centrifuged for 15 s at 8000 x g), then a further 500 µL of Buffer RPE (centrifuged for 2 minutes 

at 8000 x g). Each RNeasy spin column was placed in a new 2 mL collection tube and 

centrifuged at full speed for 1 minute to dry the membrane. The spin column was then transferred 

to a new 1.5 mL collection tube and 40 µL of RNase free water (Invitrogen) was used to elute 

the RNA. Ten microlitres of the eluted sample was reloaded onto the column once to concentrate 

the final RNA sample.  

2.2.7.2 RNA purification of sheep liver samples 

RNA samples were DNase treated using the Ambion™ DNA-free Kit (ThermoFisher Scientific) 

to remove traces of genomic DNA. A 0.1 volume of 10x DNase I Buffer in addition to 1 µL of 

rDNase I was added to the RNA sample and mixed gently. Samples were incubated at 37 °C for 

25 minutes before the addition of 0.1 volume of DNase Inactivation Reagent. Samples were 

incubated for a further 2 minutes at room temperature with occasional mixing. After incubation, 

samples were centrifuged at 10,000 x g for 1.5 minutes. The purified RNA was transferred to 

clean 1.5 mL Eppendorf tubes and RNA quantity and integrity was determined using the 

NanoDrop™ spectrophotometer. RNA that had 260/280 and 260/230 purity ratios below 1.800 

were cleaned using the ethanol precipitation technique. Otherwise, RNA high concentration and 

purity was stored at -80 °C. 

Ethanol precipitation was performed on sheep liver RNA samples that had 260/280 and 260/230 

purity ratios below 1.800. A 1/10 volume of sodium acetate was added to each RNA sample and 
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mixed well by pipette. Then 2 volumes of cold 100 % ethanol (calculated after salt addition) 

was added to each sample and vortexed. Samples were placed at -80 °C for >20 minutes. 

Samples were then spun at maximum speed in a centrifuge at 4 °C for 15 minutes. The 

supernatant was carefully decanted before adding 1 mL of 70 % ethanol, mixing and spinning 

briefly at 10,000 x g for 30 seconds in a centrifuge. Supernatant was carefully decanted, and 

each pellet was air dried for ~30 minutes. Each RNA pellet was re-suspended in 20 µL of RNase 

free water, to maximise the final concentration. RNA quantity and integrity were determined 

using the NanoDrop™ spectrophotometer and stored at -80 °C. 

2.2.7.3 RNA sequencing of 5-year-old cohort liver samples 

RNA sequencing (RNAseq) was performed on liver-derived RNA extracted from the 5-year-old 

sheep cohort (OVT73 = 6, Control = 6). Total RNA was extracted from fresh-frozen liver 

samples originating from the 5-year-old cohort, as described in section 2.2.7.1 and purified as 

described in section 2.2.7.2. RNA integrity of the 5-year-old cohort liver samples was 

determined using the Agilent 2100 Bioanalyser (RNA 6000 Nano Kit), according to the 

manufacturer’s instructions. All 12 RNA samples had RIN scores >7 and were prepared so that 

2000 ng of RNA was contained in a 59.4 mL volume, thus having a final concentration of 33.7 

ng/mL. Samples were shipped on dry ice to Macrogen (Seoul, Korea). At Macrogen, the 

Illumina TruSeq Stranded mRNA Library Prep Kit was used to capture the coding transcriptome 

(using Oligo-dT beads to capture polyA tails) with precise strand information, creating the 

cDNA libraries. RNASeq was performed using the Illumina Hiseq2500 platform, generating 

100 bp paired end reads. Methods for transcriptome assembly, quantification and analysis of 

differential expression are described within Chapter 5. 

2.2.7.4 NanoString quantification of a wider cohort of liver samples 

NanoString quantification was performed on liver-derived RNA extracted from 5 independent 

cohorts of sheep, described in Table 2.7 (OVT73 = 17, Control = 18). Total RNA was extracted 

from fresh-frozen liver samples originating from 35 sheep (Table 2.7), as described in section 

2.2.7.1 and purified as described in section 2.2.7.2. The same aliquots of RNA that had been 

generated for RNAseq of the 5-year-old cohort were utilised in this additional study. RNA 

integrity of all 35 samples was evaluated using the Agilent 2100 Bioanalyser (RNA 6000 Nano 

Kit), according to the manufacturer’s instructions. A total of 36 high quality RNA samples (RIN 

> 7, 260/280 ratio > 1.800 and 260/230 ratio > 1.800) were sent to the Otago Genomics Facility, 

University of Otago on dry ice. These samples included the 35 sheep RNA samples described 

above and a technical replicate sample obtained from sheep 383 (5-year-old transgenic ram). 
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Twenty genes of interest and five reference genes were selected for gene expression validation 

using a custom CodeSet designed by Otago Genomics Facility. The Ovis aries genome (version 

Oar_v4.0) and the human HTT sequence (RefSeq: NM_002111), were used as references for 

designing specific probes. Probes were designed to target the maximum number of validated 

transcript variants reported in GenBank and cross-reactivity of probes was minimised where 

possible. After CodeSet design, transcript expression was quantified using nCounter technology. 

All data passed quality control, with no imaging, binding, positive control or CodeSet content 

normalisation flags. Raw counts for each assay were evaluated using NanoString nSolver 

software. The normalised data consisted of background-corrected counts (mean + 1SD), 

normalised by nSolver to the geometric mean of both the positive controls and all nominated 

reference genes. The normalised data for all genes and samples was provided as a csv file, 

arranged in a single table. Methods for the analysis of differential expression are described 

within Chapter 5. 

2.2.8 Cell culture experiments described in Chapter 6 

The HepaRG cell line was used for all cell culture experiments, described in Chapter 6. Cells 

were maintained in T25 flasks at 37 °C in 5 % CO2 in 4 mL of William’s E full medium 

(ThermoFisher Scientific). The full media included 10 % v/v fetal bovine serum, 100 units/ml 

penicillin, 100 µg/ml streptomycin, 5 µg/ml insulin and 5 x 10-5 M hydrocortisone 

hemisuccinate in William’s E medium (no glutamine). Full media was supplemented with 2 mM 

GlutaMAX™, unless otherwise specified. Cells were passaged every 3-4 days once they had 

reached ~90 % confluency, using 0.25 % trypsin 0.03 % EDTA (ThermoFisher Scientific) to 

detach cells from the plastic surface. Cells were spun at 300 x g for 10 minutes to form a pellet. 

Cell pellets were re-suspended in 1 mL of full media and live cell counts were determined using 

the Countess II FL Automated Cell Counter. One million live cells were reseeded in a T25 flask, 

containing 4 mL of full media.  

2.2.8.1 Genomic DNA extraction from HepaRG cells 

Genomic DNA was extracted from the HepaRG cell line using the phenol-chloroform method. 

Prior to DNA extraction, passage 9 HepaRG cells were grown in a T25 cell culture flask 

supplemented with William’s E full media at 37 °C with 5 % CO2. Once 80 - 90 % confluent, 

cells were detached from the flask using Gibco® 0.25 % Trypsin-EDTA (ThermoFisher 

Scientific). After inactivation of trypsin using full media, cells were transferred to a 15 mL 

falcon tube and centrifuged at 300 x g for 5 minutes. The supernatant was removed, and the cell 

pellet re-suspended in 1 mL PBS and transferred to a clean 1.5 mL Eppendorf tube. Cells were 
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centrifuged again for 5 minutes at 300 x g and supernatant was removed. The cell pellet was 

incubated in 200 µL of cell lysis buffer (described in Table 2.2) for 5 minutes at 37 °C. The 

following procedures were performed in a Class I biological Safety Cabinet (fume hood). 200 

µL of phenol was added to the 1.5 mL tube, which was then inverted 20 times and centrifuged 

for 10 minutes at 10,000 x g. The upper aqueous phase was recovered into a new 1.5 mL 

Eppendorf tube with the addition of 400 µL of phenol-chloroform. The tube was inverted 20 

times before centrifugation at 10,000 x g for 10 minutes. Again, the upper aqueous phase was 

recovered into a new 1.5 mL tube with the addition of 400 µL of chloroform, followed by 20 

inversions and centrifugation at 10,000 x g for 10 minutes. The upper aqueous phase was then 

recovered into a new 1.5 mL tube. A 0.1x volume of 3M NaAc (pH 5.2) and 2x final volume of 

100 % cold ethanol was added to the aqueous phase, the tube was inverted 30 times before 

centrifuging at top speed for 20 minutes at 4 °C. The supernatant was removed, pellet washed 

with 300 µL of 80 % ethanol and centrifuged at top speed for 15 minutes at 4 °C. The supernatant 

was removed, taking care not to disturb the pellet. The pellet was air-dried for approximately 15 

minutes before re-suspending in 230 µL of UltraPure Distilled water (Invitrogen). This yielded 

a final volume of 62.5 ng/µL of HepaRG DNA, with 260/280 and 260/230 ratios of 1.856 and 

2.564, respectively. An aliquot of DNA was taken for immediate amplification of the HTT CAG 

repeat region using PCR, and the remainder stored at -20 °C. 

2.2.8.2 PCR of the HepaRG HTT CAG repeat 

Polymerase Chain Reaction (PCR) was used to amplify the CAG repeat region within the 

HepaRG HTT alleles, using the KAPA2G Robust PCR Kit (KAPA Biotechnologies). Reactions 

contained 1x KAPA2G GC Buffer, 0.2 mM KAPA dNTP Mix, 0.5 µM of Forward 

(mHTT_exon1_F) and Reverse (Laragen_R) primers described in section 2.2.6.2, 0.5U 

KAPA2G Robust DNA Polymerase and 62.5 ng of HepaRG genomic DNA in a final volume of 

25 µL. Amplification conditions included initial denaturation at 94 °C for 10 minutes followed 

by 30 cycles of 94 °C for 30 seconds, 58 °C for 30 seconds, 72 °C for 60 seconds and a final 

extension at 72 °C for 7 minutes, before cooling to 10 °C. The size of the PCR product was 

verified via gel electrophoresis, as described in section 2.2.4.  

The PCR product was then purified by removing dNTPs, primers and other PCR components, 

using the NucleoSpin Gel and PCR clean-up kit (Macherey-Nagel), as per the manufacturer’s 

instructions, with elution in 25 µL of NE Buffer. DNA concentration and integrity were 

determined by the NanoDrop™ spectrophotometer and the sample was Sanger sequenced as 

described in section 2.2.5, using the mHTT_exon1_F Forward (5’-
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TGGACGGCCGCTCAGGTTCT-3’) and Laragen_R Reverse (5’-

AGCAGCGGCTGTGCCTGCGG-3’) sequencing primers, to determine the CAG repeat length.  

2.2.8.3 HepaRG ‘supplementation experiment’  

100,000 HepaRG cells were seeded in each well of a 12-well plate, with 1 mL of William’s E 

full media that had been supplemented with either 2 mM of L-glutamine or 2mM of 

GlutaMAX™. Cells were incubated over a 48-hour period at 37 °C in 5 % CO2 during which 

they became approximately 90 % confluent. Cell counts were taken, and aliquots of media and 

cells were harvested from each well. Ammonia and urea assays were performed within 4 hours 

of sample collection. 

2.2.8.4 HepaRG Transfection 

DsiRNA transfection into HepaRG 

Lipofectamine™ RNAiMAX (Invitrogen™) reagent was used to transfect Dicer-Substrate Short 

Interfering RNAs (DsiRNAs) into the HepaRG cell line, with an aim of targeting mRNA 

molecules for expression knockdown. The TriFECTa DsiRNA Kit: “hs.Ri.HTT.13” (IDT) 

contains three DsiRNAs that are predicted to target HTT in human cells, a negative control 

consisting of a scrambled DsiRNA sequence (NC), a HPRT-S1 positive control DsiRNA 

(HPRT) and a TYE563 transfection control DsiRNA (TYE563), detailed in Table 2.8.  

Each DsiRNA transfection procedure first required Lipofectamine™ RNAiMAX to be diluted 

in the appropriate volume of Opti-MEM™, according to the size of the experiment. This was at 

a ratio of 3:50 per sample, unless otherwise stated. Each DsiRNA was also diluted in Opti-

MEM™ before being added to the diluted Lipofectamine™ RNAiMAX reagent at a 1:1 ratio. 

Each DsiRNA – lipid complex was incubated for 5 minutes at room temperature before being 

added to the cells. Transfected cells were incubated for up to 48 hours as specified in Chapter 

6. Visualisation of TYE563 transfection controls was achieved using the Nikon TI microscope, 

Filter = TRITC (absorbance ~532 nm). 

For transfection optimisation, each DsiRNA targeting HTT (DsiRNA#1-3) was initially tested 

for knockdown efficiency of HTT mRNA in the HepaRG cell line. Each of the three HTT-

targeting DsiRNAs were tested at 10 nM, 20 nM and 30 nM concentrations, along with HPRT-

S1 (positive control) and scrambled DsiRNA (negative control) at the same concentrations. 

Transfection was performed in a 12-well plate, using 3 µL of Lipofectamine RNAiMAX per 

well. After a 24-hour transfection period, cells were harvested from each well and RNA 
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extracted and cDNA synthesised. A qPCR assay targeting HTT and HPRT mRNA expression 

was designed to determine the relative expression of these genes in cDNA from the 

corresponding HTT-knockdown and HPRT-knockdown wells, as described in section 2.2.8.8. 

A further optimisation experiment was designed to assess the efficiency of DsiRNA#2 on HTT 

mRNA knockdown in HepaRG cells. This experiment was performed in triplicate wells, 

transfecting DsiRNA#2 into HepaRG cells at 10 nM, 20 nM and 30 nM concentrations, using 

Lipofectamine RNAiMAX over a 48-hour transfection period. The scrambled negative control 

DsiRNA (NC) was also transfected into HepaRG cells at 10 nM, 20 nM and 30 nM 

concentrations, for normalisation. qPCR determined the relative expression of HTT mRNA in 

the DsiRNA#2 and NC transfected HepaRG cells, as described in section 2.2.8.8. Relative 

expression levels of HTT were averaged per triplicate well and normalised to HTT expression 

in the corresponding negative control wells.  

The full experimental procedure for efficient knockdown of HTT mRNA in the HepaRG cell 

line, was as follows. HepaRG cells grown in William’s E full media supplemented with 

GlutaMAX were seeded in seven T25 flasks at a density of 1,000,000 cells/flask. After 24 hours, 

transfection commenced by treating each flask with 12 µL of Lipofectamine RNAiMAX and 30 

nM of either DsiRNA#2 (3 flasks) and scrambled negative control DsiRNA (NC). Transfections 

were performed in triplicate flasks, and (3 flasks) or TYE563 DsiRNA transfection efficiency 

control was also performed (1 flask). Visualisation of TYE563 control transfected cells after the 

48-hour post transfection indicated that > 80 % of cells had been successfully transfected. Cell 

counts were taken, culture media aliquots were obtained and a portion of cells were harvested 

as described in section 2.2.8.5, for use in ammonia and urea assays. RNA was extracted from 

another portion of cell as described in section 2.2.8.6.  

Table 2.8: Sequences and descriptions of the DsiRNA components supplied within the TriFECTa DsiRNA Kit: 
“hs.Ri.HTT.13”.  

Three DsiRNAs (labelled #1, #2 and #3) are predicted to target a region in the human HTT gene, facilitating knockdown of the HTT 
mRNA. In addition, the TriFECTa DsiRNA Kit comes with a negative control DsiRNA (referred to as NC), which is a scrambled 
DsiRNA sequence that will not target the knockdown of any gene; a HPRT DsiRNA (referred to as HPRT), which targets the human 
HPRT gene for mRNA knockdown (pre-validated to give >90 % knockdown of HPRT when transfected at 10 nM concentration) 
and a TYE™-563 DsiRNA (referred to as TYE563), which is an oligonucleotide attached to a fluorescent probe and can be used 
as a transfection control, to assess transfection efficiency.  

DsiRNA Sequence Description 

DsiRNA#1      5’-CCGUGUGAAUCAUUGUCUGACAAUA-3’ 
3’-CUGGCACACUUAGUAACAGACUGUUAU-5’ 

Predicted to target human HTT knockdown (HTT target) 

DsiRNA#2       5’-GGACAGUACUUCAACGCUAGAAGAA-3’ 
3’-CCCCUGUCAUGAAGUUGCGAUCUUCUU-5’ 

Predicted to target human HTT knockdown (HTT target) 

DsiRNA#3      5’-GGCAAUGCACUGAAGCGUGUUUCTT-3’ 
3’-AACCGUUACGUGACUUCGCACAAAGAA-5’ 

Predicted to target human HTT knockdown (HTT target) 
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Plasmid transfection into HepaRG 

Lipofectamine™ 3000 (Invitrogen™) combined with the P3000 reagent was used to transfect 

plasmids into the HepaRG cell line. The HD113Q plasmid was selected for mHTT 

overexpression in the HepaRG cell line. pmaxGFP plasmid was used as the HepaRG 

transfection negative control.  

Each plasmid transfection procedure first required Lipofectamine™ 3000 to be diluted in Opti-

MEM™ medium, according to the size of the experiment. A master mix of plasmid DNA was 

then prepared by diluting the DNA in Opti-MEM™ medium and P3000 reagent. P3000 reagent 

was used at the recommended concentration of 2 µL per µg of DNA. Diluted DNA was then 

added to the diluted Lipofectamine™ 3000 reagent at a 1:1 ratio. The DNA – lipid complex was 

incubated for 10-15 minutes at room temperature before being added to the cells. Cells were 

incubated in the transfection conditions for up to 72 hours as specified in Chapter 6. 

Visualisation of pmaxGFP transfection controls was achieved using the Nikon TI microscope, 

Filter = GFP (absorbance ~469 nm). 

An optimisation experiment was undertaken to assess the efficiency of plasmid transfection in 

HepaRG cells, using various amounts of pmaxGFP and a range of Lipofectamine™ 3000 

volumes. In the 6-well plate format 1 µg plasmid DNA and between 2 µL and 5 µL of 

Lipofectamine™ 3000 was cultured in a final volume of 3 mL media, over a 48-hour period. 

Transfection efficiency was determined through visualisation of GFP using the using the Nikon 

TI microscope 

The full experimental procedure for efficient transfection of the HD113Q plasmid (and 

subsequent mHTT overexpression) in the HepaRG cell line, is as follows. HepaRG cells 

supplemented with GlutaMAX were seeded in T25 cell culture flasks at a density of 1 million 

cells/flask. After 24 hours, the cells were transfected with either 2 µg of HD113Q plasmid or 2 

µg of pmaxGFP plasmid, using 5 µL of Lipofectamine 3000 and 4 µL of P3000 as combined 

transfection reagents. Cells were cultured for 48-hours post transfection initiation before 

transfection efficiency of the GFP plasmid was assessed (~40 %). Cell counts were determined, 

an aliquot of media was obtained, and a portion of cells were harvested from each flask as 

described in section 2.2.8.5, for ammonia and urea assays. Another portion of cells were 

harvested for RNA extraction as described in section 2.2.8.6. 
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2.2.8.5 Ammonia and urea assays 

Ammonia and urea were quantified in HepaRG cells and HepaRG cell culture media that had 

undergone HTT knockdown (using DsiRNA transfection) or mHTT overexpression (via 

HD113Q plasmid transfection) along with their negative controls. Ammonia quantification was 

achieved using the ammonia assay kit (ab83360; Abcam) and urea quantification was achieved 

using the urea assay kit (ab83362; Abcam).  

Sample preparation 

After each transfection procedure, described in section 2.2.8.4, 100 µL of media was removed 

from each T75 flask, transferred to a 1.5 mL Eppendorf tube and kept on ice. Remaining media 

was discarded, and each flask underwent two PBS washes before detachment of cells using 1 

mL 0.25 % Trypsin-EDTA. Once detached, 1 mL of full-media was used to inactivate the trypsin 

and cell counts were determined using the Countess II FL Automated Cell Counter. Two lots of 

100,000 live cells were collected from each T25 flask and transferred to 1.5 mL Eppendorf tubes 

kept on ice (one lot of 100,000 cells for each assay). Remaining cells from each flask were 

transferred to a separate 1.5 mL Eppendorf tube for RNA extraction, as described in section 

2.2.8.6. Eppendorf tubes containing cells or media for the urea and ammonia assays were 

centrifuged at 4 °C for 5 minutes at 300 x g. The supernatant was collected from media-

containing tubes and transferred to new 1.5 mL tubes kept on ice. Supernatant was discarded 

from cell-containing tubes, and cell pellets were re-suspended in either 100 µL of Ammonia 

Assay Buffer or 100 µL of Urea Assay Buffer. Cells were homogenised quickly by pipetting 

before being centrifuged at 4 °C for 4 minutes at maximum speed. The cell lysate supernatant 

was transferred to new 1.5 mL and kept on ice.  

Sample Dilutions 

Ammonia and urea assays are performed in a clear, flat-bottomed, 96-well plate. Previous 

optimisation experiments determined that 25,000 cells per well, and 10 µL of media per well, 

gave absorbance readings within the range of each standard curve and was therefore applied 

here. The final volume in each well is 100 µL (50 µL of sample and 50 µL of reaction mix) 

Aliquots of sample preparations were diluted to 50 µL with ammonia assay buffer or urea assay 

buffer prior to mixing.  

Standard preparation 

A 1 mM Ammonium Chloride Standard was prepared by adding 10 µL of 10 mM Ammonium 

Chloride Standard to 90 µL of ddH2O. A 0.5mM Urea Standard was prepared by diluting 5 µL 
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of 100 mM Urea Standard in 995 µL of ddH2O. Using the 1 mM Ammonium Chloride Standard, 

and the 0.5 mM Urea Standard, standard curve dilutions were prepared as described in Table 

2.9, in 1.5 mL Eppendorf tubes and kept on ice until plating. 

Table 2.9: Ammonium Chloride and Urea Standard curves dilutions.  

Six standards were prepared for each assay through dilution of 1 mM Ammonium Chloride Standard and 0.5 mM Urea Standard 
in various volumes of corresponding Ammonia/Urea Assay Buffer. Each standard dilution, prepared in a 1.5 mL Eppendorf, has 
enough standard to set up duplicate readings (2 x 50 µL). A fresh set of standards were prepared for every use.  

Standard 
# 

Volume of 
corresponding 
Ammonia/Urea 
standard (µL) 

Volume of 
corresponding 
Ammonia/Urea assay 
buffer (µL) 

Final volume 
of standard in 
well (µL) 

End ammonia 
concentration in 
well 

End urea 
concentration in 
well 

1 0 150 50 0 nmol/well 0 nmol/well 

2 6 144 50 2 nmol/well 1 nmol/well 

3 12 138 50 4 nmol/well 2 nmol/well 

4 18 132 50 6 nmol/well 3 nmol/well 

5 24 126 50 8 nmol/well 4 nmol/well 

6 30 120 50 10 nmol/well 5 nmol/well 

 

Assay Procedure 

Each sample for requires 50 µL of sample reaction mix and 50 µL of sample background mix 

for the ammonia and urea assay respectively. The total number of sample reactions and 

background reactions per assay were determined, and master mixes were prepared, according to 

Table 2.10. 

Table 2.10: Ammonia and Urea Reaction and Background Mix composition per reaction. 

50 µL of Ammonia/Urea sample reaction mix and 50 µL of Ammonia/Urea sample background mix were prepared for each reaction, 
according to the composition in the table. Master mixes were prepared to ensure consistency.  

Component  Ammonia/Urea  
Reaction mix (µL) per sample 

Ammonia/Urea  
Background mix (µL) per sample 

Ammonia/Urea assay buffer 42 44 
OxiRed probe 2 2 
Emzyme mix 2 2 
Developer 2 2 
Converter enzyme 2 0 
Total 50 50 

 

Reaction and Background mixes (50 µL per well) were added to the appropriate wells of the 96 

well plate first, followed by the appropriate samples and standards (50 µL per well). An example 

of the plate plan used is shown in Figure 2.1. The 96-well plate was mixed and incubated at 37 

°C for 60 minutes, wrapped in foil to protect from light. Absorbance in each well was measured 

immediately on a colorimetric microplate reader at OD 570 nm.  

Data analysis was conducted as per the manufacturer’s instructions. Ammonia and urea 

quantification in cell lysates was calculated as nmol per 1 x 106 cells. The concentration (µM) 

of ammonia/urea determined in the cell media was adjusted for total cell counts, unless 
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otherwise stated, Assays were performed within 4 hours of cell/media harvest. Ammonia and 

urea assays were prepared on separate plates, in parallel.  
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Figure 2.1: An example of the 96-well plate format used for each ammonia or urea assay.  

HepaRG transfection reactions were prepared in triplicate, as denoted by Rep1 – Rep3. Sample and background wells were 
prepared in duplicate. Standard dilution wells prepared up in duplicate. C = 50 µL cell lysate samples, M = 50 µL cell media 
samples, R = 50 µL sample reaction mix, B = 50 µL sample background mix, Std = 50 µL of corresponding standard. Test = 
HepaRG cells that have undergone transfection with target DsiRNA or target plasmid, Control = HepaRG cells that have undergone 
transfection with control DsiRNA or control plasmid. The final volume in each well is 100 µL. 

2.2.8.6 RNA extraction from transfected HepaRG cells 

Total RNA was extracted from transfected HepaRG cells using the RNeasy Mini Kit (Qiagen). 

Up to 1 x 106 cells were harvested from each T25 cell culture flask, following either the DsiRNA 

transfection or plasmid transfection experiments described in section 2.2.8.4. Each sample of 

cells were transferred to separate 1.5 mL Eppendorf tubes and kept on ice. Cells were 

centrifuged at 4 °C for 5 minutes at 300 x g until a pellet formed. The supernatant was removed 

and 350 µL of Buffer RLT was added to each sample and vortexed to disrupt the pellet. To 

inactivate RNases, β-Mercaptoethanol (β-ME) was first added to Buffer RLT before use (10 µL 

β-ME added per 1 mL of Buffer RLT). After homogenisation of the cells, a series of column 

washes and spins were performed, as previously described in section 2.2.7.1.  

To remove traces of genomic DNA, the HepaRG RNA samples were DNase treated using the 

Ambion™ DNA-free™ Kit (ThermoFisher Scientific), as described in section 2.2.7.2. 

Quantification and integrity of DNase-treated RNA was assessed by the NanoDrop™ 

spectrophotometer. Aliquots of RNA, ~ 40 µL, were stored at -80 °C until use.  
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2.2.8.7 cDNA synthesis 

Complementary DNA (cDNA) was synthesised from DNase-treated RNA samples by reverse 

transcription polymerase chain reaction (RT-PCR) using the SuperScript™ III First-Strand 

Synthesis Kit (Invitrogen). Initial reaction mixtures contained DNA-free RNA (amount 

specified in Chapter 6), 27 µM random hexamer primer (sourced separately from Invitrogen), 2 

µL Annealing Buffer and RNase-free water in a total volume of 16 µL. Mixtures were incubated 

for 5 minutes at 65 °C before moving to ice for 1 minute. 2xFirst-Strand Reaction Mix and 4 µL 

SuperScript™ III Enzyme Mix was added to each reaction, to a final volume of 40 µL. Reactions 

were vortexed and centrifuged briefly before incubation for 10 minutes at 25 °C, followed by 

50 minutes at 50 °C and termination of reactions at 85 °C for 5 minutes. Terminated reactions 

were transferred to ice and cDNA aliquots were diluted 2x in water, resulting in a final volume 

of 80 µL. cDNA was stored at -20 °C for short-term use.  

2.2.8.8 Quantitative PCR (qPCR) 

Quantitative PCR (qPCR) was used to quantify the expression of HTT and HPRT mRNA in the 

DsiRNA transfection optimisation experiments, sections 6.5.3.1 and 6.5.3.2. It was also used to 

quantify relative mRNA expression of HTT and urea cycle genes of interest in DsiRNA#2 

transfected HepaRG cells (targeting HTT knockdown) and HD113Q transfected HepaRG cells 

(mHTT overexpression), 6.5.5. The full experimental design and results are presented in Chapter 

6. 

Assay design and selection 

Quantitative PCR assays for target genes and candidate reference genes were designed using the 

Roche Universal Probe Library Assay Design Centre (refer to section 2.2.2.5). Human NCBI 

RefSeq ID’s for target and reference genes were used as the input for assay design. Where 

possible, assays were designed to target intron-spanning regions, in order to reflect expression 

of the protein coding RNA sequence and minimise the effect of any genomic DNA 

contamination. For each primer pair, the Assay Design Centre also identified an appropriate 

5’FAM-labelled short (8 - 9 nucleotide) hydrolysis probe, to be used for product detection during 

the quantitative (real-time) PCR. These probes are available as part of the Universal Probe 

Library (Roche). 

Several assays were tested for each target gene of interest and candidate reference gene with the 

best performing assays producing a single product of the expected size after 45 cycles of qPCR 

selected to analyse gene expression in the experimental HepaRG RNA samples. 
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Optimisation of DsiRNA transfection in HepaRG cell assay 

Assays for two target genes, HTT and HPRT, were designed and tested for quantifying their 

relative expression in HepaRG cells that had undergone DsiRNA transfection with each 

respective gene. A single assay was selected for each gene based on specificity and general 

reliability of performance including the calculated PCR efficiency. Primer sequences and assay 

details used for the quantification of these genes are provided in Table 2.11. These two assays 

were predicted to detect all transcript variants. Assays for two reference genes, TATA-Box 

Binding Protein (TBP) and Succinate Dehydrogenase Complex Flavoprotein Subunit A 

(SDHA), were also designed and used to normalise target transcript expression of HTT and 

HPRT. Primer sequences and assay details for these reference assays are detailed in Table 2.11. 

Urea cycle gene assay 

Assays for 7 target genes, HTT, SLC14A1, RHCG, ASS1, ASL, GLS and NAGS, were designed 

and tested for quantifying their relative expression in HepaRG cells that had undergone HTT 

knockdown or mHTT overexpression. A single assay was selected for each gene based on 

specificity and general reliability of performance including the calculated PCR efficiency. 

Primer sequences and assay details used for the quantification of these genes are provided in 

Table 2.11. These assays were predicted to detect all transcript variants. The reference gene 

qPCR assays used to normalise target transcript expression included those for TBP and SDHA 

as introduced in the previous section. A further assay was also designed and used for Ubiquitin 

C (UBC). Primer sequences and assay details for these reference assays are detailed in Table 

2.11. 
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Table 2.11: Quantitative PCR assays used in chapter 6 of this thesis.  

The target transcripts for gene expression analysis are detailed along with reference gene assays (TBP, SDHA and UBC) used for 
normalisation of target gene expression. Forward and reverse primer sequences are provided for each target and reference gene 
along with the corresponding Universal probe number. The NCBI accession number of each gene is provided. This is the accession 
number used to design each primer pair within the Roche Universal Probe Library Assay Design Centre. bp = base pairs.  

Gene Forward primer (5’ – 3’) Reverse primer (5’ – 3’) Universal 

probe # 

NCBI accession 

number 

Amplicon length 

(bp) 

HTT acaaataccccaaaagccatc ttaggattctgtgtgtttggatct 63 NM_002111.8 65 

SLC14A1 tggaggtgggcaaatcttta gtagcaggagatgcccagtt 8 NM_001128588.3 92 

RHCG agaccgctacatcgtcgtg gaatggggctgactttaccc 43 NM_016321.2 107 

ASS1 agctcagctgctactcactgg ttgaaccggttgtagaattcag 65 NM_000050.4 79 

ASL gacctgctccacgctctc gtaccccgggaagagaaca 82 NM_000048.3 94 

GLS aaggcacagacatggttggt ggctgattcacaagtcacttca 11 NM_001256310.1 74 

NAGS catcgtggacgtgctcag tcggcgttcttgaacagg 43 NM_153006.2 120 

HPRT tgaccttgatttattttgcatacc 

 

cgagcaagacgttcagtcct 

 

73 NM_000194.2 

 

102 

TBP (ref.) cccatgactcccatgacc tttacaaccaagattcactgtgg 51 NM_001172085.1 108 

SDHA (ref.) cagaccatctacggagcagag gatgggcttggagtaatcgt 12 NM_001294332.1 102 

UBC (ref.) ggaaggcattcctcctgat cccacctctgagacggagta 11 NM_021009.6 130 

 

cDNA standards for qPCR 

Serial 5x standard cDNA dilution series of 1:5, 1:25, 1:125, 1:625, 1:3125 and 1:15625 were 

created (in nuclease free water) and used for the generation of standard curves by qPCR for each 

reference and target gene.  

For the ‘Optimisation of DsiRNA transfection in HepaRG cell assay’, serial standard dilutions 

were created from three previously diluted (2x) cDNA samples; DsiRNA#1 (30 nM) and 

DsiRNA#2 (30 nM) transfected HepaRG cells (predicted to have lowest HTT expression), and 

NC DsiRNA (10 nM) transfected HepaRG cells (predicted to have highest HTT expression). 

The standards were applied in the analysis of HTT and HPRT gene expression, as well as the 

two reference gene assays used, for both DsiRNA optimisation experiments.  

For the ‘Urea cycle gene assay’, serial standard dilutions were created from two previously 

diluted (2x) cDNA samples; DsiRNA#2 (30 nM) transfected HepaRG cells (predicted to have 

lowest HTT expression) and HD113Q transfected HepaRG cells (predicted to have highest HTT 

expression). The standards were applied in the analysis of urea cycle gene expression 

quantification, for all seven target transcripts of interest, as well as the three reference gene 

assays used.  



 

58 

 

qPCR experimental protocol  

Quantitative PCR reactions were carried out using the LightCycler® 480 Universal Probe 

system (Roche). Individual reactions contained 2.5 µL diluted cDNA template, 0.5 µM Forward 

and Reverse primers (IDT), 0.1 µL Universal Probe Library probe, 5 µL 2xLightCycler® 480 

Probe Master and 1.4 µL PCR-grade water in a total volume of 10 µL. PCR cycling conditions 

included initial denaturation for 10 minutes at 95 °C, 45 cycles of 95 °C for 10 seconds and 60 

°C for 30 seconds, followed by cooling at 40 °C for 10 seconds. 

qPCR experiments were carried out in 384-well plate format with a single reaction per well. 

Each reaction was set up using the Epimotion M5073 robot. Each cDNA sample was assayed in 

triplicate to provide technical replicates. HepaRG cells that had been harvested from individual 

experimental wells/flasks were considered biological replicates. Appropriate standard cDNA 

dilution series was also assessed in triplicate for each target and reference gene assay, in-run 

with the samples of interest for that assay. Standard curves were generated, and relative 

expression analysis calculated as per section 2.2.2.7.  



 

59 

 

 Integrating ‘multi-omic’ 

datasets from the OVT73 sheep into a single 

platform for exploring the molecular basis of 

HD. 

3.1. Overview 

Although the genetic cause of HD is well defined (HDCRG 1993), the biological functions of 

huntingtin, and the pathogenesis of its mutant form remain unclear. Animal models of HD have 

been created as a means to investigate the disease process and for use in pharmacological testing. 

As such, a vast amount of data has been generated for each HD model, providing insights into 

the molecular mechanisms of HD progression. Despite this knowledge, there is still no current 

therapy that can prevent or delay the onset of HD. A major challenge facing HD researchers is 

that the results and insights gained from animal models (and human studies) are one 

dimensional; they do not consider the pathogenic system as a whole, across the different ‘omic’ 

entities. Network biology, which uses an integrative approach to analyse ‘multi-omic’ data, has 

proven to be an invaluable tool for dissecting the molecular mechanisms of disease (Santiago et 

al. 2017). This approach has been used to investigate HD specifically, through the generation of 

a ‘multi-omic’, knock-in mouse database (Langfelder et al. 2016). This study revealed highly 

correlated gene clusters that were associated with proteins quantified in the same samples, in 

addition to CAG repeat-length. Thus, data integration can be used to identify ‘multi-omic’ 

relationships within the biological system. This method provides us with a better understanding 

of disease processes, consequentially leading to improved therapeutic strategies.  

Through investigations of the OVT73 sheep, our laboratory has generated many biological 

datasets from the model. In particular, as described in the introduction, a large set of data has 

been collected from tissues derived from a cohort of 5-year-old sheep that were harvested in 

June 2012. This cohort consists of 6 OVT73 (3 ewes and 3 rams) and 6 control (2 ewes and 4 

rams) animals, and the datasets collected include RNAseq, proteomic and metabolic profiles 

from brain and peripheral tissues. Previous analyses of these datasets individually, revealed 

significant differences in gene (Handley et al. 2017), protein (Patassini 2014) and metabolite 

(Handley et al. 2016) expression levels between OVT73 and control sheep. These results 

provided insights into HD pathogenic processes including an early metabolic dysfunction and 
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the identification of potential early disease biomarkers. The basis of the current study is the 

assumption that utility/insight gained from these datasets would, however, be greatly enhanced 

by integrating findings and looking for relationships across multiple datasets. To achieve this, 

we must first collate all the current 5-year-old OVT73 datasets into a single platform. The 

platform must then be validated, to ensure each dataset remains intact after manipulation, and 

confirm that consistent results are obtained within the individual datasets. Finally, the platform 

can be analysed using ‘multi-omic’ approaches, comparing OVT73 to control sheep. 

This chapter describes how nine independently-generated datasets of different ‘omic’ type 

(listed in Table 2.5), collected from the same 5-year-old OVT73 sheep cohort, were combined 

into a single, queryable platform using the programming language R. Individual datasets were 

validated within the OVT73 platform, ensuring their consistency to previously published 

findings and confirming that the platform is functional and intact. Subsequently, a variety of 

investigative and exploratory methods were applied to combined data within the platform. Some 

analyses aimed to gain a more global view of the OVT73 system compared to controls, while 

others focused on the discovery of new relationships, using a hypothesis-driven approach. 

Multivariate methods, which include Principle Component Analysis (PCA), sparse Partial Least 

Squares – Discriminant Analysis (sPLS-DA) and regularised Canonical Correlation Analysis 

(rCCA), were used to provide a more complete view of the OVT73 system and reveal potential 

disease-related interactions that occur between genes, proteins and metabolites. These 

interactions, which cannot be deduced from the analysis of individual datasets, offer further 

molecular characterisation of the OVT73 model with the discovery of new ‘multi-omic’ 

associations between data types. 

As part of the hypothesis-driven exploratory approach, this chapter also describes the 

development of a new R package called ‘exCorr’ for differential correlation (DC) analysis. 

Differential correlation occurs when two variables show dissimilar associations between 

biological groups. It is a relatively new method of comparing case to control samples, aside from 

differential expression (DE) analysis, and can been used to identify dysfunctional regulatory 

networks in disease (de la Fuente 2010). Moreover, the exCorr package can be used to 

investigate specific variables of interest, leading to the discovery of new differentially correlated 

relationships. Indeed, implementation of the exCorr package within the OVT73 platform 

revealed variable-variable pairs that had significant correlation differences between OVT73 and 

control animals. Using a graphical function within the package, DCs of interest could be plotted 

and visually assessed, denoting the distribution of results from individual animals, alongside 

relevant statistics. 
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Initial exploratory analysis of the ‘multi-omic’ database described here revealed biologically 

meaningful associations, which would not have otherwise been found with more stringent 

statistical analyses, despite the small sample number (n = 12). We propose the use of the OVT73 

platform as a method to generate hypotheses which can contribute to our understanding of HD 

pathogenesis and provide specific direction for further specific experiments. To promote data 

sharing, this platform has been made publicly available through an interactive, fully-queryable, 

web-based interface. This resource will be a valuable tool for the HD research community, 

allowing others to explore data from the only existing HD sheep model.  

3.2. General Aim 

The primary goal of the research described in this chapter was to create a single platform, 

comprising all molecular datasets collected from the 5-year-old OVT73 sheep cohort to-date. 

The underlying data incorporated into the OVT73 platform was generated at different times, 

using different methods, and by a range of investigators. Therefore, as a first aim, it was 

important to validate the quality of the data, relative to the previously published results to ensure 

its consistency. After validation, the second aim was to query the platform in an exploratory 

manner, using the results to generate an overview of the OVT73 system, and form hypotheses 

regarding the molecular mechanisms that contribute to Huntington’s disease pathogenesis. 

3.3. Specific Aims 

1. Generate a ‘multi-omic’ OVT73 platform that is fully queryable, using R programming. 

2. Validate the consistency of the OVT73 platform through single dataset confirmation. 

3. Explore the OVT73 platform using multivariate methods (PCA, sPLS-DA and rCCA) in 

order to gain insight into the OVT73 system compared to controls. 

4. Develop an R package (exCorr) and use this to identify and visualise differential 

correlations between the OVT73 and control sheep. 

5. Make the OVT73 platform available to the wider HD research community in the form of 

a queryable web-based interface, in order to facilitate future HD discoveries.  
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3.4. Methods 

3.4.1 Assembly of the OVT73 platform  

Nine independently-generated datasets of different ‘omic’ type (refer to Table 2.5) were 

collected from the same 5-year-old OVT73 sheep cohort and assembled into a single platform. 

The R programming language (R Core Team 2018), version 3.3.2, was chosen to assemble the 

‘multi-omic’ database due to the abundance of add-on packages relevant to this research, and 

publication-quality graphics. A full list of the R packages used during the course of this thesis 

are listed in Table 2.6. R is widely used and freely available from the Comprehensive R Archive 

Network (CRAN, https://cran.r-project.org/), under the GNU General Public License, providing 

an open source route into data analysis. This work was undertaken using RStudio (RStudio 

Team 2018), a powerful integrated development environment (IDE) where visible panes display 

useful outputs simultaneously. Functions from a range of add-on packages were used in addition 

to the existing functions provided in base R, as stated in the results section of this chapter. 

Individual R scripts were written for data importation, analysis and visualisation, and are 

provided in the Supplementary Data. 

3.4.2 Exploratory multivariate analysis of the OVT73 platform using 

mixOmics  

Exploratory multivariate analyses of the ‘multi-omic’ database was conducted using the 

mixOmics package, version 6.1.3 (Le Cao et al. 2009, Gonzalez et al. 2012, Le Cao et al. 2017). 

Functions and methods implemented within mixOmics were applied to individual datasets, or 

combined datasets where stated, according to the reference guides (http://mixomics.org/) and 

included Principle Components Analysis (PCA), sparse Partial Least Squares-Discriminat 

analysis (sPLS-DA), and regularised Canonical Correlation Analysis (rCCA). PCA is an 

unsupervised technique that finds patterns in data to explain the variability observed between 

samples (Jolliffe 2002). Hence, it can be used to classify samples in an unbiased manner. PLS-

DA can then be applied in a supervised manner to sharpen the separation between groups and 

reveal the variables that maximise separation (Lê Cao et al. 2011). The sparse variant of PLS-

DA, sPLS-DA, enables selection of the most discriminative/predictive features in the data to 

help classify the samples (Le Cao et al. 2008). Regularised Canonical Correlation Analysis 

(rCCA) can be used to integrate two types of high-throughput 'omic' data, when measured on 

the same biological entities. rCCA derives the correlations between integrated datasets, enabling 

a more complete view of the OVT73 sheep as a biological system. These three methods were 

http://mixomics.org/
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selected as analytical tools to discriminate samples, identify the largest sources of variation and 

find patterns in integrated data of high dimension. Visualisation of the associations was achieved 

through graphical output functions in the package including Correlation Circle plots, Relevance 

Networks and Clustered Image Maps. These visual representations enabled correlation 

structures and biological relationships to be observed and interpreted.  

3.4.3 Development of a new R package, ‘exCorr’, for differential 

correlation analysis 

To investigate the differential correlation of any two variables between OVT73 and control 

groups in the ovine ‘multi-omic’ R platform, an R package termed exCorr was developed. This 

package implements three functions for exploratory correlation analysis. The first function, 

data.cor(), calculates differential correlation statistics for all the possible variable-variable 

combinations within a dataset. The second function, cor.var.compare(), is more specific in that 

a variable of interest must first be specified for differential correlation analysis. Correlation 

statistics are then calculated between the specified variable and all other variables from another 

(or the same) dataset. Finally, gg.cor.vis() provides a graphical representation of the correlations 

between two selected variables, separating the two comparative groups (i.e. OVT73 and 

Control). exCorr has been uploaded to GitHub and is open-source and available for download 

via the github repository: https://github.com/emily5/exCorr. The package was written in 

collaboration with UoA honours student, Matthew Grant. It can be used to investigate a single 

dataset, or compare different datasets in the platform. 

3.4.4 Development of the web-based OVT73 platform 

R Shiny (R Studio Inc 2018) was used to build a web application that would serve as a public 

interface for OVT73 data exploration and analyses. The aim was to enable other investigators to 

query the OVT73 data through an interactive database that could be explored and queried 

without programming knowledge. The R scripts for data importation and the initial exploratory 

analyses, developed as part of this thesis, were incorporated into the web-based interface in 

collaboration with Honours student Matthew Grant, using R Shiny. This database was uploaded 

to a web server, accessible at https://hdsheep.cer.auckland.ac.nz/.  

 

https://github.com/emily5/exCorr
https://hdsheep.cer.auckland.ac.nz/
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3.5. Results 

The primary aim of this chapter was to create a ‘multi-omic’ OVT73 platform from data 

collected from a single cohort of 5-year-old OVT73 (n = 6) and control (n = 6) sheep. After 

collating the data into a queryable format, initial efforts were aimed at analysing single datasets, 

to confirm that the platform was intact and representative of previously published findings. 

Then, datasets could be combined in an exploratory approach to investigate correlations between 

variables in the different data types. To build upon existing OVT73 knowledge, a range of 

exploratory approaches, including multivariate techniques and the development of a differential 

correlation package (exCorr), was used to compare OVT73 to control groups. These analyses 

provide a more complete view of the OVT73 system and offer insight into potential HD-related 

mechanisms. The final results section describes an interactive web-based interface that contains 

the OVT73 datasets in a queryable format. This website is accessible to the HD research 

community and will enable the discovery of new disease changes and relationships in an ovine 

model. Each results section has particular emphasis on the visual representation of combined 

data. Figure 3.1 provides an overview of the type of data integrated into the OVT73 platform 

and the exploratory methods used for data association. These subsequent exploratory methods, 

which are designed to reveal new HD-associated relationships, forms the basis of Chapter 4.  

 

Figure 3.1: An overview of OVT73 data integration and the approach for integrative exploratory analysis.  

Chapter 3 describes how a range of high-throughput data (transcriptomic, metabolic, proteomic etc.) was collected from various 
tissues within a single 5-year old sheep cohort (OVT73 = 6, control = 6) and organised into a single OVT73 platform, using the 
programming language R. Individual datasets were validated within the OVT73 platform ensuring their consistency to previously 
published findings and confirming that the platform is functional and intact. Subsequently, a variety of investigative and exploratory 
methods were applied to combined data within the platform. These non-hypothesis-driven analyses aimed to gain a more global 
view of the OVT73 system compared to controls. As described in Chapter 4, the OVT73 platform was then used for further 
exploratory ‘multi-omic’ analyses with the aim of unveiling mechanisms associated with the urea-cycle and metabolism – both 
known pathways that contribute to early HD pathogenesis. An ‘association by correlation’ approach was implemented, through use 
of the ‘exCorr’ R package, WGCNA and biological enrichment. In addition, comparative analyses were performed using two open-
source, external datasets from a mouse allelic series RNAseq study and human HD brain microarray. This exploratory approach 
revealed plausible mechanism of HD pathogenesis, and demonstrates how the OVT73 database can be used as a hypothesis 
generator. 
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3.5.1 Collating ‘multi-omic’ datasets into a single OVT73 platform 

To enable the exploratory analysis of high-throughput data collected from a single cohort of 5-

year-old sheep, a ‘multi-omic’ platform was developed using the programming language, R (R 

Core Team 2018). Nine molecular datasets previously generated from a single cohort of 5-year-

old sheep harvested in June, 2012 (6 OVT73 and 6 control animals) were sourced from 

researchers in our laboratory (refer to Table 2.5). Each dataset was provided as an Excel (.xls) 

file. Data within the files had been normalised prior to possession, as appropriate to the 

experimental study performed. An extensive description of each data set, including tissue 

region, experimental procedure, and data normalisation is provided in General Materials and 

Methods, Section 2.2.1, along with sample information for the 5-year-old cohort. 

Organizational inconsistencies between each dataset, specifically sample naming and the 

arrangement/format of data, meant that initial efforts were focused on adjusting the data 

according to Hadley Wickham’s ‘Tidy Data’ (Wickham 2014). Within each dataset, the data 

was rearranged so that variables formed columns and samples were represented by rows. 

Categorical information, including transgenic/control status (T or C) and ewe/ram sex (E or R) 

was also added to each dataset as two new variable columns. For datasets that contained 

measurements from multiple tissue types a third categorical variable was included signifying 

the sample region (e.g. striatum, motor cortex). All other variables were numeric, consisting of 

values representing data-specific measurements. A unique identifier name was created for each 

of the 12 sheep, and was used to denote the animal that each sample in a dataset was derived 

from. These sheep ID numbers were used consistently across all datasets to allow for pairwise 

comparisons. In addition to the nine files containing molecular data, a new metadata file was 

created, containing the biometric data (body weight, brain weight, post-mortem delay etc.) 

collected from the 12 sheep. All ten edited Excel files were converted to comma-separated value 

(CSV) files, which are standardised, open-source, and widely used. All files were contained in 

the same directory, termed ‘OVT73 data’.  

An R script, termed ‘OVT73_data.R’ (Supplementary Data), was written for data importation 

and initial assessments. This script contains the code to import every dataset from the 5-year-

old cohort into RStudio in the format of a dataframe. The R package, ‘tidyverse’ (Wickham 

2017), containing six additional core packages, was installed on the base R software, for data 

manipulation and visualisation. Using functions implemented within ‘tidyverse’, categorical 

entries within each dataframe, e.g. status, sex and tissue type, were assigned as ‘factor’ variables, 

while variables containing the quantitative data were assigned ‘numeric’. Dataframes were then 

subset according to a defined parameter, such as tissue type or sex. This was done so that 
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dataframes could then be dissected and queried using the statistical functions implemented in 

base R. The ‘OVT73_data.R’ script was run prior to all analyses, allowing all the dataframes to 

be readily available within RStudio’s working environment.  

3.5.2 Validation of the OVT73 platform through single dataset analysis 

To ensure that the platform had been assembled correctly, initial data exploration using the 

OVT73 platform was focused on the replication of previous single dataset analyses. This would 

verify that the data had been compiled into the platform correctly and confirm the validity of 

subsequent exploratory approaches. An R script, termed ‘OVT73_analysis.R’ (Supplementary 

Data) was created for data exploration and visualisation of single datasets, in addition to all the 

following analyses performed in this chapter. The first part of the script includes code that 

examines differences between OVT73 and control samples using the Independent t-test, along 

with functions for data visualisation. This was written in a queryable format, whereby 

parameters, such as a gene of interest and data/tissue type could be entered for analysis and the 

corresponding result would be returned. Variables that yielded interesting results could then be 

visualised using R’s graphical outputs for interpretation. The second part of the 

‘OVT73_analysis.R’ script, includes the code for all further exploratory analyses presented in 

this chapter. Comparison of the results to previously published findings would give an indication 

of data integrity and test the statistical methods implemented in the script. Five individual 

datasets (metabolic [Ref. data 4], proteomic [Ref. data 6], and transcriptomic [Ref. data 1, 2, 3]) 

were selected for initial validation within the OVT73 platform, and validation of subsequent 

exploratory approaches. Findings for each dataset are detailed below. 

3.5.2.1 Validation of a metabolic dataset 

A previously published comparative study of metabolites within the 5-year-old cohort generated 

quantitative metabolic profiles from the motor cortex, hippocampus, cerebellum and liver tissue 

using gas chromatography mass-spectrometry (GC_MS) (Handley et al. 2016). Widespread 

metabolic disruption was identified in the OVT73 animals, with differentially abundant 

metabolites manifesting in the cerebellum and liver samples. Amino acids were primarily altered 

in the transgenic cerebellum, and fatty acids in the transgenic liver. Results from the study 

concluded that pyroglutamic acid and phenylalanine were significantly differentially expressed 

in the OVT73 cerebellum after correction for multiple testing (p = 0.034; Standard Least Squares 

FDR). Similarly, dodecanoic acid, myristic acid and nicotinic acid were differentially expressed 

in the OVT73 liver (p = 0.017; Standard Least Squares FDR) after correction for multiple testing 

(Handley et al. 2016).  These cerebellum and liver specific findings were validated in the OVT73 
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platform, using the Independent t-test as a more rigorous method of testing for significant 

differences [Ref. data 4]. Using this more stringent method, it was confirmed that the 5 

metabolites were differentially expressed at the nominal level (p<0.05), providing reassurance 

that the platform is representative of the previously observed findings. 

Another major finding of the OVT73 metabolite study, was the identification of altered 

correlations between metabolites in both the cerebellum and liver tissues (Handley et al. 2016).  

It was postulated that these strong pairwise correlations were indicative of an increased rate of 

metabolism. This hypothesis was re-investigated in the R platform, using the ggcorplot package, 

which uses a graphical function to visualise differences in correlation structures. Metabolite 

structures between OVT73 and Control animals were compared in both liver (Figure 3.2) and 

cerebellum [Ref. data 4] (Figure 3.3). Metabolite-metabolite correlations were calculated within 

the OVT73 and Control groups, along with p-values for significance, using ggcorplot code 

presented in the ‘OVT73_analysis.R’ script. The output is displayed as a heatmap, whereby the 

strength and direction of each correlation is indicated by the heatmap legend. Correlations that 

were not significant (p<0.05) are blanked out. In both tissues, it is evident that there is an 

increase in significantly positive correlations between metabolites in the OVT73 samples 

(indicated by an increase in the number and tone of red blocks). The correlation structure 

observed are remarkably similar to the findings described in (Handley et al. 2016), thereby 

validating the platform for this dataset, and supporting the hypothesis that a hyper-regulated 

metabolic state exists in the cerebellum and liver of the OVT73 sheep.  
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Figure 3.2: Validation of differential correlation structures between Control and OVT73 animals in the liver. 

Pearson correlation coefficients and their associated p-values were determined between liver metabolites [Ref. data 4], using the 
ggcorplot package within the OVT73 platform. The function, which used OVT73 (n = 6) and Control (n = 6) samples as separate 
groups, determined the structure for each metabolite pair combination, within (A) the OVT73 liver and (B) the control liver. Non-
significant correlations (p>0.05) are represented by white squares, and the strength and direction of significant correlations (p<0.05) 
are denoted by the coloured legend. There is an observable increase in the number of significant correlations in OVT73 compared 
to controls, and most of these new correlations are positive. This is consistent with our previously published results from the 
individual datasets (Handley et al. 2016). 

A 
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Figure 3.3: Validation of differential correlation structures between Control and OVT73 animals in the cerebellum. 

Pearson correlation coefficients and their associated p-values were determined between cerebellum metabolites [Ref. data 4], 
using the ggcorplot package within the OVT73 platform. The function, which used OVT73 (n = 6) and Control (n = 6) samples as 
separate groups, determined the structure for each metabolite pair combination, within (A) the OVT73 cerebellum and (B) the 
control cerebellum. Non-significant correlations (p>0.05) are represented by white squares, and the strength and direction of 
significant correlations (p<0.05) are denoted by the coloured legend. There is an observable increase in the number of significant 
correlations in OVT73 compared to controls, and most of these new correlations are positive. This is consistent with our previously 
published results from the individual datasets (Handley et al. 2016). 

A 
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3.5.2.2 Validation of a proteomic dataset 

Protein abundance alterations were previously detected in the OVT73 brain through a proteomic 

LC MS-MS study (Patassini 2014). Within this dataset [Ref. data 6], a total of 21 proteins in the 

cerebellum, 17 in the motor cortex and 37 in the striatum were previously identified as being 

significantly differentially expressed in the OVT73 sheep when compared to controls (p<0.05; 

Independent t-test). The proteomic dataset was compared for OVT73 v Control differences 

within the R platform, again using the Independent t-test for significance. The same 21 proteins 

in the cerebellum, and 17 proteins in the motor cortex were identified as being differentially 

expressed within the platform (p<0.05), without any discordance from the previous results. 

However, the OVT73 platform identified 39 proteins that were differentially expressed in the 

OVT73 striatum (p<0.05), which is two more than the 37 identified in the previous analysis. 

These two newly identified proteins, 14-3-3 protein beta/alpha and vacuolar sorting associated 

protein 26A had p-values of (p=0.0219 and p=0.0242; Independent t-test), respectively in the 

OVT73 database. The analysis by (Patassini 2014) determined 14-3-3 protein beta/alpha, to be 

a ‘trending’ protein in striatum, with a p-value that did not reach nominal significance 

(p=0.093). However, vacuolar sorting associated protein 26A was not identified as either 

significant (p < 0.05) or nearing significance (p < 0.1) in the analysis by (Patassini 2014). Both 

proteins were using the boxplot() function in base R, to visualise the presence of any outliers 

(code within ‘OVT73_analysis.R’). The outputs, presented in Figure 3.4, suggest that the 

differences in protein expression are real findings, that had not been previously identified by 

(Patassini 2014).  
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Figure 3.4: Newly identified differentially expressed striatal proteins.  

The existing proteomic dataset [Ref. data 6] was analysed in the OVT73 platform for confirmation of the previously identified results. 
The 37 differentially expressed striatal proteins that had been previously deemed significant by (Patassini 2014), were also 
determined to be statistically significant in the OVT73 platform (p<0.05: Independent t-test). Additional to this validation, two new 
proteins, (A) 14-3-3 protein beta/alpha and (B) vacuolar sorting-associated protein 26A were identified as being differentially 
expressed according to the Independent t-test implemented in the OVT73 platform. Each boxplot shows the relative protein 
abundance for individual animals, within the control (n = 6) and OVT73 (n = 6) groups (coloured light grey and dark grey, 
respectively). The line that divides each box into two parts represents the median of the data and the ends of each box show the 
upper and lower quartiles. The extreme lines show the highest and lowest value, excluding outliers, shown as single dots beyond 
the lines. 

3.5.2.3 Validation of SLC14A1 findings 

Multiple transcriptomic analyses, including non-targeted RNAseq [Ref. data 1 and 3] and 

targeted NanoString validation analyses [Ref. data 2], have been performed on striatum taken 

from the 5-year-old cohort to investigate the effect of the mutant huntingtin (mHTT) transgene 

on gene expression. A key finding from these studies is that transcript expression of a urea 

transporter, SLC14A1, is significantly increased in the OVT73 brain (Handley et al. 2017). This 

finding was consistently observed across all the striatum-derived transcriptomic datasets 

(p<0.05). SLC14A1 and its associated pathways are the focus of Chapter 4, and so it was 

essential to validate the consistency of this gene specifically.  

To assess the uniformity of the SLC14A1 findings within the OVT73 platform, an Independent 

t-test for significance was applied to the gene, within all the transcriptomic datasets as they exist 

in the platform. In concordance with the original findings, SLC14A1 expression was 

significantly higher in anatomical sub-regions of the OVT73 striatum. When calculated in the 

OVT73 platform, the following significance statistics were obtained; Striatum RNAseq dataset 

[Ref. data 1] (p=0.0015), LCM matrix-derived neuron RNAseq dataset [Ref. data 3] 

(p=0.0088), and tissues within the NanoString dataset [Ref. data 2] (p=0.0124 for dorsal-lateral 

striatum, p=0.0101 for dorsal-medial striatum), in line with the previous single dataset analyses  

A B 
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To visualise the distribution of control and OVT73 samples within each SLC14A1 dataset, a plot 

was generated to compare the SLC14A1 trends in the same space (Figure 3.5). This allows us to 

compare outliers that may be shared or differ between the datasets and can provide insight into 

inconsistencies in quantification methods or between sampling regions.  

 

Figure 3.5: SLC14A1 is consistently upregulated in OVT73 transcriptomic brain datasets.  

Plots show the relative expression of SLC14A1 in OVT73 (n = 6) and control (n = 6) groups within (A) the striatum RNAseq dataset 
[Ref. data 1] (B) the combined LCM matrix neuron RNAseq dataset [Ref. data 3], (C) the NanoString data collected from dorsal-
lateral striatum tissue [Ref. data 2] and (D) the NanoString data collected from dorsal-medial striatum tissue [Ref. data 2].  C = 
Control (n = 6), T = OVT73 (n = 6). Each boxplot shows the median value within each group, with upper and lower quartiles. The 
extreme lines show the highest and lowest value, excluding outliers, which are represented as individual data points. Transcript 
expression is relative to housekeeping genes (refer to General methods section 2.2.1.2 for details). ID numbers are shown for 
each animal to enable identification of outliers and comparison between the methods of quantification. In all datasets the OVT73 
group shows greater variability between animals and has more outliers than controls. Some of the outliers (e.g. T376EG2 and 
T372EG2) are observed to be consistent between datasets, however, some are independent and may reflect variation in the 
methodology and/or sample location. 

 

Key, significant, previously identified OVT73 findings (Patassini 2014, Handley et al. 2016, 

Handley et al. 2017), have been replicated using the OVT73 platform, whilst demonstrating the 

graphical capabilities of R. This has been achieved for multiple datasets, following integration 

into the OVT73 platform. The various validation examples presented here, offer us confidence 
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that the data is intact after being tidied and merged, and statistical methods for Control v OVT73 

comparisons, are accurate and functional within the platform. In conclusion, replication of the 

previous findings provide reassurance that the OVT73 platform is effective, providing a 

foundation for further exploratory analysis. 

3.5.3 New insights can be gained through hypothesis-driven 

exploration of single datasets in the OVT73 platform 

The HD ovine database can be used to reveal new findings through hypothesis-driven analyses. 

In particular, behavioural studies have previously shown that the OVT73 sheep display abnormal 

sleep/wake patterns (Morton et al. 2014), which is a characteristic observation made in HD 

patients (Morton 2013). The disturbance in sleep behaviour is thought to be caused by an 

underlying circadian abnormality (Morton 2013). 

To investigate this particular characteristic further, genes known to regulate circadian rhythm 

were identified and queried within the OVT73 platform, comparing OVT73 and controls. Genes 

involved in circadian rhythm were selected for investigation in the OVT73 platform, based on 

their existence in the ‘Circadian rhythm’ KEGG pathway (hsa04710). Using this directed, 

candidate gene approach, transcription of the gene, PER3, was revealed to be significantly lower 

(p<0.05) on average in the OVT73 sheep compared to controls (Figure 3.6). PER3 is a member 

of the Period family of genes which encode components involved in the circadian rhythms of 

metabolism, locomotor activity and behaviour (Pendergast et al. 2012). Consistent with 

Pendergast, we hypothesise that the decreased expression of PER3 in the OVT73 sheep may 

contribute to the disturbed evening behaviour described by Morton and colleagues (Morton et 

al. 2014). 
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Figure 3.6: Differential expression of the circadian clock gene, PER3, in the OVT73 striatum.  

PER3 (Period circadian clock 3), quantified in the striatum RNAseq dataset [Ref. data 1], is significantly lower (by 1.85-fold) on 
average in OVT73 (n = 6) compared to Controls (n = 6), (p=0.047; Independent t-test). The boxplots show relative PER3 normalised 
FPKM values for individual animals, within the control (n = 6) and OVT73 (n = 6) groups (coloured light grey and dark grey, 
respectively). The line that divides each box into two parts represents the median of the data and the ends of each box show the 
upper and lower quartiles. The extreme lines show the highest and lowest value, excluding outliers, shown as single dots beyond 
the lines. 

3.5.4 Visualising non-hypothesis driven associations between datasets 

provides new insights into the OVT73 system  

As presented in the previous examples, specific variables of interest can be queried in the OVT73 

platform for differential changes and within-dataset correlations can be explored. However, 

integrative approaches that combine ‘multi-omic’ data collected from the same experimental 

samples have the potential reveal aetiology that is obscure in the individual datasets and may 

assist in dissecting molecular mechanisms of disease processes. Using this concept, gene-

protein-metabolite interactions can be investigated within the same biological system, unveiling 

relevant networks and associations. 

A range of exploratory data analyses were applied to the OVT73 data platform in order to better 

characterise the OVT73 system, and gain insight into ‘multi-omic’ relationships between 

datasets. The R package mixOmics (version 6.1.3) was predominantly used for these analyses, 

downloaded from CRAN (Le Cao et al. 2017). Using multivariate methods, mixOmics enables 

the integration and analysis of multi-omic data, with particular emphasis on interpretation 

through graphical representation. These analyses can be used to classify samples into highly 

related groups, identify the largest sources of variation, and generate hypotheses for further 
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exploration. Code was written so that dataframes of choice could be input as variables, and the 

analysis would run with the adjustment of required parameters. The mixOmics code is also 

presented in the ‘OVT73_analysis.R’ script within Supplementary Data. The following sections 

present the types of analyses applied to the OVT73 platform, and the insights gained.   

3.5.4.1 PCA 

To classify the samples and identify the largest sources of variation, a principle component 

analysis (PCA) was performed on each of the individual datasets using functions implemented 

within mixOmics. Figure 3.7, shows an example of PCA outputs obtained from three individual 

PCA mixOmics analyses on the striatum RNAseq [Ref. data 1], GC-MS metabolite [Ref. data 

4] and Biocrates metabolite [Ref. data 5] datasets. Standard PCA did not separate the samples 

by transgene status in any of the OVT73 datasets. For example, PCA of the striatum RNAseq 

dataset [Ref. data 1] revealed an indistinguishable overlap between OVT73 and control animals, 

with the largest principle component (PC1) explaining 28 % of variance in the data (Figure 

3.7A). Interestingly however, when PCA was applied to metabolic datasets [Ref. data 4] and 

[Ref. data 5], both of which contain information on multiple tissues, samples appeared to cluster 

by the tissue location (Figure 3.7B and C). Thus, PCA was able to distinguish between the 

classes of tissue type within the metabolic datasets. Notably, the peripheral tissues, liver and 

plasma were clearly separated from the brain tissue indicating that they have a distinct 

metabolite profile, as expected. The classification could also be extended to the brain, with the 

motor cortex, cerebellum and hippocampus having overlapped but distinct groupings. This 

result indicates that sub-regions of the brain are associated with different metabolic processes. 

In conclusion, PCA of gene expression is insufficient in classifying the ovine samples based on 

their transgenic status. This may be due to small sample number in addition to the vast number 

of variables quantified in each dataset. Alternatively, the null hypothesis may be correct, 

whereby there are no average gene expression changes between transgenic and control striatum 

samples. However, analyses presented in the report by Handley and colleagues (Handley et al. 

2017), suggest that this is not the case, with the expression of at least 10 genes being confirmed 

as significantly differentially expressed in the transgenic striatum. Thus, a more rigorous method 

of classification is required to discriminate between the two groups.  
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Figure 3.7: An example of PCA outputs that can be obtained from single dataset analysis using mixOmics.  

For each single-omic dataset in the OVT73 platform (each with OVT73 = 6, Control = 6), a Principle Component Analysis (PCA) 
was performed in an attempt to classify samples and reveal variables that maximise separation of groups. Examples of PCA output 
are shown for (A) the striatum RNA-seq dataset [Ref. data 1], (B) the GC-MS metabolite dataset [Ref. data 4], and (C) the LC-MS 
Biocrates metabolite dataset [Ref. data 5]. For all datasets standard PCA was insufficient to separate the OVT73 and Control 
groups, as shown for the Striatum RNAseq data in (A). C = control T = OVT73. PCA was however able to distinguish between 
sampling locations when the data was measured on different tissues as shown in (B) and (C) There is a clear separation of the 
peripheral and brain tissues in these datasets. cb = cerebellum, hipp = hippocampus, liv = liver, mctx = motor cortex. 

 

3.5.4.2 sPLS-DA 

One way of identifying important variables for further investigation is to identify the central 

variables that can be used to separate the transgenic and control groups. Sparse Partial Least 

Squares – Discriminant Analysis (sPLS-DA) was selected for this purpose because it enables 

variable selection on high-throughput biological data such as RNAseq, and can better deal with 

small sample numbers (Lê Cao et al. 2011). Application of sPLS-DA through the splsda() 

function in mixOmics, revealed strong discrimination between OVT73 and control groups within 

all the high-throughput datasets. Application of the sPLD-DA method on the striatum RNAseq 

data [Ref. data 1], is shown below as an example (Figure 3.8A).  

The analysis works by first selecting the optimal number of components for the specific analysis 

(in this example, ncomp = 5) and then the optimal number of variables per component. In the 
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sPLS-DA example here, 100 variables were relevant to discriminate between OVT73 and 

Control groups. The loading weights of each selected variable on each component can then be 

displayed using the plotLoadings() function (Figure 3.8B). Here, the colour indicates the group 

(OVT73 or control) in which the expression of the selected gene is maximal based on the mean. 

Variables are ranked by importance from the bottom of the graph upwards, and the negative and 

positive signs indicate the correlation structure between variables. The output in Figure 3.8B 

shows the striatum RNAseq [Ref. data 1] sPLS-DA top 10 variable contributions (genes) on 

component 1. These variables define the largest sources of variation between the transgenic and 

control groups. The most discriminative features of this RNAseq dataset are RIMKLB, U6, 

LAMP3 and SLC14A1. 

 

 

Figure 3.8: sPLS-DA distinguishes OVT73 and Control striatum RNAseq data.  

Sparse Partial Least Squares-Discriminant Analysis (sPLS-DA) was performed on the striatum RNAseq dataset [Ref. data 1], 
which was generated from the 5-year-old cohort (OVT73 = 6, Control = 6). The analysis distinguished OVT73 and control groups 
and revealed the top 10 variables that contribute to the greatest separation between groups. (A) sPLS-DA with refinement returned 
a good separation of the two groups (variable selection = 100). (B) The top 10 variable contributions (genes) on component 1 were 
identified and visualised using the plotLoadings() function, revealing the largest sources of variation between the two groups. The 
colour denotes the group in which expression of the gene was maximal according to the mean, the x-axis bar-length corresponds 
to the loading weight (importance) of each feature, and gene contributions are ranked by importance from the bottom.  C = control, 
T = OVT73. 

3.5.4.3 rCCA 

A major advantage of the OVT73 platform is the ability to look for common patterns across the 

integrated data. This is achieved using the mixOmics package which includes multivariate 

methods that can be used to integrate two types of highly dimensional 'omic' data, when 

measured on the same biological entities. For example, the regularised Canonical Correlation 

Analysis (rCCA) method within mixOmics, uses Pearson’s correlation coefficient to measure 

and explore the correlations between integrated datasets. rCCA was applied to provide a more 

complete view of the differences between OVT73 and control animals. The following sections 

present examples of the type of insight that can be gained from rCCA. 

A B 



 

78 

 

3.5.4.4 Assessing methodological variation using rCCA and canonical plots.  

rCCA was first applied to the OVT73 platform to investigate the reproducibility of different 

methods used to generate the same data. This is important because it reveals methodological 

variation differences and helps to validate/determine the robustness or significant results. As 

described already, the OVT73 platform contains two sets of metabolic data [Ref. data 4 and 5] 

collected from the cerebellum, motor cortex, and liver of the same animals. Of the 71 

metabolites measured in the GC-MS study [Ref. data 4], 19 of these were also quantified in the 

LC-MS Biocrates method [Ref. data 5] (see General Materials and Methods section 2.2.1.3 for 

experimental procedures). An rCCA was performed on each integrated dataset to see if the 

abundance of metabolites present in both datasets were correlated for the appropriate tissue, 

despite being quantified via different methods. Results were output as correlation circle plots, 

which supplement the visualisation of pair-wise correlations between variables that exist within 

two datasets (Gonzalez et al. 2012).  

Figure 3.9 shows the correlation circle plot for each rCCA analysis on each tissue type 

displaying the correlation structures within and between each metabolic dataset. Metabolites 

measured via GC-MS [Ref. data 4] are coloured blue, while the same metabolites measured in 

the LC-MS Biocrates [Ref. data 5] are coloured orange. The relationship between the 

metabolites, irrespective of dataset origin, can be determined by the cosine angle between them. 

Correlations are positive if the angle between them is less than 90° (acute), negative if the angle 

is greater than 90° (obtuse) and null if the vectors are perpendicular. The distance of the 

metabolite from the origin indicates the strength of the relationship; the longer the distance to 

the origin, the stronger the relationship between variables (Gonzalez, Cao, Davis, & Dejean, 

2012).  

This analysis shows that there is a strong positive correlation, as would be expected (sharp 

cosine angle) between the same metabolites in the two datasets sampled from the liver (Figure 

3.9A). For example, if we look at the orientation of the metabolite Threonine (denoted by a blue 

‘Threonine’ for the GC-MS data and an orange ‘Thr’ for the Biocrates data) we can see that the 

two variables are closely positioned with an obvious sharp angle that is far from the origin. Thus, 

the pairwise correlation between these two variables (and other metabolite-metabolite pairs) are 

highly positive in the liver. This finding is reassuring and provides additional confidence that 

the metabolite data generated from liver is robust. 

However, same metabolite-metabolite pairs were less strongly correlated when sampled from 

the two brain regions (Figure 3.9B and C). In the cerebellum few positive correlations are 
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evident and many of the same metabolite pairs are negatively correlated as denoted by obtuse 

angles between them (Figure 3.9B). Focussing again on the two Threonine variables, we can 

see that there is no correlation between them in the cerebellum, according to the perpendicular 

angle overserved in the correlation circle plot (Figure 3.9B). Most, but not all of the motor cortex 

metabolite-metabolite pairs are positively correlated, but not strongly (obtuse angles and closer 

to origin) (Figure 3.9C). Here, the two Threonine variables, are negatively correlated, as 

deduced by the obtuse angle between them in motor cortex (Figure 3.9C).  

The differences in measurements for motor cortex and cerebellum may reflect differences in 

sampling location; i.e. regions of the motor cortex and cerebellum are heterogeneous (unlike the 

liver, which is relatively homogeneous). Therefore, metabolite expression differences may be 

due to the precise sampling region used in each analysis. Alternatively, the different 

methodologies used to quantify the metabolite levels, GC-MS and LC-MS, may have resulted 

in different outcomes. The LC-MS data generated from the provider, Biocrates, was developed 

using isotope labelled and chemically homologous internal standards. Using their method, 53 

analytes could be fully validated as absolutely quantitative. In contrast, the GC-MS data 

generated by our local service provider at The University of Auckland, only used one molecular 

internal standard. Therefore, we would assume that the LC-MS data is more reliable. 
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Figure 3.9: Correlation circle plots to supplement the visualisation of pair-wise correlations, analysed via rCCA, between 
two metabolic datasets.  

Three rCCA’s were performed on combined GC-MS/Biocrates [Ref. data 4/5] (A) liver, (B) cerebellum and (C) motor cortex samples 
to identify correlation structures. For each plot, 19 metabolites measured from the local GC-MS dataset are indicated in blue (X), 
while the same Biocrates metabolites are orange (Y). The relationship between metabolites measured through the two different 
methods can be determined by the cosine angle between them. Correlations are positive if the angle is sharp, negative if the angle 
is obtuse and null if the vectors are perpendicular. The distance from the origin indicates the strength of the relationship; i.e. the 
longer the distance from the origin, the stronger the relationship between metabolites. Metabolite pairs in the liver are more strongly 
correlated than those in the two brain samples. 

 

 

 

 

 

A 
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3.5.4.5 Investigating correlations between ‘multi-omic’ datasets using rCCA and 

clustered image mapping 

This rCCA method of data integration can also be applied to datasets of completely different 

‘omic’ type, when collected from the same experimental samples, providing greater insight into 

biological relationships. As an example of this utility, rCCA was performed on a transcriptomic 

and proteomic dataset in an attempt to explore the relationship between genes and proteins of 

interest in the OVT73 striatum. The transcriptomic data used in this analysis was the 10 genes 

that were differentially expressed in the dorsal-medial subsample of striatum via NanoString 

[Ref. data 2]. The proteomic data used consisted of the 39 differentially expressed proteins from 

the striatum, measured in the proteomic dataset [Ref. data 6].  

Gene-protein associations were generated for the Control and OVT73 samples using rCCA and 

compared using the graphical output of a clustered image map (Figure 3.10). Clustered image 

maps (CIMs) combine heatmaps with hierarchical clustering to represent the correlation 

structures between and within two datasets. This type of graphical output, implemented using 

the cim() function in the mixOmics package, allows us to visualise the correlation structure 

between the two ‘omic’ variables, separated by transgenic status. The Clustered Image map 

shown in Figure 3.10 is based on the simultaneous operation of hierarchical clustering within 

and between the transcriptomic and proteomic datasets, with reordering of the rows and columns 

according to the hierarchical clustering output (Gonzalez et al. 2012). Correlated variables 

(positive, negative, strong or weak) are denoted by the colour in the heatmap, Dendrograms, 

which illustrate the arrangement of variables and clusters within each dataset, are added to each 

graphic and indicate the proximity between correlated variables.  

Due to the high number of correlations possible, even with a small subset of data, as has been 

used here, the insight that can be gained from this type of output is complex. One interpretation 

from this rCCA analysis and subsequent graphical output is highlighted by the black dashed box 

in Figure 3.10B. Here, expression levels of Solute Carrier Family 14 Member 1 (SLC14A1) and 

Rh Family C Glycoprotein (RHCG) transcripts are clustered in the NanoString dataset, along 

with two proteins, protein CDV3 homolog and extended synaptotagmin-1, in the proteomic 

dataset. These variables are all positively correlated in the OVT73 samples (r~0.5), according to 

the colour key. By contrast, this arrangement is not seen in the Control rCCA (Figure 3.10A). 

Thus the rCCA method allows us to identify individual correlations that are differential between 

groups, whilst identifying all possible correlation combinations and their strength.  
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Figure 3.10: rCCA of transcriptomic and proteomic data collected from the 5-year-old cohort.  

rCCA’s were performed on integrated transcriptomic data collected from dorsal-medial striatum tissue via NanoString [Ref. data 2] 
and proteomic data collected from striatal tissue via LC MS-MS iTRAQ [Ref. data 6], separating Control (A) and OVT73 (B) groups. 
Gene-protein correlations, as determined by rCCA, are visualised using the cluster image map function implemented in mixOmics. 
Hierarchical clustering simultaneously operating on both datasets arranges the rows and columns of the variables accordingly. 
Dendrogams allow the interpretation of clustered genes/proteins. Correlated variables and/or clusters are represented by coloured 
squares/blocks. Positively correlated variables are toward the red spectrum, while negatively correlated variables are toward the 
blue. The black-dashed box highlights the correlation of SLC14A1, RHCG and protein CDV homolog, extended synaptotagmin-1. 
Specific conclusions from this output are described in the text. 

 

 

B 
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Overall, the examples described within this section 3.6.3, demonstrate how the mixOmics 

package can be used to explore relationships within individual datasets, and between integrated 

datasets. Separation of the control and transgenic groups prior to analyses, provides another 

method of sheep-status comparisons. Within the OVT73 database, the mixOmics package is best 

used as an exploratory tool to reveal potential associations, from which the researcher can derive 

hypothesises that can then be investigated further through literature and downstream analyses.  

3.5.5 Development of an R package called ‘exCorr’ enables 

investigation and visualisation of differential correlations between 

variables 

With alternative methods of transgenic versus control comparisons in mind, it was decided that 

a differential correlation analysis would be a useful investigative approach for analysis of the 

OVT73 platform. Changes in correlation relationships can provide insight into underlying 

regulatory networks and how these networks may be implicated in a disease process. For 

example, a significant loss or gain of trait associations comparing OVT73 and control sheep, 

may be indicative of a disrupted or consequential pathway that arises as a result of the transgene. 

While methods like rCCA are good for assessing the correlation structures between whole 

datasets, very few correlation packages that compare and output the correlation statistics 

between specific variables, exist in R.  Therefore, an exploratory correlation package termed 

'exCorr', was created and developed during the course of this thesis. This exCorr R package is 

open source, available from https://github.com/emily5/exCorr, and can be used on any dataset 

whereby the objective is to compare correlations between variables that are shared between two 

comparative groups.  

The objectives of making the package were threefold: 

1. Enable individual datasets within the OVT73 platform to be queried for differential 

correlation analysis, identifying the most significant pattern changes between the 

OVT73 and control samples.  

2. Enable specific variables to be queried against whole datasets (of the same or different 

‘omic’ type) in a more directed approach.  

3. Make a visualisation tool for differential correlations, enabling better interpretation. 

 

These aims are fulfilled as separate functions within the ‘exCorr’ R package. Correlations can 

be calculated using either the Pearson, Spearman or Kendall correlation coefficient as an 

https://github.com/emily5/exCorr
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association measure; defined as a parameter within each function. The fisher r-to-z 

transformation is then used as a method to assess the significance of the difference between the 

two correlation values and FDR adjustment was achieved via the Benjamini–Hochberg (BH) 

procedure. A description of each function is provided below, followed by an example of the 

application of exCorr to the NanoString DM dataset [Ref. data 2] within the OVT73 platform. 

3.5.5.1 Functions within exCorr 

The data.cor() function was designed to reveal the most significant differential correlations 

between a grouping variable, like transgenic status or sex of the animal, within a dataset 

(Objective 1). The output is a table (or dataframe in R), with the calculated differential 

correlation statistics arranged in columns, and the variable-variable combinations arranged as 

rows. Within the function, the sample group is specified, so that separate correlation and 

significance values are determined for each group. The function then calculates the differential 

correlation statistic through application of the fisher r-to-z transformation, with BH adjustment. 

The table can be ordered, according to the ‘order’ parameter, by any of the columns. For 

example, to order by the most significantly differential correlations, this would be set to 

order=“fisher_r_to_z”. A limiting number of combinations can also be set using the ‘limit’ 

parameter. The output can be stored as a csv file using the write.csv() function and presented as 

a table for publication. 

Similarly to data.cor(), the the cor.var.compare() function can also be used to calculate the 

correlation coefficients and associated p-values between variables of two groups. However, this 

function differs in that a variable of interest is specified and differential correlations are 

calculated between the specified variable and all other variables within a dataframe, in a more 

directed analysis (Objective 2). The output is a dataframe consisting of all the possible specified 

variable-variable combinations, with correlation, p-value, fisher and BH adjusted scores for 

each. 

Visualisation of differential correlations of interest can then be achieved using the gg.corr.vis() 

function (Objective 3). This function uses the ggplot2 package to represent individual data 

points. Here, the pairwise correlations between two variables can be viewed when samples are 

separated by a classification measure, in this case, the transgenic or control status. The 

correlation coefficient and associated p-value is also provided within the plot. 
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3.5.5.2 Application of exCorr within the OVT73 platform 

As an example of this exploratory approach, exCorr was applied to the Nanostring DM striatum 

gene expression dataset [Ref. data 2] within the OVT73 platform. Using the data.cor() function 

within exCorr, pairwise correlation analysis of all the gene-gene combinations within the 

NanoString DM dataset were calculated. This revealed 16 differentially correlated genes (fisher 

r-to-z: p < 0.05) between OVT73 and controls, which could be ordered by fisher r-to-z 

significance (Table 3.1), however, none of the gene-gene combinations were significant after 

BH adjustment for multiple testing, partially reflecting the small size of the dataset. 

Alternatively, using the cor.var.compare() function within the same dataset, we can explore the 

most significant differential correlations between a specific variable of interest  and all other 

variables within the dataset. In this instance Solute Carrier Family 14 Member 1 (SLC14A1) was 

selected as the variable of interest as it had the largest fold difference between OVT73 and 

control sheep. Only one gene in the dataset, Rh Family C Glycoprotein (RHCG), was 

significantly differentially correlated with SLC14A1 between OVT73 and controls (fisher r-to-

z: p=0.0279). The gg.corr.vis() output for this correlation is shown in Figure 3.11. There is no 

correlation between the expression of the two genes in Controls (r = -0.29, p = 0.5711), but a 

significant gain of correlation is observed in the OVT73 sheep (r = 0.90, p = 0.0135).  

 

Table 3.1: Differential gene-gene correlations between OVT73 and Control dorsal-medial striatal samples, quantified via 
NanoString.  

The data.cor() function within the exCorr package was implemented in the OVT73 platform, to assess differential correlations within 
the NanoString DM dataset [Ref. data 2]. A differential correlation analyses was performed on the 24 genes for which expression 
was measured in the nanostring (DM) dataset. The code used to generate the dataframe in R is: x <- data.cor(nano_24_DM, 
"status", order = "fisher_r_to_z", limit = 10), where ‘x’ is the dataframe produced. This dataframe can then be exported as a Table 
using the write.csv() function, as shown below. Var1 and Var2 correspond to the two gene for which the pairwise correlation 
statistics have been calculated 

Var1 Var2 
Control 
correlation 
coefficient 

Control 
p-value 

OVT73 
correlation 
coefficient 

OVT73 
p-value 

fisher r-
to-z 
 p-value 

BH p-value 
correction 

CHST8 FEZF2 0.90 0.0134 -0.72 0.1061 0.0033 0.9802 
ITGB4 RHCG -0.93 0.0081 0.47 0.3459 0.0089 0.9802 
HSD17B12-like SMOC2 0.48 0.3313 0.99 0.0003 0.0157 0.9802 
MYL4 OXTR 0.03 0.9477 0.96 0.0020 0.0169 0.9802 
FEZF2 RHCG -0.51 0.3022 0.86 0.0265 0.0220 0.9802 
ENS11790 MYL4 0.88 0.0193 -0.42 0.4099 0.0242 0.9802 
RHCG SLC14A1 -0.29 0.5711 0.90 0.0135 0.0279 0.9802 
ENS11790 TF -0.42 0.4062 0.87 0.0254 0.0303 0.9802 
CNTN2 ENS11790 -0.38 0.4520 0.86 0.0261 0.0354 0.9802 
CMTM5 ENS11790 -0.48 0.3306 0.82 0.0451 0.0386 0.9802 
FEZF2 ovineHTT -0.53 0.2818 0.80 0.0556 0.0387 0.9802 
AVPR1A ENS11790 -0.71 0.1135 0.66 0.1513 0.0389 0.9802 
CPAMD8 HSD17B12-like -0.79 0.0637 0.54 0.2706 0.0417 0.9802 
ENS11790 ETV5 0.84 0.0365 -0.41 0.4170 0.0423 0.9802 
OXTR PRKG1 0.42 0.4115 0.97 0.0015 0.0484 0.9802 
FEZF2 SIAH3 -0.69 0.1293 0.64 0.1725 0.0496 0.9802 
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Figure 3.11: The output achieved using the gg.cor.vis() function implemented in exCorr.  

SLC14A1 and RHCG are differentially correlated between Control and OVT73 dorsal-medial striatal tissue [Ref. data 2] (fisher r-
to-z: p=0.0279; BH adjusted p = 0.6190). The relative expression of SLC14A1 and RHCG is plotted for individual animals (OVT73 
= 6, control = 6) and the line of best fit shown. The correlation coefficient (r) between SLC14A1 and RHCG and its associated p-
value are shown for each group. There is no correlation between the two genes in the Control animals, however, SLC14A1 and 
RHCG are significantly positively correlated in OVT73 (r=0.9, p=0.013). 

 

Using this exploratory approach, which assumes that pairwise correlations can be used as a 

measure of association, we can investigate variables that might be connected in the same 

biological systems. This approach can even be used when assessing data of different biological 

type. For example, the cor.var.compare() function can be used to investigate differential 

correlations between a metabolite of interest and all other genes within a transcriptomic dataset. 

To do this, the metabolite (or other variable of interest) first needs to be appended to the 

transcriptomic (or other ‘omic’) dataframe of interest via the cbind() function in base R. Then 

the analysis can be performed as usual, selecting the variable of interest for comparison within 

the newly appended dataframe. Any ‘multi-omic’ differential correlations of interest can then 

be visualised using the same gg.cor.vis() function. The identification of ‘multi-omic’ differential 

correlations within the OVT73 platform is explored further in Chapter 4.  

3.5.6 A new publicly available web-based interface allows the OVT73 

platform to be accessed by other HD researchers 

Data sharing has become an essential step in the discovery of disease processes, especially where 

the mechanism is complex and not well defined. Therefore, the final aim of the research 
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described in this chapter was to make the newly developed OVT73 platform accessible to the 

HD research community.  

To this end, with the help of UoA honours student, Matthew Grant, and use of the web-

development application, R Shiny, the R code used for data integration and basic exploratory 

analyses were written into R Shiny format, suitable for building a web-based interface. The 

platform is now hosted on https://hdsheep.cer.auckland.ac.nz/ and will be made freely and 

publicly available, pending the release of its associated paper. The website contains all the data 

from the 5-year-old sheep cohort along with basic statistical analyses that can be used to query 

variables of interest, without the need for prior programming knowledge. The analyses include 

an Independent t-test for significance (as described in the ‘OVT73_analysis.R’ script) and 

differential correlation analyses (using functions from exCorr), in addition to new analyses 

including Bootstrap and Permutation Tests, PCA and Gene Set Enrichment. 

The website homepage contains detailed information regarding the OVT73 model, the 5-year-

old cohort specifically, and includes a list of previously published findings (Figure 3.12). 

‘Analysis tabs’ within the website present different methods of exploratory data analysis, 

comparing OVT73 sheep to controls. The structure of the website allows researchers to query 

specific variables and tissues of interest within each tab, producing graphical and statistical 

outputs for interpretation.  

The ‘Student’s t-test’ tab, allows users to directly compare the expression levels of variables by 

transgenic status, using Student’s t-test as a measure for comparison (Figure 3.13). Due to small 

sample sizes, a more robust statistical test for significance is presented in the ‘Bootstrap and 

Permutation Tests’ tab.  

The method termed ‘PCA’ performs a principle components analysis on any selected dataset. 

Outputs from this analysis include a principle components variance plot, a list of variables that 

contribute to the most variation within each principle component and visualisation of sample 

relationships within the dataset.  

In addition, the website includes the data.cor() and gg.cor.plot() functions from the exCorr 

package, allowing the exploration of differential correlations within datasets.  

The ‘Gene Set Enrichment’ analysis (GSEA), which is a method that identifies classes of genes 

that are over-represented in a larger set of genes, provides outputs of the significantly enriched 

GO terms and KEGG pathways from lists of significantly differentially expressed genes within 

each transcriptomic dataset. 

https://hdsheep.cer.auckland.ac.nz/
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Due to the high level of computational analysis that is implemented within some tabs of the 

website, three of the high-throughput datasets needed to be subset prior to such analyses. These 

datasets (RNAseq [Ref. data 1 and 3] and proteomic [Ref. data 6]) were subset based on their 

OVT73 versus control statistical significance (Independent t-test: p < 0.05 or > 0.05). However, 

to continue the ethos of data sharing, all the original raw datasets can be downloaded under the 

‘More’ tab’ for more comprehensive analyses such as those accessible in the mixOmics R 

package. 

 

Figure 3.12: A screenshot of the OVT73 website homepage: ‘https://hdsheep.cer.auckland.ac.nz/’.  

The homepage contains detailed information about the OVT73 model, the 5-year-old cohort specifically and a description of the 
website aims. A list of previously published OVT73 findings is presented with hyperlinks directing the user to the source of each 
paper. ‘Analysis tabs’ located at the top of the webpage, direct the user to specific methods of exploratory data analysis, such as 
‘Student’s t-test’ for significance. Information on each individual dataset, 5-year-old cohort biometric data and additional information 
on the project are presented in sections under the ‘More’ tab. Users are also able to download each raw dataset to their local 
computer for further analysis 

 

‘Analysis tabs’ 
Previously published 
OVT73 findings 
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Figure 3.13: A screenshot of the ‘Student’s t-test’ page: ‘https://hdsheep.cer.auckland.ac.nz/’. 

The Student’s t-test’ page can be used to compare specific variables of interest between OVT73 and Control sheep, within each 
dataset. The dropdown menu on the left can be used to select the dataset for exploration and variables for OVT73 v Control 
comparison. Once the selection has been made, the website returns boxplots of the variable with its relative expression in Control 
and OVT73 samples. A Student’s t-test for significance is performed, returning a p-value for Control versus OVT73 comparison 
without adjustment, and Control versus OVT73 comparison, with adjustment for the sex of the sheep. The boxplot can be 
downloaded using the ‘download’ button. 

 

3.6. Discussion 

This chapter describes the development of a ‘multi-omic’ ovine database that can be used to 

explore potential mechanisms involved in Huntington’s disease pathogenesis. Examples of how 

the OVT73 platform can be analysed, using functions implemented in the programming 

language R, are described within different sections of this chapter. The OVT73 platform is now 

accessible to the HD research community, as a queryable web-based database. 

Multi-omic integration tools exist, for example ‘OmicsIntegrator’ (Tuncbag et al. 2016) and 

‘PIUMet’ (Pirhaji et al. 2016), have both been developed by the Fraenkel lab at Massachusetts 

Institute of Technology. However, a primary aim of this chapter was to create our own multi-

omic ovine database that could be hosted on a website for use by additional researchers. Thus it 

was imperative that our own platform was developed. The data included within the platform is 

comprehensive and consists of the individual datasets previously generated from a cohort of 5-

year-old OVT73 and control sheep. This included 3 transcriptomic, 1 proteomic, and 2 metabolic 

datasets, in addition to 3 datasets containing follow-up information on specific targets of 

interest, such as qPCR data. The data required considerable tidying and were initially re-

formatted into structures that could be used for pairwise analyses. Then, various scripts were 
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written to enable each dataset to be imported into R’s working environment and be validated for 

consistency with previous findings. Scripts also contained the code for exploratory multivariate 

analyses, using mixOmics, in addition to newly developed code, exCorr, for differential 

correlation analyses. A metadata file was also generated containing biometric data from each 

sheep (body weight, brain weight, post-mortem delay etc) to enable multivariate analyses. At 5-

years-old the transgenic model represents the prodromal stage of Huntington’s disease and can 

be used to investigate the molecular changes and cell dysfunction that occurs before overt cell 

death and clinical onset. OVT73 is one of the few large genetic animal models of Huntington’s 

disease, and the only one to express full length human HTT (Morton & Howland 2013). Previous 

studies comparing OVT73 sheep with controls within individual datasets have revealed that the 

transgenic model displays abnormalities that are characteristic of an early HD phenotype. These 

abnormalities include a disturbance in circadian rhythm (Morton et al. 2014), metabolic 

dysfunction (Handley 2014, Handley et al. 2016, Skene et al. 2017), changes in proteomic 

profiles (Patassini 2014), altered gene expression, and elevated brain urea (Handley et al. 2017).  

3.6.1 The OVT73 platform is intact and replicates previously published 

findings 

After successful construction of the OVT73 platform in R, initial exploratory analyses aimed to 

replicate and confirm the previously published findings. As expected, all significant findings in 

the 5-year-old OVT73 to date, previously identified in single dataset analyses, were replicated 

within the OVT73 data platform.  

A second aim of this validation phase was to provide new insights into dataset structure through 

unique graphical representations. For example, the heatmap output from correlation analysis of 

the GC-MS metabolite dataset [Ref. data 4] validate the previously described hypothesis that 

the transgenic sheep have a hyper-regulated metabolic phenotype (Handley et al. 2016). This is 

demonstrated by the increase in significantly correlated metabolite-metabolite pairs in the 

OVT73 liver and cerebellum samples (refer to Figure 3.2 and Figure 3.3). New visualisations of 

data can be easily generated within the OVT73 platform, due to R’s comprehensive graphical 

capabilities.  

Analysis of the OVT73 platform also confirmed that, as expected, SLC14A1 is consistently 

upregulated in the transgenic sheep within all three transcriptomic brain datasets (refer to Figure 

3.5). Visualisation of outliers using an annotated boxplot plot enabled comparison of individual 

data points between the datasets, with a greater amount of variability seen between the 

transgenic samples, for all datasets. SLC14A1 encodes a urea transporter and is responsible for 
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the facilitation of toxic urea down a concentration gradient (Olives et al. 1994). Very 

interestingly, we have recently found that urea levels are increased in the OVT73 sheep, and 

patient brain tissue (Patassini et al. 2015, Handley et al. 2017). These results postulate the 

hypothesis that the urea cycle is dysfunctional in HD and may contribute to its pathogenesis. 

This theory will be further explored in chapters 4, 5 and 6. 

3.6.2 Hypothesis-driven analysis of the OVT73 platform revealed a 

new circadian-related finding at the genetic level 

Once the data integrity and statistical methodology within the OVT73 platform was validated, 

the focus moved to further exploration, identifying new results using hypothesis-driven and non-

hypothesis driven approaches. Hypothesis-driven analysis of the OVT73 platform can be 

performed to gain novel insight into the mechanisms of HD, by querying variables of interest. 

As an example of this we sought to link conclusions made from a behavioural analysis of the 

OVT73 sheep to a genetic dataset in the platform. PER3, which is a core component of the 

circadian clock, was found to be significantly downregulated in the OVT73 animals (refer to 

Figure 3.6). Circadian abnormalities have previously been described in the OVT73 animals 

(Morton et al. 2014), but there has been no link to any specific genes as yet. Thus, the OVT73 

platform effectively serves as an exploratory database for specific queries. This finding provides 

a new hypothesis which could be further explored in pre-existing datasets from other HD 

models.    

3.6.3 Non-hypothesis-driven analysis of the OVT73 platform revealed 

new associations within and between datasets  

The next aim of data exploration was to identify and visualise the associations that exist between 

whole and integrated datasets, as a non-hypothesis-driven approach to discover as yet 

unidentified pathogenic mechanisms in HD. This method can be used to gain a more complete 

view of the OVT73 system compared to controls, whilst deriving new hypotheses. As a first 

approach, I sought to characterise variation in the datasets and search for obvious clustering of 

samples, using functions in the mixOmics R package. mixOmics was selected for multivariate 

analyses of the OVT73 platform, due to its ability to integrate different biological datasets, and 

produce useful graphical outputs that enable better understanding of relationships and 

correlation structures (Gonzalez et al. 2009, Gonzalez et al. 2012, Yao et al. 2012). A suitable 

method of transgenic versus control classification needed to be implemented, and then the 

variables that contribute to the largest sources of variation could be identified.  



 

92 

 

3.6.3.1 PCA can distinguish tissue type from metabolic profiles, but not transgenic 

status from expression data in individual OVT73 datasets 

Principle component analysis (PCA) of individual datasets did not demonstrate a separation 

between transgenic and control samples utilising any dataset. However, PCA using metabolic 

datasets that contained integrated data from multiple tissue types did show a clear clustering of 

tissue groups. This was evident not only between brains and peripheral tissues, but also between 

different brain regions (refer to Figure 3.7). This indicates that the different OVT73 tissues have 

distinct metabolic profiles, as expected, distinguishable by the variation in levels of the same 

metabolites. An issue with PCA however, is that it struggles to deal with small sample number, 

especially in datasets where the number of quantified variables vastly exceed the total number 

of samples (datasets of high dimension).  

3.6.3.2 sPLS-DA can distinguish transgenic status and reveal components that 

contribute to the largest sources of variation in individual OVT73 datasets 

A supervised method of sample classification (sPLS-DA) was able to discriminate transgenic 

and control samples within all individual datasets. Sparse Partial Least Squares – Discriminant 

Analysis (sPLS-DA) deals with the problem of high dimensionality and small sample number, 

by enabling the selection of the most predictive or discriminative features in the data, that help 

classify the samples (Lê Cao et al. 2011). Variables that contributed to the largest sources of 

variation could then be defined for each dataset. The example shown (refer to Figure 3.8), 

demonstrates the application of sPLS-DA on a large brain transcriptomic dataset [Ref. data 1], 

alongside a plot of the top variables that contribute to T v C separation. The most discriminative 

features of this transcriptomic dataset are RIMKLB, U6, LAMP3 and SLC14A1, which are 

primarily involved in metabolism, mRNA splicing, dendritic cell function and urea transport, 

respectively. These transcripts are all significantly differentially expressed in OVT73, and 

therefore it makes sense that they contribute the largest source of variation within the dataset. 

Variables that contribute to the most variation within datasets are useful in that they can be used 

in prediction models to determine the status of additional samples. They also have potential as 

biological markers for disease confirmation or monitoring over time. In addition, their 

differences between OVT73 and control animals suggest that they have an integral role in the 

transgenic model, and warrant selection for further investigation. For example, these transcripts 

of interest can be explored further in the OVT73 platform, using ‘multi-omic’ correlation 

approaches, or in laboratory-based experiments. 
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3.6.3.3 rCCA reveals tissue-specific differences in the pairwise-correlation between 

same metabolite pairs, that have been quantified using separate methods 

Determining pairwise correlations between individual variables and whole datasets, allow the 

researcher to gain insights into biological relationships and structures. Regularised Canonical 

Correlation Analyses (rCCA) were performed on integrated datasets, to measure the associations 

between two sets of variables that had been obtained from the same sheep samples. As an 

example, this was applied to two metabolite datasets that had been previously collected from 

the same tissue samples and had been measured via separate techniques. Metabolic profiles from 

the two liver datasets were strongly positively correlated (refer to Figure 3.9), indicating that 

similar relative metabolite levels were measured across the sample set despite being quantified 

via different techniques. The same could not be said for the metabolic profiles taken from the 

two brain regions. These metabolite-metabolite pairs were not strongly correlated. This 

discordance may have arisen due to a difference in the sensitivity of the GC-MS and LC-MS 

metabolite quantification techniques or be due to variation in metabolite levels between the 

different sub-samples of each tissue analysed by each method. Both methods of metabolite 

quantification destroy the sample analysed, thus different sub-samples were used in each study. 

It could be postulated that cell types in the liver are more homogenous than cell types in the 

brain, thus a slight variation in the precise sampling region may result in very different 

metabolite profiles for brain, but not liver. Supporting this, a hyper-regulated metabolic state, 

whereby all metabolites are positively correlated with each other, is most evident in the liver 

(indicated by the clustering of all metabolites in the top right corner of the plot). Overall, this 

multivariate analysis highlights the importance of reliable and accurate biological quantification 

methods, which result in good data for subsequent analyses. Data that is ‘noisy’, will lead to the 

generation of noisy results.  

3.6.3.4 rCCA reveals ‘multi-omic’ associations that differ between OVT73 and 

Control groups 

The rCCA method of data integration was also applied to explore correlations between datasets 

of completely different ‘omic’ type. As an example of this I performed rCCA on two integrated 

datasets to explore associations between transcriptomic and proteomic variables collected from 

the striatum (refer to Figure 3.10). Transgenic and control samples were separated prior to the 

rCCA so the results could be compared in order to gain insight into disease mechanisms in the 

OVT73 samples. These outputs are complex and must be examined to identify points of interest. 

One result of interest was the strong positive correlation between SLC14A1, RHCG, CDV3 

homolog and extended synaptotagmin-1 in the transgenic samples, but not controls. SLC14A1 
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and RHCG are involved in urea and ammonia transport, respectively (Olives et al. 1994, Liu et 

al. 2000), and are both significantly transcriptionally upregulated in the transgenic striatum 

(Handley et al. 2017). This gene/protein association, which would not have been discovered 

without assembly of the OVT73 platform, can now be investigated further. The protein CDV3 

homolog, is the Carnitine deficiency-associated protein 3. The gene encoding this protein was 

first discovered to be significantly upregulated in carnitine-deficient mice, hence its name 

(Fukumaru et al, 2002). Its upregulation in the OVT73 striatum suggests that there may be a 

carnitine deficiency in the transgenic sheep model. Interestingly, carnitine deficiencies have 

been known to cause elevated ammonia and hyperammonemic encephalopathy (Limketkai & 

Zucker 2008), providing a mechanistic link between the protein and elevated transcription of 

RHCG and SLC14A1 genes. Indeed, neurotoxicity caused by elevated ammonia and/or 

glutamate has been treated with carnitine (O'Connor et al. 1984, Llansola et al. 2002). A direct 

relationship between extended synaptotagmin-1, SLC14A1 and RHCG cannot be inferred from 

current knowledge, but the protein is known to be involved in neuropsychiatric disorders 

(Focking et al. 2015). The gene encoding extended synaptotagmin-1, ESYT1, was found to be 

3.6-fold higher in the brains of schizophrenic patients (Focking et al. 2015), thus its elevated 

expression in the OVT73 sheep suggests that it may contribute to psychiatric disturbances in HD 

individuals.  The rCCA of integrated data types could not have been implemented without initial 

assembly of the OVT73 platform. The results presented here provide us with evidence for a 

‘multi-omic’ association that could in-part explain a molecular mechanism specific to the HD 

sheep. 

3.6.4 The exCorr package can be used to identify differential 

correlations within and between datasets 

While rCCA can be used to identify correlations between two datasets in an exploratory manner, 

it does not calculate informative correlation statistics between variable-variable pairs, with 

separation of two groups. Differences in variable-variable correlation structures can be used as 

an alternative method for the comparison of two groups. This was considered important for 

analysing the OVT73 platform as differential correlation can provide insight into differential 

regulation of genes, proteins and metabolites in disease (Santiago et al. 2017). The R package, 

exCorr, was therefore developed during the course of this thesis, for identifying differential 

correlations within the OVT73 ‘multi-omic’ platform, as another means to compare transgenic 

and control samples.  
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3.6.4.1 exCorr contains three functions, fulfilling three separate aims 

This package contains three functions, which fulfil three separate aims. The first aim was to 

identify the most significant differential correlations that exist within a whole dataset. This is 

achieved using the data.cor() function, which calculates correlation statistics for all possible 

variable-variable pairs within a dataset, and can order differential correlations by fisher-r-to-z 

significance. The second aim was to take a more queried approach and identify differential 

correlations that exist between a variable of interest and all other variables within a specified 

dataset. This is achieved using the cor.var.compare() function, which can again list differential 

correlations in order of significance, with a specified focus on a variable of interest. The third 

aim was to make these differential correlations interpretable via a suitable graphical output, and 

is accomplished using the gg.corr.vis() function.  

3.6.4.2 exCorr can be used to identify differentially correlated variables, with 

graphical representation for interpretation 

As an example of its functionality, exCorr was applied to a gene expression dataset from the 

OVT73 sheep, NanoString DM [Ref. data 2]. The most significant differential correlation within 

the dataset was between CHST8 and FEZF2 (refer to Table 3.1) although this was not significant 

after BH adjustment. CHST8 and FEZF2 were significantly positively correlated in the control 

samples, but negatively correlated in the transgenic samples. CHST8 encodes carbohydrate 

sulfotransferase 8 and FEZF2 encodes FEZ family zinc finger 2. CHST8 is responsible for 

sulfation of GalNAc on luteinizing hormone (LH) and is required for production of the sex 

hormones (Xia et al. 2000), while FEZF2 is involved in nervous system development and 

neuronal differentiation (Shim et al. 2012), although a literature search reveals no direct 

functional link between them. If we assume that the positive correlation observed in control 

samples is normal, then we can hypothesise that the association has been disrupted in the 

transgenic samples. The disrupted interaction may be caused by the presence of the transgene, 

or else occurred as a downstream consequence.  

An alternative way of using the exCorr package is through direct differential correlation analysis 

of a specific gene of interest. For example, the cor.var.compare() function was used to determine 

the most significant differential correlations between our primary gene of interest, SLC14A1, 

and all other genes in the NanoString DM dataset [Ref. data 2]. The most significant differential 

correlation with SLC14A1 was RHCG, although this was not significant after BH adjustment. 

This association was graphically displayed using the gg.corr.vis() function (refer to Figure 3.11). 

There is a gain of positive correlation between the two genes in the transgenic samples, which 
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is not observed in controls. SLC14A1 encodes a urea transporter (Olives et al. 1994) and RHCG 

encodes an ammonia transporter (Liu et al. 2000). A positive gain of association could indicate 

that SLC14A1 and RHCG respond together in OVT73. Results from this differential correlation 

analyses were included in our recent publication (Handley et al. 2017). This paper also describes 

our recent observation that urea levels are higher in the OVT73 striatum (Handley et al. 2017), 

so it is reasonable to assume that the altered correlation represents an upregulation in 

transcription of these genes, to remove toxic levels of urea and/or ammonia in the transgenic 

brain. This hypothesis will be explored further in subsequent chapters.  

3.6.5 Initial exploratory analysis of the OVT73 platform suggests there 

is a metabolic phenotype in the OVT73 animals, which will be investigated 

further 

Data from the 5-year-old sheep cohort was manipulated during the process of integration, and 

the subsequent generation of the OVT73 platform. After incorporation into the platform, we still 

obtain the same significant results when we analyse the data. This concordance of findings 

provides reassurance that the data within the platform is intact. The small selected sample of 

exploratory results presented in this chapter point toward a disrupted metabolic phenotype in 

the OVT73 animals, and that the liver is the most affected tissue. This supports and extends our 

previously published hypothesis that a hyper-regulated metabolic state exists in the transgenic 

animals (Handley et al. 2016). SLC14A1 is a particular gene of interest due to its consistent 

upregulation in many transcriptomic datasets, in addition to its significant OVT73-specific 

associations with other transcripts and proteins involved in the ammonia/urea regulation (RHCG 

and CDV3 homolog). Now that the OVT73 platform is fully queryable and functioning, further 

directed analyses of the datasets can take place, focusing on urea and metabolism as a primary 

direction of interest. This will be the focus of chapter 4. 

3.6.6 The OVT73 platform is available to the HD research community, 

allowing new discoveries to be made 

Data sharing in an essential process for the progression of any science, and so to promote this 

ethos the OVT73 database was incorporated into a web-based interface accessible via 

https://hdsheep.cer.auckland.ac.nz. The website presents data from the only current ovine model 

of Huntington’s disease and can be used by researchers without prior programming knowledge. 

Specific variables of interest can be explored within each dataset, comparing the expression 

levels between control and OVT73 animals, using a range of exploratory methods. Alternatively, 

https://hdsheep.cer.auckland.ac.nz/
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raw datasets can be downloaded by the user for their own analyses. The majority of current 

publicly available HD databases are from mouse (Lee et al. 2007, Fossale et al. 2011, Langfelder 

et al. 2016) and late-stage human (Hodges et al. 2006, Runne et al. 2007) studies. Thus, the 

OVT73 database is a unique resource, providing another layer of evidence and hypotheses for 

prodromal mechanisms of HD pathogenesis.  
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 Investigation of the urea cycle 

and metabolism within the OVT73 data 

platform, with comparison to other publicly 

available HD datasets. 

4.1. Overview 

This chapter describes the use of the OVT73 data platform to investigate specific targets 

identified through ongoing HD research, in order to generate further testable hypotheses for 

mechanisms of pathogenesis. Because of recently emerging evidence, the specific area selected 

for further investigation was metabolism, and in particular the urea cycle. The OVT73 platform 

provides a comprehensive and unbiased set of data and the tools to interrogate the OVT73 system 

relative to age matched controls. The construction, validation, and exploratory analysis of the 

integrated ‘multi-omic’ OVT73 data platform was described in Chapter 3. The current chapter 

describes a more focused examination of the biological meaning behind the outputs and their 

relatedness to HD through further question-driven analyses.  

Prior to and during the course of this work, the urea cycle was implicated in Huntington’s 

disease, with the detection of elevated brain urea in HD patients (Patassini et al. 2015, Handley 

et al. 2017) and the OVT73 model (Handley et al. 2017). This finding corresponds with the 

identification of elevated SLC14A1 and RHCG transcript levels in OVT73 brain, encoding a urea 

transporter and ammonia transporter, respectively (Handley et al. 2017). As described in the 

literature review, one of the important clinical features of HD is that mutant HTT carriers in the 

early stages of disease weigh less on average, and maintain their weight differential through the 

symptomatic phase, despite increased caloric intake (Djousse et al. 2002, Robbins et al. 2006, 

Aziz et al. 2008). In concordance with this observation, hypermetabolism has been described as 

an early marker of human HD pathogenesis (Underwood et al. 2006, Mochel et al. 2011, Mochel 

& Haller 2011), with evidence suggesting that mutant huntingtin is a direct cause of the cellular 

energy deficit (Seong et al. 2005). A hyper-regulated metabolic state is also evident in OVT73 

animals (Handley et al. 2016), reinforcing the validity of the sheep as a prodromal HD model 

that can be used to identify pathogenic mechanisms of the disease.  
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To build upon our results to date, it was decided that the OVT73 data platform would be further 

investigated using a more directed method that focusses on the metabolic and urea cycle 

pathways specifically. The broad aim of the research described in this chapter was to reveal 

disrupted components of the urea cycle and metabolism in OVT73, using an ‘association by 

correlation’ approach. These components were then compared to additional HD databases, 

providing further insight into the potential contributors to HD pathogenesis. Initially the exCorr 

package (developed in Chapter 3) was used to further investigate the primary gene of interest, 

SLC14A1, and the metabolite urea, through differential correlation analyses. As mentioned 

above, the upregulation in SLC14A1 transcription is accompanied by elevated brain urea 

(Handley et al. 2017), however, a direct mechanistic link between SLC14A1, urea, and mutant 

HTT had not yet been identified.  

Subsequently, SLC14A1 and urea (quantified in the brain) were selected for specific differential 

correlation analyses with genes in brain transcriptomic datasets, and metabolites in an external 

liver metabolic dataset. Pairwise variable-variable correlations were determined for both OVT73 

and control samples, identifying significant changes in correlation structures. Changes in 

correlation structure were then visualised using the gg.corr.vis() function, to supplement 

understanding of the interactions. This identified significant SLC14A1 and urea associations for 

interpretation. 

In order to identify broad molecular pathways involved in the brain urea phenotype a weighted 

gene correlation network analysis (WGCNA) was applied to two sets of OVT73 brain 

transcriptomic data. The WGCNA approach groups genes quantified in OVT73 animals into co-

expressed statistically defined modules based on pairwise correlation. These gene modules are 

then correlated to traits of interest (e.g. urea), and genes of high association are extracted for 

enrichment analysis. Inferences can then be made from the enrichment outputs, providing 

insights into biological mechanisms, for instance those that govern urea production and/or 

accumulation.  

To find further support for or reject hypotheses that arose from the OVT73 correlation analyses, 

two other sources of publicly available HD data were investigated for comparison. The data sets 

used were from an RNAseq study on a mouse knock-in model allelic series (Langfelder et al. 

2016), and a human post-mortem microarray study (Hodges et al. 2006). Genes functioning in 

the urea cycle-related pathways were specifically queried within each dataset and assessed, for 

cross-species similarities or differences in differential expression. The mouse dataset also 

enabled a detailed comparison of urea cycle transcriptional changes relative to a range of CAG 

repeat lengths. Longer repeats are associated with earlier disease onset in patients and this mouse 
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model (Cummings & Zoghbi 2000, Menalled et al. 2003, Jacobsen et al. 2011, Menalled et al. 

2012, Langfelder et al. 2016). In concordance with this, we hypothesised that increasing CAG 

repeat length in the mice would be associated with a higher degree of transcription change in 

genes that are mechanistically linked to mutant HTT. A limited analysis of changes in urea cycle 

differential gene expression relative to CAG length was also undertaken for the HD human 

dataset based on the available metadata. The results based on the urea cycle dysfunction 

hypotheses presented in this chapter, became the basis for laboratory-based analyses and 

validation presented in Chapters 5 and 6.  

4.2. General Aim 

Explore the molecular mechanism of the urea phenotype in HD by investigating relationships 

between the molecular components of the urea cycle and metabolism, using correlation analyses 

within the OVT73 data platform. Subsequently, strengthen mechanistic links of these variables 

to mutant HTT by identifying CAG repeat length related gene expression correlations in open 

source HD mouse and human transcriptome data, with comparison of results to the OVT73 data. 

From the collective analyses, make biological inferences and generate hypotheses to investigate 

in subsequent laboratory studies.  

4.3. Specific Aims 

1. Determine correlation between brain-derived SLC14A1 and urea, and brain-derived 

HTT transgene and urea. 

2. Explore SLC14A1-transcript specific differential correlations in the OVT73 data 

platform using the exCorr package. 

3. Investigate transcriptomic-urea concentration relationships through weighted gene 

correlation network analyses (WGCNA) and subsequent gene enrichment analysis 

in the OVT73 data platform. 

4. Use open source transcriptome data collected from HD mouse model and human HD 

studies for comparative analysis and investigate trends with CAG repeat length. 
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4.4. Methods 

4.4.1 Identification of differentially correlated variables between 

control and OVT73 samples using the exCorr package  

To identify statistically significant variable-variable associations present in the wild-type 

animals and disrupted in the OVT73 model or vice versa, differential correlation analysis 

functions within the exCorr package (developed and described in full in Chapter 3) were used. 

The exCorr package is available to download via https://github.com/emily5/exCorr.  

4.4.2 Weighted gene correlation network analysis (WGCNA) of 

OVT73 striatum transcriptomic data, to identify gene expression 

associated with brain urea levels 

To relate OVT73 brain transcriptomic data to urea levels in the brain, a weighted gene correlation 

network analysis (WGCNA) was performed on high-throughput transcriptomic data collected 

from the 5-year-old transgenic sheep cohort, listed as [Ref. data 1] and [Ref. data 3], in Table 

2.5. 

The analysis was performed using the WGCNA R package, version 1.60 (Langfelder & Horvath 

2008). WGCNA R scripts were obtained from the websites’ tutorial page 

(https://labs.genetics.ucla.edu/horvath/CoexpressionNetwork/Rpackages/WGCNA/Tutorials/in

dex.html) and parameters were adjusted according to the reference manual. Using data from 

OVT73 samples only (n = 6), two high-throughput brain transcriptomic datasets; RNAseq of 

striatum tissue [Ref. data 1], and RNAseq of matrix-derived striatal neurons [Ref. data 3] 

underwent WGCNA, in two independent analyses. The analysis was undertaken using only the 

transgenic (and not control) data as its function is to establish relationships between variables 

within the affected brain. For each analysis, WGCNA initially identified clusters (modules) of 

highly correlated genes. Each of the gene modules were then related to external urea metabolite 

data collected from the same brain samples through pairwise correlations, and modules that were 

significantly correlated with urea were identified (p<0.05). Within these significantly urea-

correlated gene modules was a subset of intramodular hub genes of interest. These intramodular 

hub genes were defined as those which were most significantly correlated with other genes in 

the module (p<0.05) and most significantly correlated with urea (p<0.05). Intramodular hub 

genes of interest that met the above criteria were extracted as gene lists and used for subsequent 

https://github.com/emily5/exCorr
https://labs.genetics.ucla.edu/horvath/CoexpressionNetwork/Rpackages/WGCNA/Tutorials/index.html
https://labs.genetics.ucla.edu/horvath/CoexpressionNetwork/Rpackages/WGCNA/Tutorials/index.html
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gene enrichment analyses. R code for the brain transcriptomic WGCNA is provided in 

Supplementary data entitled ‘OVT73_WGCNA_brain.R’. 

4.4.3 Use of the Database for Annotation, Visualisation and Integrated 

Discovery (DAVID) for biological enrichment analyses 

The Database for Annotation, Visualisation and Integrated Discovery (DAVID) Bioinformatics 

Resource 6.8 (Dennis et al. 2003) was used for enrichment and functional annotation of the gene 

lists obtained from WGCNA. Annotation categories were pre-selected for each enrichment 

analysis. The default gene ontology categories were ‘GOTERM_BP_DIRECT’, 

‘GOTERM_CC_DIRECT’ and ‘GOTERM_MF_DIRECT’ for biological process, cellular 

component and molecular function respectively, along with one pathway category; 

‘KEGG_PATHWAY’, and one function category; ‘UP_KEYWORDS’. Since Huntington’s 

disease is a human disease, annotations were limited to those identified in ‘Homo sapiens’ under 

the species categorisation. 

4.4.4 Comparative analysis using human HD microarray data 

To investigate genes of interest within a HD patient dataset, human HD transcription microarray 

data was obtained from the Gene Expression Omnibus (GEO) (accession number: GSE3790). 

This study performed microarray expression profiling on brain tissue from a large sample of 

post-mortem HD cases (n = 44) and unaffected controls (n = 36), including cerebellum, frontal 

cortex and caudate nucleus brain regions (Hodges et al. 2006). 

 In order to undertake the analysis, the data was imported from the GEO into R using ‘Biobase 

version 2.34.0’ and ‘GEOquery version 2.40.0’ R packages. Twelve urea cycle genes of interest 

(CPS1, OTC, ASS1, ASL, ARG1, NAGS, ARG2, GLUL (GS), GLS, GLUD1, SLC14A1 and 

RHCG) were selected based on their direct involvement in the urea cycle and 

upstream/downstream processes. For gene names see Abbreviations. These genes were queried 

within the GPL96 platform for significant gene expression differences between HD cases and 

controls. In addition, CAG allele length data was used to identify significant long-allele repeat 

length associations with gene expression. The analysis focused only on the caudate nucleus (CN) 

brain region. The expression level of the genes of interest were plotted against the longer CAG-

length allele (labelled allele 2) and a linear model was fitted to identify trends of significance 

(p<0.05). Any quoted significance values for differentially expressed genes (HD v control 

cases) were obtained from (Hodges et al. 2006) as listed in their supplementary file ‘TableS1’. 

As stated in the paper by Hodges and colleagues, in cases where multiple probesets represent 
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the same mRNA, the statistical results for the probeset with the largest magnitude of change is 

reported. Similarly, these probesets were used in the allele repeat length association analysis 

performed in R.  The R code used to import and analyse the human microarray data is provided 

in Supplementary data, denoted ‘human_microarray.R’. 

4.4.5 Comparative transcription level analysis using the HD knock-in 

mouse model allelic series data 

To investigate relative levels of expression of selected genes in the HD mouse allelic series 

dataset, data was directly downloaded from Gene Expression Omnibus (accession number: 

GSE65776) and imported into R as csv files.  

The massive and comprehensive mRNA sequencing experiment was undertaken to reveal 

transcription differences across samples from different aged (2, 6 and 10-month-old) 

heterozygous knock-in HD mice with different CAG repeat lengths  (20, 80, 92, 111, 140 and 

175 units), sampling striatum, cortex and liver regions (Langfelder et al. 2016). The mice 

express one wild-type endogenous Htt allele (7 CAG repeats) and a second Htt allele with 

knock-in of human mHTT exon 1 carrying one of six different CAG repeat lengths. At each of 

the three time points (2, 6, 10 months), 4 female and 4 male heterozygous knock-in mice from 

each of the six Htt CAG repeat lengths were profiled, resulting in 48 samples from each tissue 

and each time point, and a total of 432 RNAseq sample profiles. These 432 RNAseq profiles 

were imported into the R working environment for hypothesis-driven analyses. Data from 

littermate wild-type (WT) control animals (carrying two copies of the endogenous murine Htt 

with 7 CAG repeats) was also available for all tissues.  

The 12 urea cycle genes of interest (CPS1, OTC, ASS1, ASL, ARG1, NAGS, ARG2, GLUL (GS), 

GLS, GLUD1, SLC14A1 and RHCG) were queried within the striatal dataset and significantly 

differentially expressed genes were determined using an Independent t-test (p < 0.05). 

Comparisons were made between WT mice and combined data from heterozygous mice with 

expanded CAG repeats of 80, 92, 111, 140 and 175 units. Heterozygous mice with a CAG repeat 

length of 20 units were excluded from the comparative analysis as CAG = 20 falls below the 

HD disease range. Heterozygous mutant mice of combined repeat lengths are designated HD, 

unless otherwise specified.  

In addition, the transcription levels of genes of interest in the HD mice were also plotted against 

CAG repeat length to identify repeat length associated significant trends. This analysis included 

heterozygous mouse data from all CAG repeat lengths; 20, 80, 92, 111, 140 and 175 units. A 
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linear model was fitted to each gene to identify significant associations. Gene expression-CAG 

length relationships were deemed significant if (p<0.05; linear regression analysis). An R script, 

containing the code to analyse the mouse allelic series data is provided in Supplementary data 

as ‘mouse_allelic_series.R’. 

4.5. Results  

The research included in this chapter describes how the OVT73 data platform can be queried 

starting with specific traits or variables of interest. The results presented focus on exploring the 

associations between components of the urea cycle and metabolism using ‘multi-omic’ 

correlation analyses. Specifically, this ‘association by correlation’ approach is investigated 

through differential correlation analyses, WGCNA, gene enrichment studies and additional 

comparative cross-species analyses. A range of hypotheses are considered, before determining 

a direction for subsequent laboratory-based investigations. 

Refer to Figure 3.1 for an overview of the type of data integrated into the OVT73 platform and 

the exploratory methods used for data association in this Chapter. 

4.5.1 Differential correlation analyses reveal OVT73-specific gains and 

losses in variable-variable correlations 

To identify variable-variable correlations that are disrupted or gained in the OVT73 model, a 

differential correlation analysis (OVT73 vs. controls) was performed. Differential correlation 

occurs when two variables show dissimilar associations between biological groups. It is used as 

an alternative method of identifying dysfunctional regulatory networks in disease (de la Fuente 

2010). Differentially correlated variables have previously been identified between metabolites 

in the 5-year-old OVT73 sheep, indicating that hypermetabolism exists in the transgenic liver 

and cerebellum. (Handley et al. 2016).  

To identify differential correlations specifically related to the transcription of SLC14A1 and urea 

levels in the brain, the exCorr package developed in Chapter 3 was applied to the OVT73 

platform. SLC14A1, is our primary transcript of interest due to its consistent upregulation across 

many OVT73 genetic datasets (Handley et al. 2017) and having been identified as upregulated 

in human HD cases (Hodges et al. 2006). Elevated levels of urea have also been detected in the 

OVT73 and human HD brains (Patassini et al. 2015, Handley et al. 2017), suggesting a 

pathogenic route for neurodegeneration in HD. However, whether there is a direct link between 

SLC14A1, urea and mutant HTT is unknown. Thus, this section aims to identify biological 
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relationships that exist between these variables, and others, and how they differ in OVT73 and 

control animals, through differential correlation analyses.  

4.5.1.1 Pairwise correlation between urea metabolite levels, SLC14A1 transcript 

expression and the HTT transgene in the 5-year-old cohort. 

First, to investigate the consistency of SLC14A1 expression in the different transcriptomic 

datasets in the OVT73 platform, a pairwise correlation analysis was performed, using all 12 

samples from the 5-year-old cohort. SLC14A1 is quantified in 4 separate datasets that analysed 

4 different sub-regions of the striatum, using two methods. Two RNAseq studies quantified 

SLC14A1 in the dorsal-medial portion of striatum [Ref. data 1] and matrix-derived neurons of 

the striatum [Ref. data 3], and a NanoString study quantified SLC14A1 in the dorsal-lateral (DL) 

and dorsal-medial (DM) portions of striatal tissue [Ref. data 2].  

The pairwise correlation coefficients between SLC14A1 variables within the 4 transcriptomic 

datasets ranged from r = 0.71 to r = 0.98 and were highly statistically significant (p < 0.01), as 

expected. The most significant SLC14A1-SLC14A1 correlation pair was between the RNAseq 

DM striatum and NanoString DM striatum datasets (r = 0.98, p = 1.62-08), as shown in Figure 

4.1. This highlights the consistency in SLC14A1 transcript expression when detected in the same 

striatal regions (DM tissue), despite being quantified using independent methods, RNAseq and 

NanoString.  
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Figure 4.1: Pairwise correlation of SLC14A1 expression quantified in two OVT73 transcriptomic datasets.  

SLC14A1 (quantified in the RNAseq DM medial striatum dataset) and SLC14A1 (quantified in the NanoString DM striatum dataset) 
underwent pairwise correlation analysis within the OVT73 data platform (n = 12). The two SLC14A1 variables are significantly 
positively correlated in the dorsal-medial (DM) portion of striatal tissue, r = 0.98, p = 1.62e-08. 

 

SLC14A1 encodes a urea channel that facilitates transmembrane urea transport down a 

concentration gradient (Olives et al. 1994), thus, expression of the SLC14A1 gene is likely to be 

correlated with urea levels. To assess this hypothesis, SLC14A1 expression was correlated to 

urea levels quantified in the striatum. This was done for all 4 transcriptomic datasets that 

contained SLC14A1 data. Pairwise correlation statistics between SLC14A1 and urea were 

calculated within the OVT73 data platform, and the output is presented in Table 4.1. Striatal urea 

levels were significantly positively correlated with SLC14A1 expression within the RNAseq DM 

striatum dataset (r = 0.65, p = 0.022) and NanoString DM striatum dataset (r = 0.64, p = 0.024).  

 

Table 4.1: Pairwise correlation statistics between striatal urea levels and SLC14A1 measured in different transcriptomic 
datasets.  

SLC14A1 was quantified in 4 different transcriptomic datasets, listed in the first column. Within the OVT73 data platform, each 
SLC14A1 variable underwent pairwise correlation analysis with urea metabolite levels quantified in a single striatum-derived 
dataset. Pearsons correlation coefficient (r) was computed for all 12 samples, irrespective of transgenic status (n = 12). The 
significance of the correlation is indicated by the P-value (*P < 0.05). DM = dorsal-media portion of anterior striatum, DL = dorsal-
lateral portion of anterior striatum. 

SLC14A1-derived dataset for pairwise correlation  

with brain urea levels 

Pearson’s correlation 

coefficient (r) 

P-value 

RNAseq DM striatum [Ref. data 1] 0.65 0.022* 

RNAseq LCM matrix-derived striatal neurons [Ref. data 3] 0.51 0.093 

NanoString DL striatum [Ref. data 2] 0.47 0.120 

NanoString DM striatum [Ref. data 2] 0.64 0.024* 
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Another correlation analysis was performed to assess whether expression of the mutant 

huntingtin transgene is correlated with striatal urea levels in OVT73 animals (n = 6). The HTT 

transgene was quantified in both tissues within the NanoString striatum dataset [Ref. data 2]. 

Interestingly, striatal urea levels were significantly correlated with HTT transgene expression in 

DL tissue (r = 0.81, p = 0.049), but not DM tissue (r = 0.61, p = 0.199) at the nominal level.  

4.5.1.2 Differential correlations between striatal SLC14A1 and genes of interest 

expressed in the striatum in the OVT73 sheep 

To identify SLC14A1-associated correlations that may be differential between OVT73 and 

control samples, the exCorr package was applied to the OVT73 data platform for specific 

hypothesis testing. Differentially correlated transcripts were defined where the levels of two 

transcripts were correlated within either the controls or the transgenics, but not in the opposite 

state.  

The cor.var.compare() function was used to expose the most significant differential correlations 

between SLC14A1 and genes of interest in the four transcriptomic datasets. This included: 

 A subset of other differentially expressed genes within the RNAseq DM striatum [Ref. 

data 1] dataset (DE genes = 432, p<0.05),  

 A subset of differentially expressed genes within the RNAseq LCM matrix-derived 

striatal neuron dataset [Ref. data 3] (DE genes = 432, p<0.05), 

 The entire NanoString DM striatal dataset [Ref. data 2, DM] (genes = 24), and  

 The entire NanoString DL striatal dataset [Ref. data 2, DL] (genes = 24). 

The corresponding SLC14A1 variable as it was expressed within each dataset was used for each 

differential correlation analysis. This identified 7 differentially correlated transcripts with 

SLC14A1 in the RNAseq DM striatum data subset (fisher r-to-z < 0.05) (Table 4.2) and 19 

differential correlations in the RNAseq LCM neuron data subset (fisher r-to-z < 0.05) (Table 

4.3). A single differentially correlated transcript, RHCG, was significantly differentially 

correlated with SLC14A1 in the NanoString DM striatum dataset (rControl = -0.29, pControl = 

0.5711, rOVT73 = 0.90, pOVT73 = 0.0135, fisher r-to-z; p=0.0279), and no transcripts were 

differentially correlated with SLC14A1 in the NanoString DL striatum dataset. Due to the small 

sample size (OVT73 = 6, Control = 6) no fisher r-to-z statistics remained significant after BH 

adjustment.  

 



 

108 

 

Table 4.2: Differential correlations between SLC14A1 and differentially expressed genes in the OVT73 RNAseq DM 
striatum dataset.  

SLC14A1-transcript specific differential correlation analysis was performed using all other differentially expressed (DE) genes 
within the RNAseq DM striatum dataset [Ref. data 1]. Statistical values were calculated using the cor.var.compare() function within 
the exCorr R package. Pearson’s correlation coefficient and associated p-value was used as a measure of gene association within 
the Control and OVT73 groups respectively. The fisher r-to-z statistic was used to identify gene correlations that were different 
between the OVT73 and Control samples, and the significance of this difference was adjusted using the Benjamini-Hochberg 
procedure to account for multiple testing (*P <0.05). Genes are ordered by the fisher r-to-z statistic. 

Gene in RNAseq 
DM Striatum 

SLC14A1 - gene 
Correlation in Controls 

Control 
Correlation  
p-value 

SLC14A1 - gene 
Correlation in OVT73 

OVT73 
Correlation  
p-value 

Fisher r-
to-z  
p-value 

BH p-value 
adjustment 

THBD 0.64 0.173 -0.90 0.013 0.006* 0.957 

SNORD53 0.79 0.060 -0.69 0.130 0.019* 0.957 

CPAMD8 -0.24 0.649 0.93 0.008 0.022* 0.957 
U1 -0.30 0.564 0.91 0.012 0.026* 0.957 
TMEM212 0.82 0.046 -0.52 0.294 0.034* 0.957 
COL24A1 0.45 0.368 -0.84 0.037 0.037* 0.957 
ESPNL -0.34 0.509 0.85 0.030 0.047* 0.957 

 

Table 4.3: Differential correlations between SLC14A1 and differentially expressed genes in the OVT73 LCM striatal neuron 
dataset.  

SLC14A1-transcript specific differential correlation analysis was performed using all other differentially expressed (DE) genes 
within the RNAseq LCM striatal neuron dataset [Ref. data 3]. Statistical values were calculated using the cor.var.compare() function 
within the exCorr R package. Pearson’s correlation coefficient and associated p-value was used as a measure of gene association 
within the Control and OVT73 groups respectively. The fisher r-to-z statistic was used to identify gene correlations that were 
differential between the OVT73 and Control samples, and this value was adjusted using the Benjamini-Hochberg procedure. A 
total of 19 genes were differentially correlated with SLC14A1, as determined by fisher r-to-z (p < 0.05). However, none of these 
genes remained significant after BH adjustment. Genes are ordered by the fisher r-to-z statistic. 

Gene in 
RNAseq LCM 
Neuron 

SLC14A1 –gene 

Correlations in 

Controls 

Control 

correlation p-

value 

SLC14A1-

gene 
Correlations 

in OVT73 

OVT73 

correlation  
p-value 

Fisher 
r-to-z  
p-value 

BH p-value 

adjustment 

GRM8 -0.58 0.223 0.94 0.005 0.003 0.968 

ELFN2 -0.19 0.718 0.97 0.001 0.004 0.968 

TUBA1C -0.40 0.432 0.96 0.003 0.004 0.968 

CCDC135 0.92 0.009 -0.38 0.452 0.015 1.000 

FAM19A4 -0.18 0.728 0.95 0.004 0.016 1.000 

KIF1C 0.79 0.063 -0.68 0.140 0.021 1.000 

PRKCA 0.02 0.968 0.96 0.003 0.021 1.000 

DCDC2B 0.70 0.124 -0.75 0.083 0.024 1.000 

ETHE1 0.87 0.025 -0.40 0.429 0.032 1.000 

PLXNA3 0.20 0.699 0.96 0.002 0.033 1.000 

CADPS2 0.39 0.440 -0.87 0.026 0.034 1.000 

DNAH9 0.58 0.225 -0.79 0.064 0.034 1.000 

POMC -0.63 0.183 0.76 0.081 0.035 1.000 

SLC6A17 -0.24 0.651 0.90 0.014 0.036 1.000 

PRICKLE2 -0.70 0.122 0.69 0.130 0.036 1.000 

MEI1 0.48 0.330 -0.82 0.044 0.038 1.000 

RAPGEF2 -0.33 0.528 0.87 0.024 0.040 1.000 

MX2 -0.11 0.834 0.91 0.011 0.041 1.000 

S100A2 0.45 0.372 -0.82 0.046 0.045 1.000 

 

The most statistically significant differentially correlated transcripts within the RNAseq DM 

striatum analysis and the RNAseq LCM neuron analysis were visualised using the gg.cor.vis() 

function, and are presented in Figure 4.2. This method of visualisation aids in the identification 

of sample outliers and provides the investigator with a graphical display for communication and 



 

109 

 

interpretation. Note that the SLC14A1-RHCG result, observed in the NanoString DM striatum 

dataset was originally presented in Chapter 3 section 3.5.5.2, as an example of hypothesis-driven 

use of the exCorr package. For gg.cor.vis() visualisation of this correlation, refer to Figure 3.11. 

 

 

Figure 4.2: Visualisation of differential correlations of striatal SLC14A1 with THBD and GRM8 transcripts in the OVT73 
sheep. 

Differential correlations between SLC14A1 and other differentially expressed genes within the RNAseq DM striatum and RNAseq 
LCM striatal neuron dataset were calculated (OVT73 = 6, Control = 6). The most statistically significant differential correlation within 
each analysis is shown as visualised using the gg.cor.vis() function in the exCorr package. (A) SLC14A1 and THBD quantified in 
the striatum DM RNAseq dataset are differentially correlated (fisher r-to-z: p=0.006) between Control and OVT73 samples. 
SLC14A1 and THBD are significantly negatively correlated in the OVT73 striatum samples (r = -0.9, p = 0.013). There is no 
correlation between these two genes in the Control samples. (B) SLC14A1 and GRM8 within the LCM striatal neuron RNAseq 
dataset are differentially correlated (fisher r-to-z: p=0.003). SLC14A1 and GRM8 are significantly positively correlated in OVT73 
striatal neurons (r = 0.94, p = 0.0052), with no correlation in Control samples. Pearson correlation coefficients (r) and the 
significance (P) of each correlation is indicated. Axes show relative abundance in gene expression as FPKM counts.  The line of 
best fit is shown in blue for control plots and red for OVT73 plots, with confidence intervals in grey.      

  

A 
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4.5.1.3 Differential correlations between striatal urea levels and genes expressed in 

the OVT73 striatum 

To identify urea-associated correlations that may be differential between OVT73 and control 

samples, the cor.var.compare() function was applied to transcriptomic data within the OVT73 

data platform, using striatal urea [Ref. data 9] as the specific variable of interest. The datasets 

queried were a subset of differentially expressed genes within the RNAseq DM striatum dataset 

(DE genes = 432, p<0.05) and the entire NanoString DM striatum dataset (genes = 24). These 

two transcriptomic datasets were selected due to the statistically significant pairwise correlation 

between urea and SLC14A1 in each of them.  

This analysis identified 11 transcripts in the RNAseq DM striatum (DE subset) dataset that were 

highly significantly differentially correlated with urea (fisher r-to-z: p < 0.01) (Table 4.4), and 

a single transcript, CNTN2 in the NanoString DM striatum dataset that was differentially 

correlated with urea levels (rControl = -0.71, pControl = 0.11, rOVT73 = 0.63, pOVT73 = 0.15, 

fisher r-to-z: p=0.0380), however, none remained significant after BH adjustment. The most 

significant differentially correlated transcript for both analyses was visualised using the 

gg.cor.vis() function, presented in Figure 4.3. 

 

Table 4.4: Differential correlations between striatal urea levels and differentially expressed genes in the OVT73 RNAseq 
DM striatum dataset.  

A urea-transcript specific differential correlation analysis was performed using differentially expressed (DE) genes within the 
RNAseq DM striatum dataset (DE genes = 432, p<0.05), in a ‘multi-omic, single-tissue’ analysis. Statistical values were calculated 
using the cor.var.compare() function within the exCorr R package. Pearson’s correlation coefficient and associated p-value was 
used as a measure of gene association within the Control and OVT73 group. The fisher r-to-z statistic was used to identify gene 
correlations that were significantly different (P <0.05) between the OVT73 and Control samples, and the significance was adjusted 
using the Benjamini-Hochberg procedure to account for multiple testing. Genes are ordered by the fisher r-to-z statistic. 

Genes in RNAseq 
DM Striatum 

Urea Correlations in 
Controls 

Control 
Correlation  
p-value 

Urea Correlations in 
OVT73 

OVT73 
Correlation  
p-value 

Fisher r-
to-z  
p-value 

BH p-value 
adjustment 

FLT3 -0.77 0.0751 0.96 0.0018 0.0002 0.0909 

ZNF169 -0.94 0.0056 0.67 0.1438 0.0019 0.2661 
TTC21B -0.94 0.0054 0.61 0.2005 0.0028 0.2661 
CHTOP -0.81 0.0511 0.85 0.0302 0.0033 0.2661 
S100A4 -0.95 0.0039 0.51 0.2986 0.0035 0.2661 
RBP1 0.89 0.0180 -0.74 0.0905 0.0037 0.2661 
ZNF541 -0.65 0.1602 0.91 0.0121 0.0049 0.3002 
ABCC9 -0.90 0.0154 0.65 0.1617 0.0062 0.3263 
SLAIN1 -0.48 0.3397 0.93 0.0066 0.0070 0.3263 
LPCAT2 -0.85 0.0305 0.72 0.1051 0.0075 0.3263 
KCNG4 -0.92 0.0102 0.52 0.2946 0.0089 0.3505 
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Figure 4.3: Visualisation of differential correlations of striatal urea with FLT3 and CNTN2 transcripts in the OVT73 sheep. 

Striatal-derived urea metabolite data underwent differential correlation analysis with two sets of transcriptomic data, also derived 
from the striatum. Differential correlations between urea and differentially expressed genes within the RNAseq DM striatum were 
calculated and the top differentially correlated transcript with urea, between Control and OVT73 samples, was FLT3 (fisher r-to-z: 
p=0.0002). (A) Striatal urea and striatal FLT3 expression are significantly positively correlated in OVT73 animals (r = 0.96, p = 
0.0018) but not controls. (B) Striatal urea is significantly differentially correlated with CNTN2 expression in the NanoString DM 
striatum dataset (fisher r-to-z: p=0.038). Pearson correlation coefficients (r) and the significance (P) of each correlation is indicated. 
Axes show relative abundance in gene expression as (A) FPKM or (B) normalised NanoString counts. The line of best fit is shown 
in blue for control plots and red for OVT73 plots, with confidence intervals in grey.     

 

4.5.1.4 Differential correlations between striatal SLC14A1, striatal urea and 

metabolites detected the liver 

The differential correlation analyses described above, identified differences in SLC14A1 and 

urea correlation structures within regions of the striatum. However, since the urea cycle takes 

A 
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place primarily in the liver, a potential hypothesis could be that elevated striatal SLC14A1 and 

urea levels arise due to a metabolic dysfunction in the liver. To investigate this theory, liver-

derived metabolic datasets within the OVT73 data platform were assessed for differential 

correlation analyses, using striatal SLC14A1 and urea as specific variables for examination.  

SLC14A1 transcription level data quantified in each of the 4 transcriptomic datasets [Ref. data 

1, 2 (DM and DL) and 3] underwent differential correlation analysis with the liver-derived GC-

MS metabolic dataset [Ref. data 4] within the OVT73 data platform.  

The significantly differentially correlated metabolites with SLC14A1 (fisher r-to-z: p<0.05) are 

presented in Table 4.5. The two most significantly differentially correlated metabolites with 

SLC14A1 expression were Oxalic acid and Methionine, shown in Figure 4.4. Through graphical 

representation, we can now see that the positive correlation between SLC14A1 and Oxalic acid 

(Figure 4.4A) in the control animals is driven by a single outlier. This observation is also made 

in the OVT73 correlation, whereby another outlier seems to be driving the negative correlation 

in transgenic animals. Removing these two outliers from the SLC14A1 and Oxalic acid 

correlations reduces the significance of the differential correlation (fisher r-to-z: p=0.984, n = 

10), which is no longer significant at the nominal level. Interpretations will therefore not be 

made for this gene-metabolite pair. In contrast, there are no obvious outliers in the SLC14A1 

and Methionine plot (Figure 4.4B). SLC14A1 and Methionine are significantly positively 

correlated in the control animals (r = 0.89, p = 0.017). This association is not observed in the 

OVT73 animals (r = -0.58, p = 0.22), suggesting that the normal relationship between the two 

variables has been disrupted in the transgenic model. To overcome the problem of significant 

differential correlations being driven by outliers, a new version of the exCorr package, which 

accounts for outliers using methods such as bootstrapping, will be developed in the future.  

Urea metabolite data quantified in the striatum also underwent differential correlation analysis 

with the liver-derived GC-MS metabolic dataset within the OVT73 data platform. Two 

metabolites were differentially correlated with striatal urea levels (fisher r-to-z: p<0.05), 

presented in Table 4.6. 
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Table 4.5: Differential correlations between striatal SLC14A1 and liver metabolites.  

Pearson Correlation coefficients, associated p-values and the fisher r-to-z statistic was calculated between SLC14A1 striatum 
transcript data collected from multiple transcriptomic datasets and liver-derived GC-MS metabolic dataset, separating Control and 
OVT73 groups. Statistics were computed using the cor.var.compare() function within exCorr. All data has been collected from the 
same cohort of 5-year-old OVT73 (n = 6) and control samples (n = 6). SLC14A1-liver metabolites were significantly differentially 
correlated if the fisher r-to-z statistic was < 0.05. Data is ordered via the fisher-r-to-z score. 

Origin of 
SLC14A1 
data 

Metabolite (within 
GC-MS dataset) 

SLC14A1 
Correlations in 
Controls 

Control 
correlation p-
value 

SLC14A1 
Correlations in 
OVT73 

OVT73 
correlation p-
value 

Fisher 
r-to-z  
p-value 

NanoString 
DL striatum Oxalic acid 0.93 0.008 -0.72 0.103 0.002 

NanoString 
DL striatum Methionine 0.89 0.017 -0.58 0.223 0.010 

RNAseq 
striatal 
neurons Tyrosine 0.23 0.655 -0.95 0.004 0.012 

NanoString 
DL striatum 

2-Hydroxybutyric 
acid 0.94 0.005 -0.20 0.705 0.016 

NanoString 
DL striatum Hippuric acid 0.43 0.393 -0.90 0.015 0.019 

NanoString 
DL striatum Glutamic acid 0.62 0.193 -0.82 0.045 0.021 

NanoString 
DL striatum Tyrosine 0.55 0.260 -0.85 0.033 0.023 

RNAseq 
striatum 

cis-8,11,14-
Eicosatrienoic acid -0.04 0.945 -0.95 0.003 0.024 

RNAseq 
striatum Threonine 0.56 0.247 -0.79 0.062 0.037 

NanoString 
DL striatum Histidine 0.68 0.140 -0.66 0.153 0.048 
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Figure 4.4: Visualisation of the most significant differential correlations between striatal SLC14A1 and liver metabolites. 

Differential correlations between SLC14A1 (quantified in various datasets) and liver metabolites quantified via GC-MS were 
calculated between Control and OVT73 groups. The two most significant SLC14A1-metabolite pairs were visualised using the 
gg.cor.vis() function . The analysis revealed that SLC14A1 (quantified in the NanoString DL striatum dataset) and Oxalic acid were 
significantly differentially correlated between Control and OVT73 samples (fisher r-to-z: p=0.002). However, visualisation of these 
correlations highlighted the outliers that likely contributed to the result (A). Visualisation of the differential correlation between 
SLC14A1 (quantified in the NanoString DL dataset) and Methionine (fisher r-to-z p=0.010). All SLC14A1 and GC-MS liver 
metabolite data was collected from the same cohort of 5-year-old animals (Control = 6, OVT73 = 6). Pearson correlation coefficients 
(r) and the significance (P) of each correlation is indicated. Significantly differential correlations were determined by a fisher r-to-z 
statistic p<0.05. The x – axes show relative abundance of metabolite as log10 relative abundance values. The y - axes show relative 
abundance of SLC14A1 gene expression as NanoString counts. The line of best fit is shown in blue for control plots and red for 
OVT73 plots, with confidence intervals in grey. Note that the axes of these graphs do not start at zero. This was for clarity of the 
correlations. 

 

 

Table 4.6: Differential correlations between striatal urea levels and liver metabolites.  

Correlation coefficients, associated p-values and the fisher r-to-z statistic was calculated between the urea metabolite data 
collected from the striatum and liver-derived metabolites collected from the GC-MS dataset, separating Control and OVT73 groups. 
Statistics were computed using the cor.var.compare() function within exCorr. All data has been collected from the same cohort of 
5-year-old OVT73 (n = 6) and control samples (n = 6). Urea-liver metabolites were significantly differentially correlated if the fisher 
r-to-z statistic is p< 0.05. Data is ordered via the fisher-r-to-z score. 

Metabolites in liver GS-
MS dataset and LC-MS 
dataset 

Urea 
Correlations 
in Controls 

Control 
Correlation 
p-value 

Urea 
Correlations 
in OVT73 

OVT73 
Correlation 
p-value 

Fisher r-
to-z  
p-value 

BH p-value 
adjustment 

D-2-Aminoadipic acid 0.77 0.0744 -0.66 0.1536 0.0267 1.0000 

Serine 0.80 0.0548 -0.55 0.2551 0.0344 1.0000 

A 
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4.5.2 Weighted gene correlation network analysis (WGCNA) provides 

insights into OVT73 gene-urea relationships 

In order to build further statistical links between brain urea levels and transcriptomic data 

collected from the OVT73 striatum, a weighted gene correlation network analysis (WGCNA) 

was performed on the OVT73 samples (n = 6).This analysis focused on the two high-throughput 

transcriptomic datasets within the OVT73 platform; RNAseq study DM striatal tissue [Ref. data 

1] and RNAseq from matrix-derived striatal neurons collected via laser captured 

microdissection [Ref. data 3].  

In an initial pre-processing step, transcripts with more than one missing OVT73 sample value 

were omitted, resulting in a total of 12,735 genes in the RNAseq DM striatum dataset and 11,254 

genes in the RNAseq matrix-derived striatal neuron dataset. These genes underwent WGCNA 

in two independent analyses. The analyses assigned RNAseq DM striatal genes into 21 modules 

that ranged in size from 35 to 4,374 genes, and the RNAseq matrix-derived striatal neuron genes 

were assigned into 23 modules that ranged in size from 41 to 4,256 genes of high association, 

as defined by the WGCNA method.  

Gene modules were then pairwise correlated to striatal urea metabolite data quantified in the 

same 6 OVT73 animals. WGCNA defines the absolute value of correlations between each gene 

and the urea trait as Gene Significance (GS). For each module, a quantitative measure of module 

membership (MM) is also defined as the correlation between the module and the gene 

expression profile. Each gene module was correlated to urea, and modules that were statistically 

significantly correlated with urea (p<0.05) were selected for further exploration.  

This analysis revealed a single module that was significantly correlated with urea for each of 

the transcriptomic datasets examined (p<0.05); the ‘lightgreen’ module in the RNAseq DM 

striatum WGCNA, containing 174 genes (r = -0.88, p = 0.02), and the ‘black’ module in the 

RNAseq neuron WGCNA, containing 236 genes (r = 0.97, p = 0.001). Within these modules, 

a subset of intramodular 'hub genes', defined by their Gene Significance statistic (GS >+/- 0.80, 

p<0.05) and Module Membership statistic (MM >+/- 0.80, p<0.05) were extracted as gene lists 

for enrichment analyses using the functional annotation tool in DAVID (Dennis et al. 2003). 

Output of the WGCNA pipeline and plots of the significant module results are shown in Figure 

4.5. 
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Figure 4.5: Outputs of the WGNCA-urea network enrichment analysis.  

Weighted gene correlation network analysis (WGCNA) assigned (A) 12,735 genes from the RNAseq DM striatum data into 21 modules ranging in size from 35-4,374 genes and (B) 11,254 genes from the RNAseq 
from matrix-derived striatal LCM neuron data into 23 modules that ranged from 41-4,256 genes. Gene modules are represented as individual colours. Dendrogram height can be used to determine the distance 
between clusters. (C) The gene module most significantly associated with striatum urea levels (p= 1.7e-10) was the ‘light green’ module in the RNAseq DM striatum WGCNA and (D) the ‘black’ module (p = 5.4e-39) 
in the RNAseq matrix-derived striatal LCM neuron WGCNA. Plots (C) and (D) display each gene as a separate point; the x-axis represents their correlation within the assigned module (Module Membership (MM)) and 
the y-axis plots their correlation with the assigned trait, urea (Gene Significance (GS)).

C D 
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4.5.2.1 Biological enrichment of WGCNA-derived gene lists identified GO terms 

and UP keywords related to the urea trait  

As stated above, OVT73 brain urea levels were most significantly correlated with the 'lightgreen' 

module after WGCNA of the RNAseq DM striatum data. This was a small module containing 

174 genes. Of these, 32 genes were defined as intramodular ‘hub genes’ because they fulfilled 

the GS and MM criteria for gene-gene and urea-gene associations (GS >+/- 0.80, p<0.05) (MM 

>+/- 0.80, p<0.05). Functional annotation revealed that these 32 genes are most enriched in the 

following UP KEYWORDS (functions); alternative splicing, nucleus, developmental protein 

and ATP-binding (Table 4.7). 

WGCNA of the RNAseq matrix-derived striatal neuron data revealed that the ‘black’ module, 

consisting of 236 genes, was most significantly correlated with OVT73 brain urea levels. 139 of 

these genes fulfilled the GS (GS >+/- 0.80, p<0.05) and MM criteria (MM >+/- 0.80, p<0.05) 

and were extracted for enrichment analysis. These intramodular ‘hub genes’ were predominantly 

enriched in terms and pathways involved in early developmental processes (Table 4.8). There 

were no intramodular hub genes that were in common between the two modules.  

 

Table 4.7: Functional enrichment of 32 intramodular, urea-associated hub genes after WGCNA of RNAseq DM striatum 
data.  

WGCNA of the OVT73 RNAseq DM Striatum data (n = 6) clustered 12,735 genes into 21 correlated modules of high association. 
These gene modules were related to external urea metabolite data that has also been collected from the OVT73 striatum, revealing 
that one module, the ‘lightgreen’ module, was significantly associated with urea expression (p<0.05). A list of 32 ‘intramodular’ hub 
genes was exported for biological enrichment in DAVID. All significantly enriched GO terms, KEGG pathways and UP keywords 
are presented in the table (p<0.05). 

Enrichment Term Count % P-Value Genes 
Fold 
Enrichment 

Benjamini-
Hochberg 
Procedure (FDR)  

UP_KEYWORDS 
Alternative splicing 25 78.13 0.0012 

KIF25, HTATIP2, ARHGEF26, E2F7, LMF1, PHF20, 
HDX, SEMA3F, IMPG1, POU2F1, SLC35F2, TIE1, 
TIGD7, MYO5C, SRPK3, DHX9, RBM24, 
SIGMAR1, TMEM26, TAB2, WNT2B, FMN2, COG6, 
ZNF672, PSMA6 1.57 0.1130 

UP_KEYWORDS 
Nucleus 14 43.75 0.0251 

DHX9, RBM24, HTATIP2, E2F7, PHF20, HDX, 
SIGMAR1, FMN2, VRK1, LBH, ZNF672, PSMA6, 
POU2F1, TIGD7 1.77 0.7189 

UP_KEYWORDS 
Developmental 
protein 5 15.63 0.0475 SRPK3, FMN2, HTATIP2, LBH, WNT2B 3.50 0.8025 
UP_KEYWORDS 
ATP-binding 6 18.75 0.0487 SRPK3, DHX9, VRK1, KIF25, TIE1, MYO5C 2.86 0.7126 
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Table 4.8: Functional enrichment of 139 intramodular, urea-associated hub genes after WGCNA of RNAseq striatal neuron 
data.  

WGCNA of the OVT73 RNAseq striatal neuron data (n = 6) clustered 11,254 genes into 23 correlated modules of high association. 
These gene modules were related to external urea metabolite data that had also been collected from the same OVT73 striatum 
samples, revealing that one module, the ‘black’ module, was significantly related to urea expression levels measured on the same 
samples (p>0.05). A list of 139 ‘intramodular’ hub genes was exported for biological enrichment in DAVID. All significantly enriched 
GO terms, KEGG pathways and UP keywords are presented in the table (p<0.05). 

Enrichment Term Count % P-Value Genes 
Fold 
Enrichment 

Benjamini-
Hochberg 
Procedure (FDR)  

UP_KEYWORDS 
Phosphoprotein 

75 53.96 0.0008 OSMR, COPS3, RPL15, VPS53, SULT2B1, 
SAE1, VPS37C, AURKA, C16ORF74, 
RTN1, LNX1, AUNIP, MAX, BLZF1, 
PPP1R1C, C18ORF25, SND1, NSMCE2, 
RAB6B, ESAM, JPH1, MAGEH1, ZCCHC8, 
EGFR, TIMMDC1, ARHGEF3, DDRGK1, 
DFFA, TTC7B, SPIRE1, GLCCI1, BRAP, 
LAP3, ZNF787, SSTR3, PIH1D1, 
SMARCAL1, UBE2M, SNRPC, DNTTIP1, 
LTV1, UTP3, PACS1, CLUAP1, STX8, NMI, 
UNG, PRR14L, ATF1, ESPN, EIF3H, 
INPP5J, RAC1, RCHY1, BDH1, FKBPL, 
ERG, NRBF2, RAD51AP1, C10ORF35, 
FLT4, AK3, SKI, RPL23A, SUN1, 
RACGAP1, GAS7, DLX2, NOSIP, SAP130, 
RPL13A, PTCD2, DLX5, METTL10, PLAU 

1.35 0.1511 

GO:0005515~protein binding 81 58.27 0.0017 NOG, COPS3, RPL15, CRABP2, VPS53, 
SULT2B1, SAE1, VPS37C, AURKA, RTN1, 
LNX1, AUNIP, CCDC103, MAX, BLZF1, 
SND1, NSMCE2, RAB6B, MAGEH1, 
ZCCHC8, EGFR, TIMMDC1, ARHGEF3, 
DDRGK1, DFFA, CHAC1, FUT11, TTC7B, 
SIX3, TOX3, BRAP, SSTR3, PIH1D1, 
SMARCAL1, UBE2M, CNOT11, ZNF550, 
SNRPC, DNTTIP1, LTV1, UTP3, PACS1, 
CLUAP1, STX8, NMI, FKBP7, UNG, 
DAZAP2, ATF1, NPAS2, EIF3H, INPP5J, 
RAC1, ZNF599, RCHY1, FKBPL, ERG, 
NRBF2, RAD51AP1, NUB1, C10ORF35, 
FLT4, SIRT4, AK3, RPL23A, SKI, SUN1, 
RACGAP1, GAS7, GPS2, TSACC, DLX2, 
NOSIP, TMEM43, SAMD9, HBQ1, 
TMEM41A, FAM84B, WNT7A, PLAU, DAP3 

1.27 0.3152 

GO:0005737~cytoplasm 52 37.41 0.0083 CTHRC1, COPS3, CRABP2, SULT2B1, 
PSPH, AUNIP, LNX1, CCDC103, MAX, 
BLZF1, PPP1R1C, SND1, MAGEH1, EGFR, 
DFFA, GLCCI1, PNPLA4, BRAP, LAP3, 
SSTR3, PIH1D1, UBE2M, LTV1, NKIRAS1, 
NMI, DAZAP2, ESPN, NPAS2, METTL23, 
HNMT, INPP5J, RAC1, RCHY1, BDH1, 
B4GALT3, ERG, NRBF2, NUB1, FLT4, 
RPL23A, SKI, RACGAP1, GAS7, GJB2, 
BTBD17, TSACC, NOSIP, RPL13A, DLX5, 
METTL10, SAMD9, FAM84B 

1.36 0.7915 

GO:0005654~nucleoplasm 31 22.30 0.0149 UTP3, CLUAP1, NMI, UNG, COPS3, 
CRABP2, SAE1, AURKA, ATF1, MAX, 
BLZF1, NPAS2, HNMT, NSMCE2, RCHY1, 
BDH1, ZCCHC8, TIMMDC1, RAD51AP1, 
NRBF2, DFFA, SKI, RACGAP1, GPS2, 
LAP3, SAP130, SMARCAL1, DNTTIP1, 
SNRPC, LTV1, DAP3 

1.53 0.7538 

GO:0032259~methylation 4 2.88 0.0154 METTL12, METTL23, HNMT, SMYD4 7.60 1.0000 
GO:0008283~cell 
proliferation 

8 5.76 0.0161 EGFR, ERG, BLZF1, DLX5, RAC1, 
CNOT11, SKI, RPL23A 

3.03 0.9977 

GO:0006364~rRNA 
processing 

6 4.32 0.0188 UTP3, PIH1D1, RPL13A, RPL15, RPL23A, 
LTV1 

3.89 0.9912 

GO:0060325~face 
morphogenesis 

3 2.16 0.0193 NOG, DLX5, SKI 13.88 0.9742 

UP_KEYWORDS 
Ligase 

7 5.04 0.0297 NOSIP, C18ORF25, UBE2M, NSMCE2, 
SAE1, RCHY1, LNX1 

2.99 0.9463 

GO:0008168~methyltransfer
ase activity 

4 2.88 0.0307 METTL12, METTL23, METTL10, SMYD4 5.84 0.9714 

GO:0045740~positive 
regulation of DNA replication 

3 2.16 0.0362 EGFR, RAC1, ATF1 9.91 0.9960 

GO:0031902~late endosome 
membrane 

4 2.88 0.0370 STX8, VPS37C, VPS37D, LTV1 5.43 0.9049 
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Methyltransferase 5 3.60 0.0411 METTL12, METTL23, HNMT, METTL10, 
SMYD4 

3.84 0.9339 

GO:0016874~ligase activity 6 4.32 0.0463 NOSIP, C18ORF25, NSMCE2, RCHY1, 
BRAP, LNX1 

3.05 0.9728 

UP_KEYWORDS 
Coiled coil 

29 20.86 0.0470 PACS1, CLUAP1, STX8, NMI, VPS53, 
VPS37C, ESPN, CCDC103, MAX, BLZF1, 
C18ORF25, SLC4A8, ZCCHC8, DDRGK1, 
NRBF2, NUB1, DFFA, SMYD4, SPIRE1, 
SKI, FAM186B, SUN1, GLCCI1, RACGAP1, 
GAS7, BRAP, GPS2, SMARCAL1, LTV1 

1.41 0.9032 

GO:0007420~brain 
development 

5 3.60 0.0474 UTP3, DLX2, NDUFS4, HNMT, SIX3 3.65 0.9977 

 

4.5.3 Comparative studies with other HD datasets support the OVT73 

findings 

To validate and further investigate the OVT73-specific hypotheses that metabolism, and 

specifically the urea cycle is implicated in HD pathogenesis, a comparative analysis with two 

other HD datasets was conducted. These knock in mouse model (Langfelder et al. 2016) and 

end-stage HD case derived (Hodges et al. 2006) transcriptomic datasets are extensive, and allow 

the effects of HTT CAG-repeat length on gene expression to be investigated directly, across a 

range of ages and tissues (refer to section 4.4.4 and 4.4.5 for a complete description). Since 

transcriptomic analysis of OVT73 has only been performed on striatal tissue, this results section 

only focuses on the expression of genes within the mouse striatum and human caudate nucleus 

(section of the dorsal striatum). 

To investigate the function of the urea cycle, the expression of twelve urea cycle genes of interest 

(listed in section 4.4.4) were examined. In the OVT73 RNAseq datasets only SLC14A1 and 

RHCG were expressed at detectable levels in the OVT73 RNAseq datasets. The other 10 urea 

cycle genes were either undetected or excluded from OVT73 analyses due to gross sample 

outliers. There is some controversy over the expression of urea cycle genes within the brain, and 

whether the urea cycle is intact in this location (Bensemain et al. 2007, Lichter-Konecki 2016). 

However, all 12 genes (with the exception of NAGS in the human caudate nucleus dataset) were 

expressed at detectable, albeit low levels, in the human microarray and mouse allelic series 

striatal datasets. Hence, genetic components of the urea cycle could be investigated in these HD 

databases. 

4.5.3.1 Comparative analysis of urea cycle genes of interest with a human HD 

microarray dataset 

The transcript SLC14A1 was reported as the most significantly differentially expressed 

transcript within the human HD caudate microarray dataset, with the largest fold change 

between HD and controls (Log2 FC = 1.5, p =1.76e-09), as reported by Hodges and colleagues 
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(Hodges et al. 2006). Directed exploration of the other urea cycle genes within the 

supplementary data ‘TableS1’, revealed that RHCG transcription was significantly higher in the 

caudate of HD cases (p=0.049), and ARG2, encoding arginase 2, was significantly lower in 

human caudate nucleus (p= 6.94e-07). Notably, transcripts levels of SLC14A1 and RHCG were 

also significantly elevated in the OVT73 striatum.  

Extended analysis of human HD microarray data 

Extended analysis of the human HD caudate microarray dataset, which was imported and 

revaluated using R (refer to section 4.4.4 methods for details), revealed changes in the 

expression of some of the urea cycle genes relative to HD allele CAG length. The CAG length 

of the longest allele (disease allele) was plotted against expression levels of the twelve urea 

genes of interest within human caudate nucleus samples to visualise trends. A linear model was 

fitted, and the statistical significance of the trend calculated. CAG length is inversely correlated 

with the age of disease onset (Andrew et al. 1993, Duyao et al. 1993, Snell et al. 1993). Thus, 

gene expression changes with increasing CAG length may indicate that the gene is affected by 

HD pathogenesis and responds in a CAG length-dependent manner.  

Significant inverse associations were found between CAG length and the expression of two 

genes involved in the urea pathway; Glutamate Dehydrogenase 1 (GLUD1) and Glutamine 

synthetase (GLUL) (Figure 4.6). GLUD1 catalyses the oxidative deamination of glutamate to 

alpha-ketoglutarate and ammonia (Spinelli et al. 2017); while GLUL catalyses the synthesis of 

glutamine from glutamate and ammonia in an ATP-dependent reaction (Clancy et al. 1996). In 

the case of GLUD1 and GLUL, multiple probesets represented the same mRNA in the data 

supplied by Hodges and colleagues. Only one of the three probesets representing GLUD1 was 

statistically significantly lower (at the nominal level) in the HD caudate nucleus compared to 

the control group (p = 0.0385). Similarly, only two of the three probesets representing GLUL 

were significantly lower in the HD caudate nucleus (p = 0.013 and p = 0.0433). As there is 

some probeset-specific inconsistency in the significant differential expression of these genes, 

further analyses need to be performed before any absolute conclusions can be made. 
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Figure 4.6: Urea-related genes correlated with CAG repeat length in human caudate nucleus from HD cases.  

Human HD microarray data from the caudate nucleus (HD = 44, Control = 36). was obtained from GEO accession number: 
GSE3790 (GPL96 platform) and incorporated into the R working environment Twelve urea cycle genes of interest (defined in 
section 4.4.4) were correlated to the CAG repeat length of the longest HTT allele (the disease gene). A linear model was fitted to 
each correlation and significant trends were identified (p<0.05). The expression of (A) GLUD1 and (B) GLUL was significantly 
negatively correlated with CAG repeat length in the HD human caudate nucleus (p<0.05). Each point represents the data obtained 
from a single sample. The line of best fit is plotted in red and includes confidence intervals in grey. Adj R2 = the adjusted fraction 
of the variance explained by the model. P = The significance of the relationship between the test variable (gene expression) and 
the response variable (CAG allele length). Normalised gene expression = microarray fluorescence intensity normalised to gene 
expression as determined by Hodges and colleagues (Hodges et al. 2006). 

 

4.5.3.2 HD mouse allelic series RNAseq data provides supporting evidence for a 

urea cycle dysfunction in HD 

Analysis of the 12 urea cycle-related genes was repeated in a HD mouse allelic series dataset 

(GSE65776), which was downloaded into R (as described in section 4.4.5). This is an extensive, 

publicly available dataset, containing RNAseq data derived from animals that are at a range of 

ages (2, 6, and 10 months) and CAG repeat sizes (20, 80, 92, 111, 140 and 175 units).  

Examination of SLC14A1 and RHCG expression in this data yielded tissue- and age- specific 

associations, however, neither gene was significantly differentially expressed comparing control 

(WT) and heterozygous (HD) mice (excluding mice with CAG = 20 units). As shown in Figure 

4.7, SLC14A1 expression increased with age in the striatum of both wild-type mice (p = 7.99e-

04), and expanded allele containing heterozygous mice with CAG repeats ranging from 80 to 

175 units (p = 9.78e-06). RHCG expression in the striatum of wild-type mice was not 

significantly associated with age, however a significant inverse trend was observed in the HD 

samples (p = 0.015). There was no CAG repeat length dependent difference in SLC14A1 and 

RHCG expression in the mouse striatum. 

A B 
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Figure 4.7: SLC14A1 and RHCG expression correlates with age in HD mouse allelic series striatum.  

The expression of (A) SLC14A1 and (B) RHCG within mouse allelic series striatum data, was plotted against age for the wild-type 
and heterozygous groups. Data was obtained from the GEO accession number: GSE65776 and was imported into R for correlation 
analyses. A linear model was fit to the data. (A) SLC14A1 expression significantly increases with age in both wild-type and 
heterozygous mice (p<0.05), while (B) RHCG expression significantly decreases with age in heterozygous (p<0.05) but not wild-
type mice. HD = heterozygous mice with CAG repeats ranging from 20 - 175. WT = wild-type mice with CAG of 7. Each point 
represents the data obtained from a single sample. The line of best fit is plotted in red and includes confidence intervals in grey. 
Adj R2 = the adjusted fraction of the variance explained by the model. P = the significance of the relationship between the test 
variable (gene expression) and the response variable (CAG age). FPKM = normalised FPKM gene expression values. 

 

  

Investigation of the other 10 genes involved in the urea cycle (refer to list in section 4.4.4) 

revealed significant expression differences between HD and wild-type, and trends with CAG 

length across multiple ages, within the mouse striatum. Differentially expressed genes were 

determined by comparing the expression of wild-type mice with a CAG repeat of 7 units (WT) 

to the expression levels averaged across heterozygous mice with CAG repeats ranging from 80 

to 175 units (HD), for each age category, using a two-sample Student’s t-test.  

ASS1, which encodes arginosuccinate synthase, was significantly lower in the striatum of HD 

mice at 2 months (p = 0.0043), 6 months (p = 5.78e-06), and 10 months (p = 8.20e-06), 

compared with age-matched WT mice.  

In contrast, ASL, encoding arginosuccinate lyase, was significantly higher in the striatum of the 

HD mice, but only at 6-months (p = 3.04e-10) and 10-months (p = 8.47e-05) of age.  

ARG2, encoding arginase 2, was significantly lower in HD mice at the 6-month-old (p = 6.35e-

05) and 10-month-old (p = 0.013) time points.  

A B 
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GLUL expression, which encodes glutamate-ammonia ligase (or glutamine synthetase), was also 

significantly lower in HD mice at 6-months-old (p = 4.39e-06), and, at 10-month old mice had 

lower average GLUL levels than WT mice of the same age but was not significant at the nominal 

level (p = 0.06). 

The same 4 differentially expressed urea cycle genes (ASS1, ASL, ARG2 and GLUL) also show 

consistent expression level changes relative to CAG repeat length. This analysis used data from 

all heterozygous mice, including those with a CAG repeat of 20 units.  

Expression of ASS1 was inversely associated with CAG length in the 6-month-old (p = 6.73e-

09) and 10-month-old (p = 2.29e-08) HD mice (Figure 4.8A).  

In contrast, the expression of ASL was positively associated with CAG length in the 6-month-

old (p = 4.11e-13) and 10-month-old HD mice (p = 1.71e-11) (Figure 4.8B).  

For both genes, these trends were also observed in the 2-month-old HD mice, but not significant 

at the nominal level (p < 0.05).  

The expression of ARG2 and GLUL, were also significantly correlated to CAG length. ARG2 

transcription in the striatum decreased with CAG repeat length in the 2-month-old (p = 

0.01448), 6-month-old (p = 3.083e-10) and 10-month-old (p = 1.72e-06) HD mice (Figure 

4.8C).  

Similar to ASS1, the expression of GLUL decreased with CAG length in the 6-month-old (p = 

4.51e-6) and 10-month-old HD mouse striatum (p = 7.28e-8) (Figure 4.8D). 

 These significant associations imply that expression of these urea cycle genes respond in a 

CAG-dependent manner, and that this effect progresses over time.  

An overview of the urea cycle, displaying all of the observations made in mouse, human and 

OVT73 striatal datasets in this chapter is depicted in Figure 4.9. 
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Figure 4.8: Gene expression correlated with CAG repeat length in HD mouse model allelic series striatum.  

A linear model fit CAG-repeat length against the expression of each gene of interest within the mouse allelic series data (ages 2-
month, 6-month and 10-month n = 48). CAG repeat length is significantly correlated with (A) ASS1, (B) ASL, (C) ARG2 and (D) 
GLUL (GS) expression in mouse striatum of different ages. (A) ASS1 expression significantly decreases with CAG length in the 
striatum of 6 and 10-month-old mice (p<0.05). In contrast, (B) ASL significantly increases with CAG length in the 6 and 10-month-
old striatum (p<0.05). Similarly, (C) ARG2 and (D) GLUL expression both decrease with CAG length in the 6 and 10-month-old 
striatum (p<0.05). Data was obtained from the GEO accession number: GSE65776 and was imported into R for correlation 
analyses. HD = heterozygous mice with CAG repeats ranging from 20-150. Each point represents the data obtained from a single 
sample. Plots are separated by age. Data for 2-month-old mice is represented by orange points, 6-month-old mice by green points 
and 10-month-old mice by blue points. Each line of best fit is plotted in red and includes confidence intervals in grey. Adj R2 = the 
adjusted fraction of the variance explained by the model. P = the significance of the relationship between the test variable (gene 
expression) and the response variable (CAG allele length), for each age. FPKM = normalised FPKM gene expression values.  
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Figure 4.9: Schematic of HD-associated urea cycle gene expression changes in HD human, sheep, and mouse model 
data.  

A selected set of 12 urea cycle genes are displayed with the corresponding data derived from striatum samples obtained from the 
OVT73 (sheep, RNAseq), human HD (human, microarray) and mouse allelic series (mouse, RNAseq) databases. Each urea cycle 
gene was queried within each dataset for gene expression changes or trends with CAG-repeat length, (human and mouse data). 
Significantly differentially expressed genes (p < 0.05) are labelled with red arrows; pointing upwards for an increase in expression 
and downwards for a decrease in expression. The expression of genes significantly correlated with CAG-repeat length (p < 0.05) 
are indicated with green arrows; positively correlated arrows indicate that there is increasing gene expression with CAG-length 
and negatively correlated arrows indicate that there is decreasing gene expression with CAG-length. The species in which the 
finding is made is indicated. 

 

4.6. Discussion 

The aim of this chapter was primarily to investigate components of the urea cycle and 

metabolism in Huntington’s disease using the OVT73 transgenic model data platform and other 

HD datasets. In addition, the work described intended to demonstrate how the OVT73 data 

platform and associated analytical methods could be used for further investigation of HD, 

through hypothesis driven query. The urea pathway was selected for further analysis due to 

recently published findings from our laboratory and others, suggesting that metabolism and the 
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urea cycle in particular, is affected early during HD pathogenesis. It had already been established 

that the OVT73 line is a prodromal model and does not exhibit neurological symptoms other 

than a circadian rhythm change. Thus, the OVT73 model is useful for identifying the earliest 

changes in HD pathogenesis, without the complexity of neuronal cell death and the downstream 

consequential effects. Previous metabolic studies using the OVT73 sheep have demonstrated 

transgene specific metabolic profiles, and indicate that the transgenic sheep are in a hyper-

regulated metabolic state (Handley et al. 2016, Skene et al. 2017). In addition, a recent study 

showed that brain urea is significantly increased in OVT73 animals as an early pathogenic event 

(Handley et al. 2017). These results are consistent with human HD findings (Patassini et al. 

2015) (Handley et al. 2017) and support the robustness of the OVT73 model. However, an 

explanation for these observations and their relationship to the HTT mutation have not yet been 

established.  

The research described in this chapter aimed to reveal other genes and pathways important in 

HD though the application of ‘multi-omic’ methods, with a focus on urea- and SLC14A1- 

specific relationships. The data and methods used included the OVT73 data platform, and 

importantly, independent human HD and mouse HD model transcriptomic datasets. The 

exploratory analyses focused on using correlation as a measure of association, to dissect 

biological networks that are disrupted in OVT73. Data from the mouse and human studies, which 

included CAG repeat data, were utilised for comparative analyses and the discovery of genes 

with differential expression that correlate with CAG repeat length.  

4.6.1 Single- and multi- ‘omic’ correlation analysis of the OVT73 data 

platform 

The differential correlation package, exCorr, developed as part of this thesis, was used to 

investigate the co-regulation of genes and metabolites in disease and control states. The 

transcript for SLC14A1, a urea transporter, is one of the primary genes of interest because it has 

been found to be upregulated in OVT73 transcriptomic datasets and in human HD brains 

(Hodges et al. 2006). Its involvement in urea metabolism was considered important and so 

SLC14A1 transcript levels were selected as a starting point for correlation and differential 

correlation analysis. The OVT73 data platform and tools facilitated the searching across all 

datasets collected from the twelve 5-year-old animals. This analysis resulted in the identification 

of associated SLC14A1-gene and SLC14A1-metabolite pairs.  

A hypothesis is that elevated brain urea consequently leads to the upregulation of brain SLC14A1 

as part of a detoxification process (urea transporter). To investigate this hypothesis, the pairwise 
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correlation between SLC14A1 (quantified in different brain transcriptomic datasets) and striatal-

derived urea levels were determined, using all 12 animals within the 5-year-old cohort. Urea 

levels were significantly positively correlated with SLC14A1 expressed in the RNAseq DM 

dataset and NanoString DM dataset (refer to Table 4.1). This implies that the relationship 

between urea and SLC14A1 expression is specific to dorsal-medial tissue. Dorsal-medial tissue 

is generalised and contains a range of cells including astrocytes and neurons, unlike tissue from 

the LCM RNAseq dataset, which only contains matrix-derived neurons. Astrocytes in particular 

are known for their role in ammonia detoxification (Montgomery 1994), postulating a potential 

source for urea synthesis. This is discussed further in the General Discussion. Interestingly, 

striatal urea levels were significantly correlated with mutant HTT transgene expression in DL 

striatal tissue, but not the DM tissue (quantified via NanoString) of OVT73 animals, suggesting 

that there is some tissue specificity that needs to be explored further.  

4.6.1.1 SLC14A1 expression in the OVT73 striatum is significantly differentially 

correlated with other genes in the striatum 

Several differentially expressed genes within the brain RNAseq datasets demonstrated a 

significant gain or loss of correlation with SLC14A1 in the OVT73 sheep. The most significant 

OVT73 change (determined by the fisher r-to-z statistic) was a loss of correlation between 

SLC14A1 and THBD in the transgenics compared with controls (LCM striatal neuron dataset). 

In contrast there was a gain of correlation between SLC14A1 and GRM8 in the transgenics not 

apparent in the controls (striatum RNAseq dataset).  

THBD encodes thrombomodulin, a membrane receptor that binds thrombin (Wen et al. 1987) 

and primarily functions to reduce blood coagulation. Interestingly, heterozygous missense 

mutations in THBD are seen in patients with atypical haemolytic uremic syndrome (aHUS) 

(Delvaeye et al. 2009). aHUS is characterised by hemolytic anemia (loss of red blood cells), 

thrombocytopenia (low platelet levels), and renal failure, with treatments including dialysis and 

kidney transplantation. THBD is significantly lower in OVT73, while SLC14A1 is significantly 

higher in OVT73 within the striatal LCM neuron dataset. Since a symptom of renal failure is 

high blood urea levels, a tentative link between SLC14A1 and THBD expression in the brain can 

be made, postulating a different origin for elevated brain urea levels. 

GRM8 encodes a G-protein coupled receptor for glutamate, which is involved in glutamatergic 

neurotransmission, functioning as a receptor for glutamate and moderating the cyclic AMP 

cascade (Wu et al. 1998). Glutamatergic transmission can be perturbed in many 

neuropathological conditions, including, but not limited to, epilepsy (Barker-Haliski & White 
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2015), schizophrenia (Moghaddam & Javitt 2012), autism (Purcell et al. 2001) and Huntington’s 

disease (Anitha et al. 2011, Sepers & Raymond 2014). Interestingly, GRM8 was significantly 

lower in OVT73 animals compared to controls, but the pairwise relationship between GRM8 and 

SLC14A1 in OVT73 animals was significantly positively correlated, i.e. GRM8 transcription is 

lower in OVT73 animals overall, but proportionate to the levels of SLC14A1 in each OVT73 

animal. The strongly positive correlation could indicate that glutamatergic neurotransmission 

and the transport of urea are involved, or co-regulated, in the same pathological pathway in the 

HD model. Glutamine and glutamate are both major sources of ammonia, which is converted 

into less toxic urea in normal physiology. Hence changes in SLC14A1 and GRM8 regulation and 

expression may have an integral role in HD pathogenesis within the OVT73 sheep.  

4.6.1.2 Differential expression of SLC14A1 in the striatum is significantly 

differentially correlated with metabolites in the liver 

Based on the fact that urea is made primarily in the liver, the current working hypothesis is that 

there may be a metabolic disruption in the liver that drives the brain urea phenotype. Therefore, 

to investigate whether liver function, as represented by its metabolite levels, may result in altered 

SLC14A1 expression in the brain (or vice versa), a differential correlation analysis was 

performed comparing 4 separate striatum SLC14A1 measurements [Ref. data 1, 2 (DM and DL) 

and 3] against all metabolites measured in the liver via GC-MS [Ref. data 4]. This analysis 

across tissues was undertaken using the exCorr package developed as part of this project. 

Oxalic acid and methionine were the most significantly differentially correlated metabolites 

with brain SLC14A1 (refer to Table 4.5). After visualisation of these correlations using the 

gg.cor.vis() function however, it was evident that the significance of the oxalic acid result was 

confounded by two outlier samples. This graphical visualisation highlighted a limitation of the 

differential correlation analysis, that it is very sensitive to outliers. To overcome this limitation, 

a bootstrapping method could be applied to the differential correlation functions in the future, 

to check the stability of the results and assign a measure of accuracy.  

Methionine levels in the liver were significantly positively correlated with brain SLC14A1 

transcript expression (measured in DL tissue via NanoString) in the control animals, but not 

observed (disrupted) in the OVT73 animals. Methionine is an essential amino acid that is 

metabolised in mitochondria of the liver (Armuzzi et al. 2002). Notably a Methyl-13C-

methionine breath test (MeBT) can be used to quantify the oxidative capacity of liver 

mitochondria. This test provides a non-invasive tool for the assessment of liver function 

(Candelli et al. 2008) and by proxy also indicates altered levels of methionine. Interestingly, a 
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study using MeBT to test liver function in HD concluded that manifest and premanifest HD 

patients have hepatic mitochondrial dysfunction compared to healthy controls (Stuwe et al. 

2013, Hoffmann et al. 2014). These studies suggest that liver mitochondria are less active in HD 

patients and may contribute to disease pathogenesis. Therefore, a loss of correlation between 

brain SLC14A1 and liver methionine expression in the OVT73 sheep may be indicative of 

disrupted liver function. The liver is primarily responsible for ammonia detoxification via the 

urea cycle, and we have accumulating evidence, that it is disrupted in HD (presented in Chapter 

5), leading to elevated brain urea.  

4.6.2 WGCNA failed to identify an obvious link between 

transcriptomic data and urea levels in OVT73 animals  

A weighted gene correlation network analysis (WGCNA) was used to relate urea levels 

measured in the striatum, to transcriptomic data generated from striatal tissue in the same OVT73 

animals. Like exCorr, the WGCNA package uses correlation as a measure of variable co-

expression. The aim was to identify gene clusters (derived by their expression correlation) that 

were significantly correlated with striatum urea levels and use the genes within these clusters in 

downstream in silico enrichment analyses. Two transcriptomic brain datasets, from dorsal-

medial striatum and matrix-derived LCM neurons, were used in separate analyses, generating 

different gene clusters that were significantly associated to the urea trait. This is expected as 

each original RNAseq analysis was performed on two different sub-regions of the striatum, with 

differing gene expression profiles. A correlated genetic change associated with elevated urea 

may provide insights into the molecular mechanism underlying or acting upon the phenotype. 

For example, the highly associated genes could act as a consequence to elevated urea, 

responding in an attempt to compensate for or overcome the adverse cellular effects. In contrast, 

it could be possible that highly correlated genes directly or indirectly cause the observed 

elevation in urea.  

In both analyses, the majority of intramodular hub genes were enriched in terms and pathways 

involved in early developmental processes, including brain development. This suggests that 

levels of the metabolite urea, may influence the expression of genes that are integral to brain 

development, or vice versa. Elevated brain urea is known to cause neurologic impairment 

(Gropman et al. 2007) and could initiate neurodegeneration in the HD brain. Hence, it is not 

unexpected that genes involved in brain development are correlated with the phenotype. These 

particular hub genes of interest can be further investigated in cell models and follow-up studies.  
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In general however, results from the WGCNA in DM striatum and matrix-derived striatal 

neurons did not show an obvious functional link between urea levels and genes expressed in the 

brain. For example, neither of the significantly urea-correlated gene modules contained genes 

involved in the urea cycle, or downstream pathways. Perhaps the increase in brain urea within 

OVT73 animals does not arise in the brain but accumulates here in consequence to a downstream 

process. Indeed, expression of the urea transporter, SLC14A1, is significantly increased in the 

striatum, raising the possibility that it may be responding in consequence to elevated urea. 

However, there is no direct genetic evidence from the sheep model that suggests that the elevated 

urea found in the OVT73 striatum actually originates in the brain. Pathways revealed after 

WGCNA-directed enrichment analyses of these genes may however provide evidence of 

intermediate pathogenic routes that urea has on the striatum. Previous studies have used 

WGCNA to successfully identify molecular mechanisms of disease pathogenesis (Oldham et al. 

2012, Langfelder et al. 2016, Santiago et al. 2017). However, the method is limited in the OVT73 

example due to small sample numbers (n = 6). Using small sample numbers in a WGCNA may 

result in correlations that are too variable for the networks to be truly statistically significant, 

and increases the likelihood of false positive results. In addition, the OVT73 sheep are 

genetically diverse, outbred animals, unlike the majority of animals used for experimental 

research, which would also contribute to a lot of sample variation. Nevertheless, the WCGNA 

technique will be beneficial once we have datasets with larger sample numbers.  

4.6.3 Transcription of urea cycle genes are altered in human HD and 

HD mouse-model striatal tissue 

Part of the research described in this chapter endeavoured to relate human post-mortem 

microarray striatum gene expression data and a very large HD mouse-model allelic series dataset 

with the OVT73 data. The expectation was that alterations in transcription that are important in 

the disease process would be evident in both animal models and the human data. Of course, the 

comparisons would be confounded by differences between species and disease stage; where the 

human data was derived at the end of the disease process, while the sheep and mouse data 

represent much earlier stages in the disease. Also, there are many biological systems that are 

conserved between species and some that are different, however, the urea cycle was considered 

likely to be relatively invariant between humans’, sheep and mice. The overarching aim was to 

compare the OVT73-specific results with an allelic series mouse model and post-mortem human 

study to add further support to, or refute the hypotheses developed to this point.  
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As described already SLC14A1 and RHCG transcripts are upregulated in the OVT73 striatum. 

None of the other urea-cycle genes of interest (CPS1, OTC, ASS1, ASL, ARG1, NAGS, ARG2, 

GLUL (GS), GLS and GLUD1) were detected in the OVT73 brain RNAseq datasets, indicating 

that that they are expressed at very low levels. However, SLC14A1, RHCG and the other urea 

cycle genes were detected and quantified in the human and mouse striatum transcriptomic data. 

The results, discussed in detail in the following sections, demonstrate the consistent alteration 

of transcription of urea cycle and related genes in the striatum, thus this pathway should be 

prioritised for further investigation.  

Additionally, and very importantly, it was clear that the expression levels of some urea pathway 

genes are correlated to both CAG repeat length and age. The age dependent gene expression 

correlations are possibly linked to HD indirectly, since severity of the disease progresses with 

time. However, CAG-length dependent gene expression correlation in both human and mouse 

model data indicate that transcriptional regulation of the associated genes have a more direct 

link with mHTT and may be potential drivers of HD pathogenesis. Future work will be aimed 

at mixed effects modelling, combining different response variables i.e. CAG-repeat length, age, 

sex etc. into the same model. An overview of the urea cycle and summary of the observations 

made in mouse, human and OVT73 striatal datasets are depicted in Figure 4.9. 

4.6.3.1 SLC14A1 and RHCG 

The striking upregulation in SLC14A1 and RHCG transcription in the HD sheep brain was 

consistent in the post-mortem HD human striatum, indicating that elevated brain urea (and 

possibly ammonia) has the same effect on consequent transcriptional regulation or vice versa. 

In contrast, SLC14A1 and RHCG are not differentially transcribed in the HD knock in mouse 

model allelic series at any age or CAG repeat length. This may suggest that the urea phenotype 

is not yet observable in the HD mouse model, or that mice have an alternate pathway for urea 

detoxification. SLC14A1 and RHCG are however significantly correlated with age in the HD 

mouse model, which could indicate that the gene expression changes are associated with aging 

(and disease severity) of the HD mice. 

4.6.3.2 ASS1 

ASS1 was transcriptionally downregulated in the striatum of HD knock-in mice (CAG = 80 - 

175) compared to wild-type controls (CAG = 7). A very significant observation was the 

correlation of decreasing ASS1 expression in the striatum with increasing Htt CAG repeat length. 

ASS1 encodes argininosuccinate synthase 1 which catalyses the conversion of citrulline and 
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aspartate into arginiosuccinate within the urea cycle. Mutations in ASS1  result in a reduction in 

function and are associated with citrullinemia (Engel et al. 2009), a disorder that causes 

ammonia to accumulate in the blood. Therefore, a reduction in the expression of ASS1 in the 

allelic HD mice may result in an increased concentration of toxic ammonia. To our knowledge 

ammonia has not been measured in the allelic series mouse model investigated here. However, 

elevated blood ammonia has been previously described in the R6/2 and Hdh(CAG)150 (a knock in 

line with an expanded repeat of 150 CAG’s) HD mouse models (Chiang et al. 2007).  

4.6.3.3 ARG2 

Arginase 2 (ARG2) transcription was also significantly downregulated in the heterozygous 

mutant mice and the HD human caudate nucleus, indicating that mutant huntingtin alters ARG2 

expression in the HD human brain as well as HD mice. In addition, ARG2 expression was 

negatively correlated with CAG-repeat length in the HD mice. ARG2 encodes the type II isoform 

of arginase, which, is expressed in extra-hepatic tissues and functions in the mitochondria. The 

physiologic role of this isoform is poorly understood, however, like Arginase 1 (ARG1), the 

protein catalyses the hydrolysis of arginine to ornithine and urea (Vockley et al. 1996). 

Investigation of the Exome Aggregation Consortium (ExAC) database revealed that loss of 

function ARG2 variants exist in adult humans, and are very rare, with no homozygotes reported. 

Although no diseases have been associated with the mutations, it remains a possibility that a 

severe recessive disorder may yet be identified, resulting from ARG2 deficiency. ARG2 

knockout mice have no obvious phenotype, unlike ARG1 knockout mice which die within 14 

days of age due to hyperammonemia (Deignan et al. 2006). Nonetheless, it has been proposed 

that a reduction in manganese (Mn) bioavailability in the HD striatum underlies the urea cycle 

phenotype by restricting ARG2 activity (Bichell et al. 2017). This study, which used a C57-

YAC128Q mouse line, demonstrated that the deficit in HD striatal arginase activity could be 

rescued by in vivo Mn exposure, increasing enzymatic activity in the HD mouse model to levels 

observed in wild-type mice (Bichell et al. 2017). Levels of arginine, citrulline and ornithine were 

normalised in the striatum of HD mice after Mn exposure (Bichell et al. 2017).  

4.6.3.4 GLUL 

Glutamine synthetase (GLUL or GS) transcription was significantly lower in the HD mouse 

striatum and also negatively correlated with heterozygous mouse long allele CAG repeat length. 

Similarly, GLUL was negatively correlated with CAG repeat length in post-mortem human HD 

cases (caudate nucleus) but is not significantly differentially expressed overall in the human 

caudate nucleus relative to controls. Glutamine synthetase catalyses the synthesis of glutamine 
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by combining glutamate with ammonia, and thus functions to detoxify ammonia. A paper 

published in 1982, reported that the enzyme, which is localised to astrocytic cells, was decreased 

in the frontal cortex, temporal cortex, putamen and cerebellum of HD cases (Carter 1982). A 

decrease in production and activity of GLUL would result in lower levels of glutamine 

production and correspondingly higher levels of glutamate and ammonia. Increased levels of 

ammonia feed into the urea cycle, and in excess can result in hyperammonemia and 

neurotoxicity (Auron & Brophy 2012). 

4.6.3.5 ASL 

Unlike ASS1, ARG2 and GLUL, which were all downregulated in the mouse HD knock in model, 

ASL transcription was significantly upregulated in the HD mouse striatum. ASL transcription 

also increased with CAG repeat length in the HD mice. ASL, which encodes argininosuccinate 

lyase, catalyses the hydrolytic cleavage of argininosuccinate into arginine and fumarate. A 

deficiency in ASL caused by a mutation in the ASL gene results in a urea cycle disorder (UCD), 

characterised by hyperammonemia (Leonard & Morris 2002, Sreenath Nagamani et al. 2012). 

However, the HD mouse model exhibits an increase in ASL expression. Since overexpression of 

ASL is not known to have any detrimental effects, it could be postulated that the gene is 

upregulated in response to increasing levels of ammonia consequently and is not directly 

causative to a urea phenotype. However, we do not yet know whether urea and/or ammonia are 

altered in this mouse model. 

4.6.3.6 GLUD1 

GLUD1 was not differentially expressed in the mouse or human datasets, however, transcription 

of the gene was significantly negatively correlated with CAG repeat length in the HD human 

caudate nucleus. GLUD1 encodes glutamate dehydrogenase and is expressed in the 

mitochondrial matrix. The enzyme functions to catalyse the oxidative deamination of glutamate 

to alpha-ketoglutarate and ammonia, thus promotes turnover of the excitatory neurotransmitter 

glutamate. Decreased expression of GLUD1 with increasing CAG repeat length suggests that 

the conversion of glutamate to alpha-ketoglutarate and ammonia may be associated with 

huntingtin, and altered expression of GLUD1 may contribute to the typically faster pathogenesis 

and onset in individuals with longer CAG repeats.   

Collectively the gene expression changes uncovered in this analysis incorporating the OVT73 

data, the human microarray data, and the mouse allelic series, reinforce the hypothesis that the 

urea cycle is implicated in Huntington’s disease. Previous studies have confirmed that OVT73 
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sheep and end-stage human HD brain have elevated levels of urea (Patassini et al. 2015, Handley 

et al. 2017). Excess brain urea and/or its precursor ammonia are known to cause 

neurodegeneration, thus, these findings may be contributors of HD pathogenesis. The origin of 

elevated urea in HD and its direct in vivo relationship to mutant huntingtin must now be 

considered. Since the urea cycle and detoxification of ammonia primarily takes place in the 

liver, a logical next step is to focus HTT-urea-cycle investigations on this region. Both the 

huntingtin gene and protein are ubiquitously expressed in human tissues and huntingtin 

aggregates have been found in many peripheral mouse tissues including the liver (Sathasivam 

et al. 1999, Moffitt et al. 2009). Thus, it is plausible that the presence of mHTT in the liver may 

cause a liver dysfunction and trigger the urea cycle disorder observed. This hypothesis is 

explored in Chapters 5 and 6. 
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 Investigating the role of the 

liver in Huntington’s disease through 

transcriptomic analysis of the OVT73 model 

5.1. Overview 

HD has always been considered to be a disease originating in the brain, despite ubiquitous 

expression of the mutant HTT gene (Ambrose et al. 1994). However recent and accumulating 

evidence suggests that peripheral organs may be the initial sites of pathogenesis (van der Burg 

et al. 2009, Carroll et al. 2015), and that neurodegeneration could subsequently occur after a 

cascade of detrimental events. In our own laboratory, elevated urea has recently been identified 

in the OVT73 and human HD brain (Patassini et al. 2015, Handley et al. 2017) and hypothesised 

to contribute to the neurodegenerative phenotype in HD. The origin of the elevated brain urea, 

which occurs in early stage HD before evidence of gross neuronal death, is unknown. Since the 

urea cycle takes place primarily in the liver, this postulates the source of the urea accumulation 

in HD as the liver. Indeed, huntingtin expression is relatively high in the liver, at mRNA (GTEx 

Portal: http://www.gtexportal.org/home/gene/HTT) and protein levels (Human Protein Atlas: 

http://www.proteinatlas.org/ENSG00000197386-HTT/tissue), so mutant huntingtin has the 

potential to disrupt normal liver processes.  

Interestingly, many metabolic diseases originating in the liver, such as phenylketonuria and the 

urea cycle disorders, affect the brain and nervous system, resulting in phenotypes that are 

remarkably similar to Huntington’s disease (Leonard & Morris 2002, Gropman et al. 2007, Blau 

et al. 2010). There is also strong evidence for a peripheral metabolic disruption in HD. Weight 

loss in HD patients is evident from onset (Djousse et al. 2002), despite increased caloric intake 

(Trejo et al. 2004, Mochel et al. 2007) and the rate of weight loss has been shown to increase 

with higher CAG repeat number (Aziz et al. 2008). This phenotype is thought to be caused by a 

cellular energy deficit (Seong et al. 2005). Additionally, metabolite analysis of blood serum 

samples from transgenic mice and HD human cases revealed altered levels of aliphatic amino 

acids and markers of fatty acid breakdown (Underwood et al. 2006). In the OVT73 sheep model, 

previous comparative metabolic profiling studies have also revealed metabolic alterations in 

OVT73 cerebellum, liver (Handley et al. 2016) and plasma samples (Skene et al. 2017), 

suggesting a hyper-regulated metabolic state in the OVT73 animals.  

http://www.gtexportal.org/home/gene/HTT
http://www.proteinatlas.org/ENSG00000197386-HTT/tissue


 

136 

 

Hypothesising that the liver may be the source of the urea phenotype in HD, it was decided that 

an RNAseq experiment would be conducted on 5-year-old OVT73 and control liver samples, the 

same animals that have been the focus of the OVT73 data platform. RNA sequencing (RNAseq) 

is a molecular profiling technology that can quantify transcriptomic expression in an unbiased 

manner. The method can be used to identify differentially expressed transcripts between 

different sample groups.  

Another method of transcriptome quantification, called NanoString, was used to validate the 

expression of genes of interest within the RNAseq analysis. This was undertaken in the same 5-

year-old cohort samples and also in liver RNA from other cohorts of sheep sampled at various 

ages. The aim here was to test whether genes of interest are consistently differentially expressed 

from birth in an HD model, or change with age.  

The liver RNAseq and NanoString gene expression results were also incorporated into the 

OVT73 data platform for further correlational analyses with the other omic datasets. This 

enabled the interacting network of relationships to be examined, with insights into potential 

mechanisms for disease pathogenesis. 

The aim of the work presented in this chapter was to look for evidence of a metabolic disruption 

in the OVT73 liver, particularly related to the urea cycle. This study highlights some of the 

metabolic changes that are implicated at a genetic level in the prodromal HD model. 

5.2. General Aim 

The general aim of this chapter was to investigate liver-specific gene expression changes in HD, 

particularly those that might underlie the brain urea phenotype. This aim was investigated using 

liver RNAseq and NanoString analyses of the OVT73 sheep model. In addition, the new liver 

datasets generated from the 5-year-old cohort were incorporated into the OVT73 platform, for 

further ‘multi-omic’ exploratory analyses. 

5.3. Specific Aims 

1. Quantify differential gene expression of annotated liver transcripts from an RNAseq 

study of 5-year-old animals, comparing control and OVT73 animals. 

2. Validate the differential expression of RNAseq-derived genes of interest via NanoString 

3. Investigate the expression of these genes of interest in different cohorts of sheep (at 

different ages) via NanoString 
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4. Use the exCorr package to identify differential correlations within the RNAseq and 

NanoString derived datasets.  

5. Incorporate the 5-year-old transcriptomic liver datasets into the OVT73 platform for 

further integrated analyses with other ‘multi-omic’ data.  

5.4. Methods 

5.4.1 RNA sequencing of the 5-year-old OVT73 sheep liver tissue 

5.4.1.1 Liver tissue sample preparation 

Liver samples used for the RNA sequencing analysis were obtained from the same 5-year-old 

sheep cohort described previously in this work, harvested in June 2012. Preparation and 

maintenance of these original tissue samples is described in General Materials and Methods 

section 2.2.7.1. Approximately 50 mg of fresh frozen tissue was dissected from each of the six 

OVT73 and six control liver samples. Total RNA was extracted from each sample using the 

Qiagen RNeasy Mini Kit. Each 50 mg tissue unit was halved, and the RNA extraction procedure 

was run in duplicate for each sheep sample. The two RNA eluents were subsequently pooled for 

each sample, before DNase treatment and reagent removal using the Ambion DNA-free Kit. 

RNA concentration, 260/230 and 260/280 ratios were determined using the NanoDrop 

spectrophotometer. Samples with 260/230 and/or 260/280 ratios below 1.800 were cleaned 

using the ethanol precipitation technique, described in General Materials and Methods section 

2.2.7.2. RNA integrity was evaluated using the Agilent 2100 Bioanalyser (RNA 6000 Nano Kit). 

All 12 RNA samples had RIN scores >7 and were prepared so that 2000 ng of RNA was 

contained in a 59.4 mL volume, thus having a final concentration of 33.7 ng/mL. Samples were 

shipped on dry ice to Macrogen (Seoul, Korea). 

5.4.1.2 RNA sequencing of OVT73 and control sheep liver 

At Macrogen, the Illumina TruSeq Stranded mRNA Library Prep Kit was used to capture the 

coding transcriptome (using Oligo-dT beads to capture polyA tails) with precise strand 

information, creating the cDNA libraries. RNASeq was performed using the Illumina 

Hiseq2500 platform, generating 100 bp paired end reads. 

5.4.1.3 Mapping and quantification of RNAseq data 

Bioinformatic analysis was performed by Macrogen. In order to reduce bias in analysis, artefacts 

such as low-quality reads, adaptor sequences or contaminant DNA, were removed. Trimmed 
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reads were mapped to the ovine reference genome GCA_000298735.2_Oar_v4.0 using the 

splice-aware aligner TopHat. GCA_000298735.2_Oar_v4.0 is based on whole genome 

sequencing (WGS) assembly of the genome from a male and a female Texel sheep. This was 

the newest assembly version at the time of RNASeq. In addition to the ovine reference genome, 

we provided Macrogen with the human HTT sequence, so the transgene could also be mapped 

in OVT73 animals. The transcript was assembled by Cufflinks, using the aligned reads that 

contain paired-end information. Expression profiles of assembled transcripts for each sample 

were calculated by Cufflinks. The expression profiles were represented as Fragments Per 

Kilobase of transcript per Million Mapped reads (FPKM) for each transcript.  

5.4.1.4 Differential gene expression analysis between OVT73 and controls 

Differential expression analysis was performed by Macrogen. A total of 6,144 genes were 

identified with zero FPKMs across all samples and were excluded from differential expression 

analysis. The remaining 23,277 transcripts were assessed for differential expression between 

OVT73 and control groups. During data pre-processing, the quantity 1 was added to the FPKM 

signal before log2 transformation. This process is performed because most raw signals have low 

signal values; hence the addition of 1, followed by log transformation reduces the scattered 

range of the signals and produces more even data distribution. To reduce systematic bias, 

quantile normalisation was performed with preprocessCore R library (Bolstad 2017). To identify 

differentially expressed transcripts, statistical analysis was performed using Fold Change and 

Independent t-test per comparison pair. The comparison pair of focus was OVT73 versus Control 

samples. Significant results were selected on the condition that the Fold Change was greater 

than 1.5 and the Independent t-test raw (unadjusted for multiple testing) p-value was < 0.05.  

5.4.1.5 Visual confirmation of differentially expressed transcripts 

The mapped reads of differentially expressed genes of interest were visualised using IGV 

software (Robinson et al. 2011). This was undertaken as a visual validation step, to identify any 

discrepancies in expression along the length of a transcript, read mapping errors and/or the 

presence of polymorphisms.   
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5.4.2 Validation of differentially expressed transcripts in a multiple-

ages gene expression study 

5.4.2.1 Liver tissue sample preparation 

RNA was extracted from an additional 23 animals ranging in age from 1 month (neonate) to 3 

years old, making 35 animals in total when combined with the original 12 animals used for 

RNAseq (all animals are listed in Table 2.7 in the General Material and Methods chapter. In 

preparation for NanoString analysis approximately 30 mg of fresh frozen tissue was dissected 

from each liver sample (eight neonates, seven 6-month-olds, six 18-month-olds, and two 3-year-

olds). Total RNA was prepared, quantified and quality assessed, as described in section 5.4.1.1. 

A total of 36 high quality RNA samples (RIN > 7, 260/280 ratio > 1.800 and 260/230 ratio > 

1.800) were sent to the Otago Genomics Facility, University of Otago on dry ice for NanoString 

analysis. This included the 23 sheep RNA samples described above, the original 12 RNA 

samples obtained from the 5-year-old cohort, and a technical replicate obtained from sheep #383 

(a 5-year-old transgenic ram). 

5.4.2.2 NanoString gene quantification 

Using data obtained from the liver RNAseq differential expression analysis, 20 genes of interest 

and 5 reference genes were selected for gene expression quantification via NanoString. A 

custom CodeSet that included the 20 target genes and 5 housekeeping genes was designed at the 

Otago Genomics & Bioinformatics Facility, using the Ovis aries genome 

GCA_000298735.2_Oar_v4.0 and human HTT RefSeq: NM_002111, as references. Probes 

were designed to target the maximum number of validated transcript variants and the cross-

reactivity of probes was minimised where possible. Transcript expression was quantified using 

nCounter technology (NanoString technologies). All data passed quality control, with no 

imaging, binding, positive control or CodeSet content normalisation flags. Raw counts for each 

assay were evaluated using NanoString nSolver software. The normalised data contained 

background-corrected counts (mean + 1SD) normalised by nSolver to the geometric mean of 

the both the positive controls and all nominated reference genes. This normalised data was 

provided as a csv file for all genes and samples, arranged in a single table. To identify 

differentially expressed genes, statistical analysis was performed using an Independent t-test per 

comparison pair. The comparison pair of focus was OVT73 versus Control samples, within each 

different aged cohort (unless otherwise stated). Significant results were selected on the condition 

that the Independent t-test raw (unadjusted for multiple testing) p-value was < 0.05. 
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5.4.3 Computational analysis 

5.4.3.1 Biological enrichment analyses of differentially expressed genes using 

DAVID 

Significantly differentially expressed genes were exported from R as lists and used for 

enrichment analyses in DAVID Bioinformatics Resources 6.8 (Dennis et al. 2003). Although 

these genes had been identified in sheep (and some genes are sheep-specific), Homo sapiens 

was selected as the species for annotation and set as the default background. This is because we 

are ultimately investigating the molecular mechanisms of human Huntington’s disease, using a 

sheep model. Nonetheless, comparative functional enrichment analyses were also performed by 

selecting Ovis aries as an annotation measure, ensuring that any results are not confounded by 

a biological pathway implicated in normal sheep biochemistry. The measure of biological 

enrichment, e.g. KEGG pathway, GO term etc. is specified in each results section.  

5.4.3.2 Integration of the liver RNAseq data into the OVT73 platform for ‘multi-

omic’ analysis 

In addition to differential expression analyses and within-dataset differential correlation 

analyses, the RNAseq and NanoString datasets were incorporated into the OVT73 data platform 

for ‘multi-omic’ correlation analyses. For RNAseq, the excel file consisting of individual FPKM 

normalised log2 transformed values, statistical results and gene annotation information was 

converted to a CSV file and imported into the OVT73 data platform. The data was subset into 3 

separate dataframes. The first dataframe, called liver_rnaseq_all, contained data for all genes 

detected in the RNA-seq. The second dataframe called liver_rnaseq_pval, contained genes that 

were differentially expressed according to the raw p-value (p<0.05). The last dataframe, termed 

liver_rnaseq_sig, contained genes that were differentially expressed (raw p<0.05) and had a fold 

change greater than 1.5. For NanoString results, the excel file containing normalised gene 

expression data of 25 genes was subset to contain the 5-year-old samples only. This was 

imported into R as a single dataframe termed ‘liver_nano’. These dataframes underwent 

exploratory and differential correlation analyses similar to those described in Chapters 3 and 4. 
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5.5. Results 

This first part of this chapter describes the outcomes obtained from an RNAseq experiment 

performed on liver samples from the 5-year-old sheep cohort; OVT73 (n = 6) and controls (n = 

6). The main objective was to identify differentially expressed transcripts in the OVT73 liver, as 

a means to investigate the peripheral effects of the transgene and identify ‘liver genes’ that may 

contribute to Huntington’s disease pathogenesis. The second part of this chapter uses 

NanoString to (1). Validate observations made in the 5-year-old liver RNAseq analysis, (2). 

Measure the differential expression of these genes of interest across OVT73 and control sheep 

of different ages, and (3). Look for gene expression changes that are correlated with age. The 

aim of this multiple-ages study was to determine whether the differentially expressed genes were 

consistently altered from birth, or limited to the aged sheep, thus separating the causal effect of 

the HTT mutation from the consequence that is general ageing. The final part of this chapter 

reports the findings from within-dataset and between-dataset differential correlation analyses of 

the 5-year-old liver transcriptomic data, after inclusion in the OVT73 platform. This revealed 

single- and multi- ‘omic’ relationships, connecting the transcriptomic liver data to other liver-

expressed variables, and provided a more holistic overview of the OVT73 peripheral system.  

5.5.1 RNAseq analysis identifies differentially expressed transcripts 

between the OVT73 and Control liver 

5.5.1.1 Differentially expressed liver genes, OVT73 versus Controls  

The 5-year-old liver RNAseq data was examined for transcripts with differential expression 

(normalised FPKM) between OVT73 (n=6) and controls (n = 6). Thresholds for significance 

were set at three different levels. Threshold 1 (Independent t-test; p<0.05 and Fold Change > 

1.5), yielded 67 differentially expressed transcripts (Table 5.1). Threshold 2 (Independent t-test; 

p<0.001) yielded 20 differentially expressed transcripts (Table 5.2). Threshold 3 (Independent 

t-test; p<0.05) yielded 1,005 differentially expressed transcripts. A full list of these 1,005 

significantly differentially expressed transcripts (p<0.05) is provided in Supplementary Data > 

Appendix I. Due to the small number of animals used in the analysis, outputs were not corrected 

for multiple testing. 
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Table 5.1: Differentially expressed OVT73 liver transcripts (p<0.05, FC >1.5).  

Liver RNA samples were obtained from the 5-year-old cohort of sheep (OVT73 = 6, Control = 6), harvested in June 2012. RNAseq 
analysis identified 67 differentially expressed transcripts between OVT73 and Control liver samples (Independent t-test p<0.05) 
and (Fold Change > 1.5). The genes are ordered by raw p-value (unadjusted for multiple testing). Gene symbols beginning with 
‘LOC’ did not have a published symbol (determined orthologue) available at the time of writing. 

Gene Symbol Description 
OVT73 v Control 
Fold Change 

OVT73 v Control 
raw p-value 

ARFGAP3 ADP ribosylation factor GTPase activating protein 3 1.53 0.0001 

INPP5F inositol polyphosphate-5-phosphatase F 1.53 0.0007 

LOC101110855 secreted and transmembrane protein 1A-like  -1.63 0.0009 

LOC105611551 uncharacterized LOC105611551 1.68 0.0017 

CLEC14A C-type lectin domain family 14, member A -1.52 0.0021 

NGFR nerve growth factor receptor -1.57 0.0028 

ARL8A ADP-ribosylation factor-like 8A 1.59 0.0037 

BCO2 beta-carotene oxygenase 2 -1.72 0.0039 

HMGB3 high mobility group box 3 -2.61 0.0045 

HSP90B1 endoplasmin  1.71 0.0049 

MPV17L2 LOW QUALITY PROTEIN: mpv17-like protein 2 1.58 0.0062 

SCOC short coiled-coil protein 1.87 0.0072 

MEP1B meprin A subunit beta -1.83 0.0082 

CLEC4F C-type lectin domain family 4 member F  -1.53 0.0084 

NANS N-acetylneuraminate synthase 1.63 0.0086 

ZFP36L1 
LOW QUALITY PROTEIN: zinc finger protein 36, C3H1 
type-like 1 1.56 0.0088 

COLEC11 collectin-11  -1.54 0.0096 

CARNS1 carnosine synthase 1 1.68 0.0097 

GPR1 G protein-coupled receptor 1 -1.95 0.0107 

SEC23B protein transport protein Sec23B 1.65 0.0138 

DNAJB11 DnaJ heat shock protein family (Hsp40) member B11 1.75 0.0145 

LOXL1 LOW QUALITY PROTEIN: lysyl oxidase homolog 1  -1.55 0.0146 

F11 coagulation factor XI -1.74 0.0146 

ASPN asporin -1.55 0.0153 

IGFBP3 insulin-like growth factor binding protein 3 -1.59 0.0174 

TNFRSF11B tumor necrosis factor receptor superfamily member 11b -1.56 0.0200 

RCN2 LOW QUALITY PROTEIN: reticulocalbin-2  1.50 0.0202 

PALMD palmdelphin 2.49 0.0207 

PPP1R3B protein phosphatase 1 regulatory subunit 3B  1.73 0.0211 

HYOU1 hypoxia up-regulated 1 1.97 0.0217 

LOC101104832 amine sulfotransferase-like -1.70 0.0244 

FCGR2B Fc fragment of IgG, low affinity IIb, receptor (CD32) -1.53 0.0246 

GPC3 glypican 3 -1.57 0.0259 

SEC24D protein transport protein Sec24D  1.60 0.0260 

PFKFB4 6-phosphofructo-2-kinase/fructose-2,6-biphosphatase 4 -1.65 0.0270 

GMPPB GDP-mannose pyrophosphorylase B 1.75 0.0274 

RGN regucalcin (senescence marker protein-30) -1.70 0.0276 

PFKM 
LOW QUALITY PROTEIN: ATP-dependent 6-
phosphofructokinase, muscle type  -1.73 0.0289 

ADAMTSL2 ADAMTS like 2 -1.51 0.0291 

FGF12 fibroblast growth factor 12 -2.43 0.0310 

CBLN3 cerebellin-3 -1.52 0.0311 

LOC100101238 regakine 1-like protein -1.62 0.0319 

LOC101112335 
LOW QUALITY PROTEIN: membrane primary amine 
oxidase  -1.53 0.0324 

LOC101106024 secreted and transmembrane protein 1A-like -1.75 0.0340 

SLC22A5 solute carrier family 22 member 5  -1.70 0.0368 

PGLYRP2 N-acetylmuramoyl-L-alanine amidase -1.60 0.0369 
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PXMP4 peroxisomal membrane protein 4 -1.83 0.0391 

ASL argininosuccinate lyase -1.51 0.0398 

SLC38A3 sodium-coupled neutral amino acid transporter 3  -1.59 0.0404 

VLDLR very low density lipoprotein receptor 1.62 0.0407 

DES desmin -1.56 0.0410 

SLC27A4 long-chain fatty acid transport protein 4  1.73 0.0416 

RGS5 regulator of G-protein signaling 5 -2.19 0.0419 

HSPA5 78 kDa glucose-regulated protein 2.01 0.0422 

GSTM3 glutathione S-transferase Mu 3 -2.45 0.0434 

FN3K fructosamine 3 kinase -1.93 0.0443 

LOC101103517 butyrophilin subfamily 1 member A1-like -1.66 0.0444 

ADHFE1 alcohol dehydrogenase, iron containing 1 -1.52 0.0450 

CHAC1 
ChaC glutathione-specific gamma-
glutamylcyclotransferase 1 1.76 0.0460 

CDK2AP2 cyclin-dependent kinase 2 associated protein 2 1.52 0.0474 

HERPUD1 
homocysteine-inducible, endoplasmic reticulum stress-
inducible, ubiquitin-like domain member 1 1.75 0.0477 

LOC101107232 glutathione S-transferase A4 -1.83 0.0480 

SCN1B 
LOW QUALITY PROTEIN: sodium channel subunit beta-
1  -1.55 0.0481 

DLEC1 deleted in lung and esophageal cancer 1 2.38 0.0488 

SPP1 secreted phosphoprotein 1 -4.74 0.0488 

 

Table 5.2: Differentially expressed OVT73 liver transcripts (p<0.001).  

Liver RNA samples were obtained from the 5-year-old cohort of sheep (OVT73 = 6, Control = 6), harvested in June 2012. 
Alternative thresholding of the liver RNAseq analysis identified 20 differentially expressed transcripts between OVT73 and Control 
samples (Independent t-test p<0.001). These genes are ordered by raw p-value (unadjusted for multiple testing) in the below table. 
Gene symbols beginning with ‘LOC’ did not have a published symbol (determined orthologue) available at the time of writing. 
Transcripts that also meet a Fold Change >1.5 criteria are denoted with a (*). 

Gene Symbol Description 
OVT73 v Control 
Fold Change 

OVT73 v Control 
raw p-value 

ARFGAP3 
ADP ribosylation factor GTPase activating protein 
3 

1.53* 0.0001 

USP5 
LOW QUALITY PROTEIN: ubiquitin carboxyl-
terminal hydrolase 5  

1.27 0.0002 

POMT2 protein O-mannosyl-transferase 2  1.25 0.0002 

TSPAN15 tetraspanin 15 -1.50 0.0002 

LOC105603561  1.01 0.0003 

TRPC4AP 
short transient receptor potential channel 4-
associated protein  

1.19 0.0003 

ABCF2 ATP binding cassette subfamily F member 2 1.26 0.0004 

SPX spexin hormone 1.28 0.0004 

KLC2 kinesin light chain 2 1.34 0.0004 

CCDC88A coiled-coil domain containing 88A 1.11 0.0005 

CNPY4 canopy FGF signaling regulator 4 -1.29 0.0005 

EFNB3 ephrin-B3 -1.08 0.0006 

EPRS bifunctional glutamate/proline--tRNA ligase  1.30 0.0006 

LOC106991147 translation initiation factor IF-2-like 1.05 0.0006 

LOC105607692 uncharacterized LOC105607692 -1.28 0.0006 

RSPO3 R-spondin 3 -1.26 0.0007 

NATD1 N-acetyltransferase domain containing 1 -1.25 0.0007 

INPP5F inositol polyphosphate-5-phosphatase F 1.53* 0.0007 

LOC101110855 secreted and transmembrane protein 1A-like  -1.63* 0.0009 

MADD 
LOW QUALITY PROTEIN: MAP kinase-activating 
death domain protein  

1.19 0.0010 
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5.5.1.2 Biological enrichment of differentially expressed liver transcripts  

The 67 genes identified as differentially expressed  by Threshold 1 (Independent t-test; p<0.05 

and Fold Change > 1.5) were input into DAVID (Dennis et al. 2003) for functional enrichment 

analyses. Eight of these transcripts were found to be Ovis aries specific and 2 were 

uncharacterised, leaving 57 Homo sapiens DAVID IDs for functional annotation.  

The KEGG database within DAVID identified two significantly enriched KEGG pathways; 

Protein processing in endoplasmic reticulum (p=0.000125) and Fructose and mannose 

metabolism (p=0.01) (Table 5.3). Interestingly, all seven genes that were enriched in protein 

processing in the endoplasmic reticulum were expressed at significantly higher levels in the 

OVT73 liver samples compared to controls.  

Table 5.3: Functional enrichment analysis of 67 differentially expressed OVT73 liver transcripts.  

OVT73 5-year old liver RNAseq analysis (OVT73 = 6, Control = 6) identified 67 differentially expressed transcripts according to a 
high threshold for significance (p <0.05 and Fold change > 1.5; Threshold 1). These 67 genes were imported into DAVID for 
functional enrichment analyses. Two KEGG pathways were significantly enriched in the analysis; protein processing in the 
endoplasmic reticulum and fructose and mannose metabolism (p<0.05). Genes that were significantly increased in expression in 
OVT73 are in bold font, and significantly decreased genes are underlined. Count = the number of genes within the list that are 
involved in the term. % = percentage of the involved genes/total genes in the gene list. P-value = modified Fisher exact p-value as 
determined by DAVID. FDR = False discovery rate. 

Enriched KEGG Pathway Count % 
P-
Value 

Genes 
Benjamini-Hochberg 
Procedure (FDR) 

Protein processing in 
endoplasmic reticulum 

7 12.28 0.0001 
HYOU1, HERPUD1, HSP90B1, DNAJB11, 
HSPA5, SEC24D, SEC23B 

0.0084 

Fructose and mannose 
metabolism 

3 5.26 0.0100 GMPPB, PFKFB4, PFKM 0.2866 

 

The 1,005 differentially expressed transcripts determined by Threshold 3 (Independent t-test; 

p<0.05) were also imported into DAVID for functional enrichment analysis. Eight KEGG 

pathways were significantly enriched, as shown in Table 5.4. Again, protein processing in 

endoplasmic reticulum was the most significantly enriched pathway (p=0.0000352) and 

remained significant after BH adjustment (p=0.00886). Other enriched pathways are involved 

in the synthesis, export and degradation of proteins, consistent with a regenerative phenotype. 

These pathways, along with circadian rhythm (refer to Table 5.4) are considered further in the 

discussion.  

Functional enrichment analysis of the 20 differentially expressed transcripts determined by 

Threshold 2 (Independent t-test; p<0.001) using DAVID, yielded no statistically significantly 

enriched KEGG pathways. 
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Table 5.4: Functional enrichment analysis of 1,005 differentially expressed OVT73 liver transcripts.  

OVT73 5-year old liver RNAseq analysis (OVT73 = 6, Control = 6) identified 1,005 differentially expressed transcripts according to 
a low significance threshold analysis (p< 0.05; Threshold 3). These 1,005 genes were imported into DAVID for functional 
enrichment analyses, revealing 8 significantly enriched KEGG pathways (p<0.05). Genes that are significantly increased in OVT73 
are in bold font, and significantly decreased genes are underlined. Count = the number of genes within the list that are involved in 
the term. % = percentage of the involved genes/total genes in the gene list. P-value = modified Fisher exact p-value as determined 
by DAVID. FDR = False discovery rate. 

Enriched KEGG 
Pathway Count % 

P-
Value Genes 

Benjamini-
Hochberg 
Procedure (FDR) 

Protein processing in 
endoplasmic 
reticulum 21 2.71 0.00004 

HERPUD1, SYVN1, MOGS, SKP1, CALR, EDEM2, EDEM1, 

ERLEC1, RBX1, HYOU1, HSP90B1, DNAJB11, DAD1, SEC13, 

MAPK9, HSPA5, SEC24C, DDOST, SEC24D, SEC23B, UBE2E1 

0.00886 

N-Glycan 
biosynthesis 8 1.03 0.00468 

MGAT2, B4GALT3, ALG1, DAD1, ALG5, DPAGT1, MOGS, 

DDOST 
0.44728 

Other types of O-
glycan biosynthesis 6 0.77 0.00974 

POMT2, B4GALT3, PLOD3, B3GALT4, RFNG, POGLUT1 

0.56192 

Circadian rhythm 6 0.77 0.00974 
NPAS2, PRKAG2, PER2, SKP1, CRY1, RBX1 

0.56192 

Protein export 5 0.65 0.01569 
SRP68, SRPRA, SRP72, HSPA5, SRP19 

0.63213 

Ubiquitin mediated 
proteolysis 12 1.55 0.03400 

ERCC8, FZR1, UBE2A, SYVN1, UBA1, UBA3, UBE2M, DET1, 

SAE1, SKP1, UBE2E1, RBX1 

0.82624 

Rap1 signalling 
pathway 16 2.06 0.03715 

PRKCZ, MAP2K2, FGF11, FGF12, HGF, RGS14, FARP2, 

PRKD2, MAPK13, RHOA, PDGFRB, RALA, ANGPT1, NGFR, 

CSF1R, F2R 
0.79736 

Fructose and 
mannose metabolism 5 0.65 0.04714 

GMPPB, PFKFB4, AKR1B1, GMPPA, PFKM 

0.82542 

 

5.5.1.3 Differentially expressed liver transcripts directly associated with the urea 

cycle and metabolism 

One of the major focusses of this thesis is the investigation of the urea cycle and metabolism as 

potential contributors of HD pathogenesis. Thus, the lists of differentially expressed transcripts 

were explored for genes that may be involved in these pathways.  

Remarkably, the expression of Argininosuccinate Lyase (ASL) and N-Acetylglutamate Synthase 

(NAGS), were significantly decreased in the OVT73 liver compared to controls (Figure 5.1). 

Both of these enzymes are involved in the essential steps within the liver that detoxifies 

ammonia via the urea cycle. 

ASL was identified in the high-threshold list of differentially expressed transcripts, having a 

significant p-value (p = 0.03981) and a fold change greater than 1.5 (FC = -1.51). NAGS was 
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only identified in the list of low-threshold differentially expressed genes, with a significant p-

value (p = 0.04766) but low fold change (FC = -1.31).  

 

Figure 5.1: ASL and NAGS are differentially expressed in the OVT73 liver.  

Liver RNAseq of the 5-year old cohort (OVT73 = 6, Control = 6) revealed genes that were differentially expressed (p<0.05). Two 
genes that are directly involved in the urea cycle, ASL and NAGS, are significantly downregulated in the OVT73 liver. (A) ASL, 
which encodes argininosucinate lyase, is significantly lower in OVT73 livers compared to controls (p = 0.0398, FC = -1.51). (B) 
NAGS, which encodes N-acetylglutamate synthase, is also significantly lower in OVT73 liver samples (p = 0.0477, FC = -1.31). 
Each boxplot shows the expression values for individual animals, within the control and OVT73 groups (coloured light grey and 
dark grey, respectively). The line that divides each box into two parts represents the median of the data and the ends of each box 
show the upper and lower quartiles. The extreme lines show the highest and lowest value, excluding outliers. Outliers are shown 
as single dots beyond the vertical lines. FC = Fold Change. 

 

Interestingly, tRNA ligases, which are integral to protein synthesis, were consistently 

upregulated in the OVT73 livers compared to controls (Figure 5.2). Transcripts from fourteen 

tRNA ligase genes were identified in the liver RNAseq data. Five of these were significantly 

more abundant in OVT73 compared to controls at the nominal level (p <0.05), while the 

remaining nine had higher mean values in the OVT73 but were not nominally significant. tRNA 

ligases are directly involved in protein synthesis, hence their consistent upregulation in the 

OVT73 liver may indicate that there is a global increase in the production of proteins within the 

OVT73 liver. 

A B 
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Figure 5.2: Genes that encode tRNA ligases are consistently upregulated in the OVT73 liver.  

RNA sequencing of the 5-year-old cohort liver samples (OVT73 = 6, Control = 6) revealed interesting changes in the expression 
of the tRNA ligases. Five tRNA ligases (A) EPRS, (B) MARS, (C) TARS, (D) VARS and (E) NARS are significantly higher in OVT73 
(p < 0.05). Expression of the remaining 9 tRNA ligases identified within the dataset, including (F) AARS, have higher average 
values in OVT73, although they are not significantly differentially expressed at the nominal level (p>0.05). Each boxplot shows the 
expression values for individual animals, within the control and OVT73 groups (coloured light grey and dark grey, respectively). 
The line that divides each box into two parts represents the median of the data and the ends of each box show the upper and lower 
quartiles. The extreme lines show the highest and lowest value, excluding outliers. Outliers are shown as single dots beyond the 
vertical lines. 

A B 

C D 

E F 
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5.5.2 Genes of interest in the OVT73 liver are altered with age 

To validate the liver RNAseq findings and investigate genes of interest further, gene expression 

study was conducted in a larger cohort of animals at different ages using NanoString. Liver 

RNA from a total of 35 animals was collected and sent to NanoString for the quantification of 

20 genes of interest and 5 housekeeping genes. These 35 animals ranged from neonate to 5 years 

old (Table 2.7) and included the same 12 RNA samples that were used for RNAseq analysis.  

5.5.2.1 Selection of genes for NanoString analysis  

Twelve genes of interest were chosen based on statistical significance (OVT73 v controls) in the 

liver RNAseq data. A further eight of the selected target genes were not significantly 

differentially expressed in the liver RNAseq analysis. These genes were selected based on their 

involvement in the urea cycle and metabolic pathways, and/or due to their interesting expression 

patterns in the OVT73 brain transcriptomic data. NanoString analysis of these non-differentially 

expressed genes aimed to confirm their stable expression in the 5-year-old cohort liver, whilst 

assessing their potential for differential expression in the younger cohorts of animals. Most of 

the 20 selected genes of interest had considerable coverage in the raw RNAseq data (visualised 

using IGV), with mapped reads spanning the entire length of the gene. Hence, we can assume 

that full length transcripts were sequenced for these candidate genes and the FPKM values for 

our genes of interest were accurate representations of the raw data.  

The five reference genes were chosen based on their housekeeping functionality, ability to span 

the FPKM range of target gene expression and low coefficient of variance (CV) percentages in 

the liver RNAseq data. CV is a measure of relative variability, and so a low CV value, indicates 

that there is little variation in the genes’ expression between samples.  

A full list of the genes selected for NanoString analysis is provided in Table 5.5. Additional 

visualisation of the relative FPKM values for each of the target housekeeping genes can be seen 

in Figure 5.3. Gene expression levels measured via NanoString were represented as normalised 

counts, enabling between-sample comparisons.  
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Table 5.5: Selection of 20 target genes and 5 housekeeping genes for NanoString quantification.  

NanoString was selected as a method for validation of selected genes and to investigate genes of interest in the OVT73 sheep at 
different ages. Justification for selected target and reference genes is provided.  Fold change (OVT73 v controls) and statistical 
significance (p-value) in the 5-year-old liver RNAseq dataset is shown for each gene. CV = coefficient of variation. 

Gene Functional overview OVT73 v 
Control 
(p-value) 

Fold 
change 

Justification for 
NanoString 

Target genes 

ASL 
Argininosuccinate Lyase 

Catalyses the reversible hydrolytic 
cleavage of argininosuccinate into 
arginine and fumarate – essential step to 
detoxify ammonia in the liver. 

0.0398 -1.51 - Differentially 
expressed 
- Urea cycle gene 
- interesting in 
mouse datasets 

NAGS  
N-Acetylglutamate 
Synthase 

Mitochondrial enzyme that catalyses the 
formation of N-acetylglutamate (NAG) 
from glutamate and acetyl coenzyme-A.  

0.0477 -1.31 - Differentially 
expressed 
- Urea cycle gene 

OTC  
Ornithine 
Carbamoyltransferase 

Mitochondrial enzyme involved in arginine 
biosynthesis. 

0.4872 -1.12 - Urea cycle gene 

CPS1  
Carbamoyl-Phosphate 
Synthase 1 

Mitochondrial enzyme that catalyses the 
synthesis of carbamoyl phosphate from 
ammonia and bicarbonate.  

0.8932 -1.04 - Urea cycle gene 

ASS1 
Argininosuccinate 
Synthase 1 

Catalyses the penultimate step of the 
arginine biosynthetic pathway. 

0.5131 -1.20 - Urea cycle gene 
- interesting in 
mouse dataset 

ARG1 
Arginase 1 

Catalyses the hydrolysis of arginine to 
ornithine and urea. 

0.5014 1.18 - Urea cycle gene 

HTT  
Huntingtin (human 
transgene) 

Linked to Huntington's disease. 0.0247 1.02 - Quantify 
transgene 
expression 

HTT  
Huntingtin (sheep) 

Linked to Huntington's disease. 0.5504 1.04 - Quantify ovine 
HTT expression 

MARS  
Methionyl-TRNA 
Synthetase 

Catalyses the ligation of methionine to 
tRNA molecules. 

0.0025 1.41 - tRNA ligase 
 

EPRS 
Glutamyl-Prolyl-TRNA 
Synthetase 

Multifunctional aminoacyl-tRNA 
synthetase that catalyses the 
aminoacylation of glutamic acid and 
proline tRNA species. 

0.0006 1.30 - tRNA ligase 
 

TARS 
Threonyl-TRNA 
Synthetase 

Catalyses the ligation of threonine to 
tRNA molecules. 

0.0066 1.25 - tRNA ligase 
 

ARFGAP3 
ADP Ribosylation Factor 
GTPase 

Associates with the Golgi apparatus and 
regulates the early secretory pathway of 
proteins.  

0.0001 1.53 - most significant 
gene #1 

USP5 
Ubiquitin Specific 
Peptidase 5 

Involved in ubiquitin-dependent 
proteolysis; a complex pathway of protein 
metabolism. 

0.0002 1.27 - most significant 
gene #2 

POMT2 
Protein O-
Mannosyltransferase 2 

Transfers mannosyl residues to the 
hydroxyl group of serine or threonine 
residues.  

0.0002 1.25 - most significant 
gene #3 

TSPAN15 
Tetraspanin 15 

Mediates signal transduction events that 
play a role in the regulation of cell 
development, activation, growth and 
motility. 

0.0002 -1.50 - most significant 
gene #4 

INPP5F 
Inositol Polyphosphate-5-
Phosphatase F 

The activity of this protein is specific for 
phosphatidylinositol 4,5-bisphosphate and 
phosphatidylinositol 3,4,5-trisphosphate.  

0.0007 1.53 - very significant 
and large fold 
change 
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SLC14A1 
Solute Carrier Family 14 
Member 1 

Urea channel that facilitates 
transmembrane urea transport down a 
concentration gradient. 

0.4525 1.00 - evidence that urea 
elevation is brain 
specific 
- interesting in 
human dataset 

SLC14A2 
Solute Carrier Family 14 
Member 2 

Mediates rapid transepithelial urea 
transport across the inner medullary 
collecting duct of the kidney. 

0.1781 -1.00 - evidence that urea 
elevation is brain 
specific 

SLC5A7 
Solute Carrier Family 5 
Member 7 

Sodium ion- and chloride ion-dependent 
high-affinity transporter that mediates 
choline uptake for acetylcholine synthesis 
in cholinergic neurons. 

0.0721 -1.01 - comparison to 
brain dataset 

SLC22A5 
Solute Carrier Family 22 
Member 5 

Plasma integral membrane protein which 
functions both as an organic cation 
transporter and as a sodium-dependent 
high affinity carnitine transporter. 

0.0368 -1.70 - evidence for 
carnitine/ 
mitochondrial 
dysfunction 
- interesting in 
mouse/ human 
dataset 

Reference genes 

RPLP1 
Ribosomal Protein 
Lateral Stalk Subunit P1  

Encodes a ribosomal phosphoprotein that 
is a component of the 60S subunit. 

0.8449 1.01 - Housekeeping 
gene 
- CV% = 2 

CANX 
Calnexin 

Calcium-binding, endoplasmic reticulum 
(ER)-associated protein that interacts 
transiently with newly synthesized N-
linked glycoproteins. 

0.1334 1.15 - Housekeeping 
gene 
- CV% = 3.6 

GUSB 
Glucuronidase Beta 

Hydrolase that degrades 
glycosaminoglycans. 

0.5758 -1.03 - Housekeeping 
gene 
- CV% = 3.1 

TRIM27 
Tripartite Motif 
Containing 27 

Interacts with the enhancer of polycomb 
protein and represses gene transcription. 

0.3988 -1.06 - Housekeeping 
gene 
- CV% = 5.1 

TBP 
TATA-Box Binding 
Protein 

Integral to gene transcription. 0.5995 -1.04 - Housekeeping 
gene 
- CV% = 11.1 

 

The aims of the NanoString analysis were to (1). Validate the expression of selected genes of 

interest from the liver RNAseq experiment, (2). Assess the expression of genes of interest in 

different cohorts of animals that represent a wide range of ages, and (3). Look for age-dependent 

trends in gene expression (or lack-of) for causative/consequential inference.  For the purpose of 

this thesis, only statistically significant results are described. 

5.5.2.2 NanoString data is reproducible between samples 

To assess the reproducibility of NanoString as a method of gene quantification, duplicate RNA 

samples were analysed for one animal, ‘383TR’. These two identical samples acted as technical 

repeats in the analysis. Animal 383TR is a 5-year-old transgenic ram. Pearson’s correlation 

determined that there was a significant correlation between the expression profiles of the two 

383TR samples (r = 0.9999, p=2.2e-16), providing good confidence in the NanoString method 

of quantification. The duplicate gene expression counts were averaged for further analysis of 

this animal.
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Figure 5.3: The distribution of selected genes for NanoString, within the liver RNAseq dataset.  

The distribution of 20 target genes of interest and 5 reference genes within the liver RNAseq analysis dataset (OVT73 = 6, Control =6). Target genes of interest were selected for subsequent NanoString analysis 
based on their level of significant differential expression between OVT73 and control animals in the liver RNAseq dataset, and their involvement in metabolic processes and/or the urea cycle. Reference genes were 
chosen based on their housekeeping properties, low coefficient of variation (CV) percentage (< 10 %) and ability to cover the range of expression values for target genes. Each boxplot shows the expression of genes, 
within the control and OVT73 groups (coloured light grey and dark grey, respectively). The line that divides each box into two parts represents the median of the data and the ends of each box show the upper and 
lower quartiles. The ends of the extreme lines show the highest and lowest value, excluding outliers, shown as single dots beyond the lines. OVT73 v Control significance indicated by (*). HTT = ovine huntingtin, 
HTT.1 = human huntingtin transgene, DE = differentially expressed genes in liver RNAseq analysis (p<0.05). 

* 

* * 

* * 
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Twelve of the genes of interest selected for NanoString analysis were significantly differentially 

expressed in the liver RNAseq dataset collected from the 5-year-old cohort (p < 0.05). Nine of 

these 12 genes (ARFGAP3, ASL, EPRS, INPP5F, MARS, POMT2, SLC22A5, TARS and 

TSPAN15) were validated as being differentially expressed, in the same direction, after 

NanoString analysis of the same 5-year-old sheep liver samples (p < 0.05) (Table 5.6).  

Table 5.6: Comparison of liver genes quantified via RNAseq and NanoString.  

The p-values from differential expression analyses of 20 genes within the liver RNAseq and liver NanoString datasets, both 
collected from the same 5-year-old cohort of animals (OVT73 = 6, Control = 6). Genes that are significantly differentially expressed 
(Independent t-test, p < 0.05) are highlighted in red font. 9 genes were significantly differentially expressed in both datasets (p < 
0.05), and 3 genes were only differentially expressed in the RNAseq dataset. 

Gene Liver RNAseq DE 
p-value 

NanoString DE 
p-value 

Significantly DE in both or 
one method (p<0.05). Genes 

with discordance (*). 

ARFGAP3 0.0001 0.0015 Both 

ASL 0.0398 0.0172 Both 

EPRS 0.0006 0.0061 Both 

HTT (transgene) 0.0247 0.1387 RNAseq only * 

INPP5F 0.0007 0.0191 Both 

MARS 0.0025 0.0084 Both 

NAGS 0.0477 0.3679 RNAseq only * 

POMT2 0.0002 0.0051 Both 

SLC22A5 0.0368 0.0421 Both 

TARS 0.0066 0.0293 Both 

TSPAN15 0.0002 0.0010 Both 

USP5 0.0002 0.0671 RNAseq only * 

 

The discordance in significance for the three remaining genes (NAGS, HTT and USP5), may be 

indicative of false positive results from the liver RNAseq analysis or failure of detection using 

the NanoString procedure. The HTT transgene was detected at very low levels in both the liver 

RNAseq dataset and NanoString dataset. This was expected for transgenic HTT in the control 

animals, but low detection of the transgene in OVT73 animals may suggest that there has been 

an inefficient step in transgene quantification. Since there are very few sequence differences 

between the HTT transgene and wild-type ovine HTT, it is possible that transgene reads may 

have aligned to the wild-type sequence in the RNAseq data. To confirm this, future work will 

be directed at re-aligning HTT sequences within the liver RNAseq data. Low quantification of 

the transgene in the NanoString data is more difficult to explain as the probe used to detect its 

expression should have been specific to the transgene. As such, no downstream correlation 

analyses will be performed using transgene expression. It is important to note that the OVT73 
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sheep are not mosaic and we have no reason to believe that transgene expression is limited to 

certain tissues. Indeed, quantification of the HTT transgene has been previously quantified in 

liver tissue derived from other OVT73 animals. It is possible that there are issues with both 

methodologies when considering transgene quantification, and this will be addressed in future 

work. 

NAGS transcription was not detected in any of the 5-year-old liver samples. This was odd 

considering that NAGS is an essential component of the urea cycle which occurs predominantly 

in the liver, and it was detected at reasonable levels in the liver RNAseq data. NAGS was 

detected in the neonate, 6-month-old and 18-month-old livers, albeit at very low levels. The low 

level of quantification in the older animals may be due to the normalisation procedure, which 

tends to mask any lowly expressed transcripts relative to those expressed more highly in other 

samples. USP5 expression between the different cohorts was relatively high compared to NAGS 

and the transgenic HTT. However, NanoString-quantified USP5 was not significantly 

differentially expressed in the 5-year-old cohort (p = 0.067), suggesting its differential 

expression in the RNAseq dataset may be a false positive result. 

5.5.2.3 There are strong pairwise correlations between transcripts measured via the 

RNAseq and NanoString methods 

To determine whether the NanoString results recapitulated what was originally observed in the 

liver RNAseq study, each NanoString-quantified gene from the 5-year-old cohort was plotted 

against the corresponding gene in the liver RNAseq data for correlation analysis. The correlation 

coefficient (r) was determined using the Pearson method. A significantly positive correlation 

was expected between the two datasets. Of the 25 genes analysed, 21 displayed a significantly 

positive correlation between the two datasets (r = 0.97 – 0.58, p<0.05). However, 4 genes; 

NAGS, SLC14A1, SLC14A2 and SLC5A7, were not significantly correlated (r = -0.27 – 0.27, 

p>0.05).  

This is explainable because these 4 genes had low or undetectable expression in the two datasets 

(refer to Figure 5.3 and the NanoString dataset within Supplementary Data > OVT73 data > 

‘EM_liver_nanostring_5year.csv’). Both the NanoString and RNAseq normalisation procedures 

require the addition of ‘1’ to each count or FPKM read as part of the normalisation process. This 

method of normalisation can cause problems when only one or two samples have positive 

transcript readings, while all the other samples have zero readings. In the case of these lowly 

expressed genes, the addition of ‘1’ causes a shift in the expression profile of the gene. It is most 

probable that the genes are undetectable in all samples, and the presence of counts in the raw 
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data for one or two samples are caused by incorrectly aligned reads or ‘false positives’. This can 

be observed in Figure 5.4 which compares the correlation between datasets for the highly 

correlated gene ASL, and uncorrelated gene SLC14A1. This demonstrates the importance of 

referring to original raw reads and data as validation steps. 

 

Figure 5.4: Visualisation of gene expression correlations between RNAseq and NanoString quantification methods.  

An example of the pairwise correlation analysis (Pearson’s correlation coefficient (r) and associated p-value) used to determine 
the correlation between gene quantification methods, NanoString and RNAseq (OVT73 = 6, Control = 6). (A) The expression of 
ASL quantified via NanoString is strongly positively correlated to the expression of ASL quantified via RNAseq. In contrast, (B) the 
expression values of SLC14A1 are not significantly correlated between quantification methods. Individual animals are indicated by 
their ID number. Each plot shows the pairwise correlation between expression of a single gene quantified via two separate methods. 
The line of best fit is shown is blue with confidence intervals in grey. 

 

5.5.2.4 Liver genes are differentially expressed in the OVT73 model, in an age-

dependent manner  

The next aim of this research was to identify genes that were consistently, or progressively, up- 

or down-regulated in the OVT73 model across a range of ages in the liver NanoString dataset. 

Genes that were not validated in section 5.5.2.2 due to low expression levels (NAGS and HTT), 

or those that were not significantly correlated between quantification methods in the section 

5.5.2.3 analysis (NAGS, SLC14A1, SLC14A2 and SLC5A7) were excluded from further 

investigation as the genes were considered to be not detected accurately. For the remaining 

NanoString genes, the Independent t-tests were used to compare control and OVT73 sheep 

within; 1). Each age group (neonate, 6-month, 18-month, 3-year and 5-year), 2). All sheep 

combined (all ages), and 3). All sheep combined, fitting age into the model. The p-values for 

each t-test are presented in Table 5.7, with significant differences (p<0.05) highlighted in red 

font.  

A B 
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Table 5.7: Investigation of OVT73 liver NanoString genes, in different aged-cohorts.  

Liver genes within the NanoString dataset (OVT73 = 17, Control = 18) are differentially expressed in OVT73 animals compared to 
controls (T v C), depending on the age of the sheep. An Independent t-test for significance was applied to each NanoString liver 
gene, comparing OVT73 animals to controls (T v C) in separate groups. Each T v C analysis was performed in groups of sheep 
sorted by age (neonate, 6-month, 18-month, 3-year and 5-year) or as combined analyses whereby all-aged sheep were assessed. 
In the combined analysis, age was either included or unincluded in the model. Genes which are significantly differentially expressed 
in OVT73 compared to controls (p<0.05) are highlighted in red font. T = transgenic animal (or OVT73), C = control animal. 

NanoString  
liver gene 

 Single analysis  
 (T v C, separate ages) 

 Combined analysis  
 (T v C, all ages) 

 neonate 
 (T = 4, C = 4) 

 6_month 
 (T = 3, C = 4) 

 18_month 
 (T = 3, C = 3) 

 3_year 
 (T = 1, C = 1) 

 5_year 
 (T = 6, C = 6)  (T = 17, C = 18) 

 (age fitted) 
 (T = 17, C = 18) 

ARFGAP3 0.216 0.583 0.216 0.216 0.002 0.046 0.009 

ARG1 0.325 0.766 0.514 0.325 0.470 0.891 0.926 

ASL 0.337 0.405 0.623 0.337 0.017 0.045 0.043 

ASS1 0.255 0.425 0.560 0.255 0.198 0.261 0.251 

CPS1 0.188 0.705 0.224 0.188 0.269 0.099 0.105 

EPRS 0.237 0.394 0.847 0.237 0.006 0.088 0.076 

INPP5F 0.480 0.625 0.564 0.480 0.019 0.412 0.410 

MARS 0.141 0.470 0.963 0.141 0.008 0.043 0.038 

OTC 0.519 0.554 0.549 0.519 0.271 0.138 0.128 

POMT2 0.741 0.078 0.350 0.741 0.005 0.061 0.052 

SLC22A5 0.448 0.644 0.473 0.448 0.042 0.328 0.217 

TARS 0.220 0.831 0.784 0.220 0.029 0.126 0.059 

TSPAN15 0.096 0.957 0.351 0.096 0.001 0.270 0.056 

USP5 0.326 0.711 0.829 0.326 0.067 0.135 0.136 

ovineHTT 0.097 0.530 0.339 0.097 0.639 0.886 0.746 

 

No genes were differentially expressed between OVT73 and controls in the neonate, 6-month-

old, 18-month-old or 3-year-old OVT73 liver samples (Table 5.7). On closer inspection of the 

expression values, TSPAN15, appears to be consistently downregulated in the OVT73 animals 

at all ages, although this is not significant at the nominal level until sheep reach 5-years-old 

(Figure 5.5). In addition to being relatively lower in OVT73 animals, TSPAN15 also appears to 

exhibit a decreasing trend in expression with age. Age-dependent trends with gene expression 

are investigated further in the next section. 
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Figure 5.5: TSPAN15 appears to be consistently differentially expressed OVT73 liver genes, within different aged-cohorts. 

TSPAN15, quantified in the liver NanoString analysis, separated into cohorts by age (neonate: OVT73 = 4, Control = 4; 6-month-
old: OVT73 = 3, Control = 4; 18-month-old: OVT73 = 3, Control = 3; 3-year-old: OVT73 = 1, Control = 1; 5-year-old: OVT73 = 6, 
Control = 6), with the application of an Independent t-test within each cohort, comparing OVT73 to Control animals. C = control, T 
= OVT73 p – p-value (Independent t-test). Each boxplot shows the expression values of TSPAN15 for individual animals, within 
the control and OVT73 groups (coloured light blue and light red, respectively), for each aged cohort. The line that divides each box 
into two parts represents the median of the data and the ends of each box show the upper and lower quartiles. The ends of the 
extreme lines show the highest and lowest value, excluding outliers, shown as single dots beyond the lines. 

 

The combined analysis, which assessed differential liver expression of genes between OVT73 

and controls, combining the data from all ages, returned three significant results. ARFGAP3, 

ASL and MARS were all significantly differentially expressed in OVT73 liver (p<0.05) overall 

(Table 5.7, Figure 5.6). After fitting age into the model, the p-values become more significant 

for these three genes (Figure 5.6) indicating that age may explain some variance in gene 

expression. Gene expression is correlated with age in the next section, to explore this idea 

further.  
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Figure 5.6: Differentially expressed genes in the OVT73 liver, combined cohorts.  

Three genes were differentially expressed in the liver of OVT73 sheep of combined ages (p<0.05; Independent t-test). (A) 
ARFGAP3 and (C) MARS were significantly higher in OVT73 animals (n = 17) compared to controls (n = 18). In contrast, (B) ASL, 
was significantly lower in OVT73 animals compared to controls. C = control, T = transgenic (OVT73). Each boxplot shows the 
expression values for individual animals, within the control and OVT73 groups (coloured light blue and light red, respectively). The 
line that divides each box into two parts represents the median of the data and the ends of each box show the upper and lower 
quartiles. The extreme lines show the highest and lowest value, excluding outliers, shown as single dots beyond the lines. P-values 
for the combined analysis (status) and fitted model analysis (status + age) are shown. 

 

5.5.2.5 Analysis of liver NanoString data identified differential age-dependent gene 

expression between Control and OVT73 animals 

The multiple-ages NanoString analysis aimed to investigate whether sheep age has an effect on 

the expression of genes in the liver, and if this relationship differs between the OVT73 and 

control sheep. Correlations between age and the expression of each gene were determined, 

A B 

C 
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within the control and transgenic groups respectively. This was achieved using the 

cor.var.compare() function within the exCorr package. By fitting linear models to the data, 

cor.var.compare() calculates the correlation coefficient and associated p-value between a 

specified variable (i.e. age) and all other variables in the dataset (i.e. all the liver NanoString 

assessed genes). The function computes each statistic within two specified groups (i.e. control 

and transgenic animals) and returns the output as a dataframe in R. Changes in correlation 

structure are also determined using the fisher r-to-z statistic, which tests the significance of the 

difference between two correlation coefficients, also computed in the function. Thus, age-

dependent trends in gene expression and significant differentially correlated genes with age can 

be determined. The cor.var.compare() output, which assessed and compared the correlation 

between age and gene expression for control and transgenic animals, is shown in Table 5.8.  

Table 5.8: Correlation statistics comparing the expression levels of liver NanoString measured genes and animal age.  

The cor.var.compare() function within exCorr was used to determine Pearson’s correlation coefficient (r) and the associated p-
value between the age of the sheep and the expression of validated liver genes within the NanoString dataset (OVT73 = 17, Control 
= 18). Calculations were made within the Control and OVT73 (transgenic) sheep groups. The correlation coefficients could then 
be compared using the fisher r-to-z statistic and adjustment for multiple testing is achieved via the Benjamini-Hochberg procedure, 
both of which are implicated in the function. Data is ordered by the fisher r-to-z statistic. Statistically significant correlations are 
indicated in red font (p<0.05). POMT2 and USP5 were significantly differentially correlated with age, between control and OVT73 
groups.  

NanoString 
liver gene 

Correlation with 
age in Controls (r) 

Control 
correlation     p-
value 

Correlation with 
age in OVT73 (r) 

OVT73 
correlation   
p-value 

Fisher r-
to-z  
p-value 

BH p-value 
adjustment 

POMT2 -0.12 0.622486 0.72 0.001172 0.006 0.147 

USP5 -0.19 0.455475 0.60 0.011524 0.018 0.237 

INPP5F 0.02 0.934843 0.63 0.006442 0.051 0.443 

EPRS 0.14 0.568877 0.59 0.012756 0.152 0.699 

SLC22A5 0.70 0.001251 0.34 0.179547 0.171 0.699 

ASL -0.07 0.770504 -0.51 0.034647 0.183 0.699 

ARFGAP3 0.62 0.006128 0.84 0.000027 0.188 0.699 

ARG1 0.16 0.533442 0.52 0.033422 0.265 0.762 

CANX 0.66 0.002943 0.83 0.000035 0.279 0.762 

ovineHTT -0.79 0.000088 -0.60 0.011542 0.293 0.762 

TSPAN15 -0.83 0.000020 -0.91 0.000001 0.402 0.772 

MARS 0.20 0.427992 0.47 0.055457 0.402 0.772 

GUSB -0.66 0.002619 -0.46 0.062481 0.416 0.772 

TARS 0.60 0.008636 0.74 0.000682 0.485 0.783 

CPS1 0.01 0.963123 -0.20 0.443541 0.565 0.783 

TRIM27 0.87 0.000003 0.80 0.000107 0.570 0.783 

OTC 0.28 0.267250 0.14 0.588772 0.704 0.894 

TBP -0.79 0.000103 -0.83 0.000033 0.722 0.894 

ASS1 0.14 0.571642 0.22 0.402529 0.836 0.988 

RPLP1 0.15 0.556139 0.14 0.589700 0.983 1.000 

 

The expression levels of several genes were significantly correlated with age for both control 

and transgenic animals (i.e. the correlations are not differential between groups). ARFGAP3, 
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CANX, TARS and TRIM27 are all positively correlated with age in both groups (Table 5.9). This 

indicates that the expression of these genes increases with age, irrespective of the transgenic 

status of the sheep. In contrast, ovineHTT, TSPAN15 and TBP were negatively correlated with 

age in both groups (Table 5.8), indicating that the expression of these genes decreases with 

increasing age, irrespective of transgenic status. 

POMT2 and USP5 were differentially correlated with age, between the control and OVT73 

groups (Figure 5.7). In both cases, the genes were not significantly correlated with age in the 

control animals but had a significant positive correlation with age in the OVT73 animals (POMT 

r=0.72, p=0.0012; USP5 r=0.6, p=0.012). 

 

Figure 5.7: Genes expressed in liver that are significantly differentially correlated with age, between OVT73 and Control 
animals. 

Correlation statistics between age and the expression of each liver gene in the NanoString dataset (OVT73 = 17, Control = 18) 
was calculated using the cor.var.compare() function in exCorr. These statistics included Pearson’s correlation coefficient (r), 
associated p-values and the fisher r-to-z statistic, with Benjamini-Hochberg adjustment. Differential correlations were considered 
significant if the fisher-r-to-z statistic <0.05. (A) POMT2 and (B) USP5 are not correlated with age in the control animals but are 
significantly correlated with age in OVT73 animals.  

A 

B 
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5.5.3 Single- and multi- ‘omic’ differential correlation analysis of the 

5-year-old liver RNAseq and NanoString datasets 

To investigate biological networks that exist within the OVT73 liver, a single- ‘omic’ and multi-

‘omic’ differential correlation analysis was performed on the 5-year-old liver RNAseq and 

NanoString data, using the exCorr package (developed in Chapter 3). Single- ‘omic’ analysis 

identified differentially correlated genes within each dataset. Each dataset, was then imported 

into the OVT73 platform for multi- ‘omic’ differential correlation analysis. This revealed 

interesting correlations between genes and metabolites expressed in the same liver samples.  

5.5.3.1 Genes are differentially correlated within the 5-year-old liver RNAseq and 

liver NanoString datasets  

To identify the most significantly differentially correlated genes within the 5-year-old liver 

RNAseq and liver NanoString data, the data.cor() function from exCorr was applied to each 

dataset. Each analysis focussed on a subset of differentially expressed genes within the 5-year 

old liver RNAseq data (n = 1,005 genes) and 5-year-old NanoString data (n = 9 genes) (p < 

0.05). To overcome the problem of zero-value bias, annotated transcripts with one or more ‘0’ 

reading in any given sample (i.e. no transcript reads) were excluded from differential analysis. 

This resulted in 891 significantly differentially expressed liver genes in the RNAseq dataset and 

9 in the NanoString dataset. Application of the data.cor() function to each of these subsets 

returned a table of all the liver gene-gene correlation combinations within each subset. One 

gene-gene combination was found to be differentially correlated in the liver RNAseq analysis 

after application of the Benjamini-Hochberg procedure, with 7 combinations reaching a 

Benjamini-Hochberg adjusted p-value < 0.1 (Table 5.9). Only one gene-gene combination, ASL 

and POMT2, was significantly differentially correlated in the NanoString analysis (rControl = -

0.98, pControl = 0.0005, rOVT73 = 0.14, pOVT73 = 0.7882, fisher r-to-z: p=0.002), however 

not after BH correction. This same ASL – POMT2 differential correlation was also detected in 

the liver RNAseq analysis (rControl = -0.78, pControl = 0.06, rOVT73 = 0.61, pOVT73 = 0.194, 

fisher r-to-z: p=0.03). Differential correlations were visualised using the gg.cor.vis() function 

in exCorr. Figure 5.8 shows the most statistically significant output from each analysis. 

 

 

 



 

161 

 

 

Table 5.9: Differential correlation analysis of differentially expressed liver RNAseq genes.  

The data.cor() function within exCorr was used to calculate correlation statistics between all possible gene-gene combinations 
within the significantly differentially expressed liver gene list (n = 891, p = 0.05, excluding genes with zero-value bias) (OVT73 = 
6, Control =6). Pearson’s correlation coefficient (r), associated p-value and fisher r-to-z statistic was calculated for each pair, 
separating the control and OVT73 groups. Each fisher r-to-z statistic was adjusted by the Benjamini-Hochberg procedure. Gene-
gene combinations were then ordered by fisher r-to-z statistic. Only one gene-gene combination (VPS13D and SAE1) was 
significantly differentially correlated between control and OVT73 samples, according to the fisher-r-to-z statistic and after 
Benjamini-Hochberg adjustment (p < 0.05). Differential correlations satisfying a BH-corrected p-value < 0.1 are displayed in the 
table. 

Var 1 Var 2 Control 
correlation 
coefficient (r) 

Control  
p-value 

Transgenic 
correlation 
coefficient (r) 

Transgenic  
p-value 

Fisher 
r-to-z  
p-value 

Benjamini-
Hochberg 
Procedure 

VPS13D SAE1 -0.99 1.32E-04 0.95 3.99E-03 4.76E-08 0.0189 

PPM1G LOC101113771 -0.93 6.48E-03 0.98 4.06E-04 5.83E-07 0.0773 

LOC101115729 LOC105603384 -0.98 7.85E-04 0.95 3.42E-03 5.85E-07 0.0773 

GPC3 UGT1A6 0.87 2.34E-02 -0.99 4.70E-05 1.03E-06 0.0875 

RBP1 AKAP1 0.95 4.09E-03 -0.97 1.02E-03 1.18E-06 0.0875 

SMARCAL1 LOC105609731 -0.99 2.37E-04 0.88 1.93E-02 1.52E-06 0.0875 

NATD1 SPP1 0.96 1.89E-03 -0.96 2.62E-03 1.54E-06 0.0875 
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Figure 5.8: Differentially correlated genes within the 5-year-old OVT73 liver RNAseq and NanoString datasets.  

(A) VPS13D and SAE1 were the most significantly differentially correlated variables within the 5-year-old liver RNAseq dataset 
(fisher r-to-z: p= 4.76E-08). The two transcripts were significantly negatively correlated in the control liver, but significantly positively 
correlated in the transgenic liver. (B) ASL and POMT2 were significantly differentially correlated in the 5-year-old liver NanoString 
dataset. There is a significantly negative correlation between ASL and POMT2 in the control liver, but no significant correlation 
between the two genes in the transgenic model. Pearson correlation coefficients (r) and the significance (P) of each correlation is 
indicated. Axes show relative abundance in gene expression as FPKM counts (RNAseq data) or normalised expression counts 
(NanoString data). The line of best fit is shown in blue for control plots and red for OVT73 plots, with confidence intervals in grey. 
Note that the axes of these graphs do not start at zero. This was for clarity of the correlations. 

 

5.5.3.2  ‘Multi-omic’ variables are differentially correlated with genes expressed in 

the liver RNAseq and NanoString datasets 

To explore potential ‘multi-omic’ interactions between the newly generated liver transcriptomic 

data and other data measured on the 5-year-old cohort, the liver RNAseq and NanoString 

datasets were incorporated into the OVT73 data platform, as described in Chapters 3 and 4. The 

liver RNAseq data was subset into 3 dataframes consisting of: 1). All genes, 2). differentially 

expressed genes (p<0.05), and 3). Filtered differentially expressed genes (p<0.05 and with a 

B 
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fold change >1.5). The NanoString dataset was subset so that it only contained data from the 5-

year-old cohort, and either included: 1). All 25 genes, or 2). The 9 differentially expressed genes 

in that dataset (p<0.05). These dataframes could then be investigated within the OVT73 data 

platform for ‘multi-omic’ and/or ‘multi-tissue’ associations.  

First, to investigate whether the two differentially transcribed urea cycle genes of interest, NAGS 

and ASL, were associated with any metabolites expressed in the 5-year-old sheep liver, a ‘multi-

omic’ correlation analysis was performed using the cor.var.compare() function within exCorr. 

The transcriptomic liver data used for this analysis was derived from the liver RNAseq dataset, 

since NAGS was lowly expressed/undetected in the NanoString analysis. Liver metabolite data 

used in each analysis included those quantified via GC-MS [Ref. data 4], LC-MS [Ref. data 5] 

and the urea-specific assay [Ref. data 9]. Differentially correlated (OVT73 versus controls) gene-

metabolite combinations for the NAGS and ASL analyses are shown in Table 5.10 and Table 

5.11, respectively (fisher r-to-z: p-value < 0.05). Both losses and gains of correlation were 

observed in the OVT73 samples.  

Table 5.10: Differential correlations between liver NAGS transcription and liver metabolites.  

NAGS expression (quantified in the 5-year-old liver RNAseq dataset) underwent a differential correlation analysis with liver 
metabolites quantified in the same 5-year-old liver samples (OVT73 = 6, Control = 6). This was achieved using the 
cor.var.compare() function in exCorr. NAGS was found to be significantly differentially correlated with 5 liver metabolites (fisher r-
to-z < 0.05), although not significant after BH adjustment. 

Metabolite 
Correlation 
with NAGS in 
controls (r) 

Control 
Correlation 
p-value 

Correlation 
with NAGS in 
transgenics (r) 

Transgenic 
Correlation 
p-value 

Fisher 
r-to-z  
p-value 

BH p-value 
adjustment 

Dopamine 0.11 0.838 0.97 0.001 0.014 1 

lysoPC a C18:0 -0.93 0.007 0.31 0.545 0.015 1 

SM C24:1 0.94 0.005 -0.12 0.827 0.020 1 

D-2-Aminoadipic acid 0.83 0.042 -0.54 0.267 0.028 1 

Serine 0.93 0.007 -0.09 0.862 0.030 1 

 

Table 5.11: Differential correlations between liver ASL transcription and liver metabolites.  

ASL expression (quantified in the 5-year-old liver RNAseq dataset) underwent a differential correlation analysis with liver 
metabolites quantified in the same 5-year-old liver samples (OVT73 = 6, Control = 6). This was achieved using the 
cor.var.compare() function in exCorr. ASL was found to be significantly differentially correlated with 5 liver metabolites (fisher r-to-
z: p< 0.05), although not significant after BH adjustment. 

Metabolite 
Correlation 
with ASL in 
controls (r) 

Control 
Correlation 
p-value 

Correlation 
with ASL in 
transgenics (r) 

Transgenic 
Correlation 
p-value 

Fisher 
r-to-z  
p-value 

BH p-value 
adjustment 

Benzoic acid 0.52 0.293 -0.93 0.006 0.006 1 

Phe 0.27 0.603 -0.94 0.006 0.014 1 

SM C26:0 -0.90 0.016 0.44 0.384 0.019 1 

PC ae C44:5 -0.86 0.030 0.51 0.301 0.024 1 

PC ae C40:2 -0.30 0.569 0.88 0.021 0.040 1 

 

The most significant differential correlation from each analysis is graphically displayed using 

the gg.cor.vis() function (Figure 5.9). NAGS was most differentially correlated with Dopamine 
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quantified via LC-MS (fisher r-to-z: p=0.014) (Figure 5.9A). The two liver variables are not 

correlated in the control samples, but are significantly positively correlated in the transgenic 

sheep, suggesting that they are both implicated in the HD model. In contrast, ASL was 

significantly negatively correlated with Benzoic acid, quantified via GC-MS, in the transgenic 

sheep (p = 0.006), and not in control animals (Figure 5.9B).  

 

 

Figure 5.9: NAGS and ASL transcription are both differentially correlated with liver metabolites in 5-year-old OVT73 and 
control animals.  

NAGS and ASL (quantified by liver RNAseq of the 5-year-old cohort, OVT73 = 6, Control = 6) were selected for differential 
correlation analysis with all metabolites quantified in the liver. These liver metabolites had been quantified in the same 5-year-old 
cohort via GC-MS, LC-MS and a urea assay. (A) NAGS is most significantly differently correlated with Dopamine in the analysis 
(fisher r-to-z: p-value = 0.014), with a significant gain in positive correlation in the OVT73 animals, while (B) ASL is most significantly 
differentially correlated with Benzoic acid (fisher r-to-z: p-value = 0.006) and is significantly negatively correlated in the OVT73 
animals. Pearson correlation coefficients (r) and the significance (P) of each correlation is indicated. The x – axes show relative 
abundance of metabolite as log10 relative abundance values. The y - axes show gene expression as FPKM counts. The line of 
best fit is shown in blue for control plots and red for OVT73 plots, with confidence intervals in grey. Note that the axes of these 
graphs do not start at zero. This was for clarity of the correlations. 
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In addition, it was noted that NAGS was significantly positively correlated with liver-derived 

urea in the Control animals (r =0.82, p=0.046), but not in the OVT73 livers (Figure 5.10). This 

OVT73 v Control difference in correlation was not found to be significant however.   

 

Figure 5.10: NAGS liver transcription is significantly positively correlated with liver-derived urea concentration.  

Differential correlation analysis between NAGS and metabolites expressed in the 5-year-old cohort liver (OVT73 = 6, Control = 6) 
revealed that NAGS was significantly positively correlated with urea in the control livers (p = 0.046). This positive correlation is not 
observed in the OVT73 animals. The two variables are not significantly differentially correlated at the nominal level (fisher r-to-z: 
p=0.1026). Pearson correlation coefficients (r) and the significance (P) of each correlation is indicated. The x – axes show relative 
abundance of urea as nmol/mg protein. The y - axes show NAGS gene expression as FPKM counts. The line of best fit is shown 
in blue for control plots and red for OVT73 plots, with confidence intervals in grey. Note that the axes of these graphs do not start 
at zero. This was for clarity of the correlations. 

 

5.6. Discussion 

As described in the introduction to this chapter, there is evidence for a generalised metabolic 

disruption in HD, including weight loss from an early disease stage (Djousse et al. 2002, Trejo 

et al. 2004, Robbins et al. 2006), altered levels of brain and circulating amino acids and 

metabolites (Chiang et al. 2007, Mochel et al. 2007, Patassini et al. 2016) and a reduced rate of 

striatal glucose utilisation (Antonini et al. 1996). A correlation between CAG repeat length and 

changes in the ratio of ATP to ADP has been described in HD patient-derived cell lines (Seong 

et al. 2005), implying that there is a direct role of huntingtin in metabolic regulation. Elevated 

urea was also discovered in a range of HD human brain regions (Patassini et al. 2015, Handley 

et al. 2017). This supports the theory that that there is a urea-cycle-mediated mechanism of 

pathogenesis. However, it remains unclear how the HD mutation causes these metabolic 

changes, particularly in the initiating stages of the disease.  
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The OVT73 model recapitulates the early stages of HD pathogenesis, with a cerebellar- and 

liver- specific hyper-regulated metabolic phenotype (Handley et al. 2016) and elevated levels of 

striatal  urea (Handley et al. 2017), despite the sheep showing no overt neurological changes. 

Thus, OVT73 is an appropriate model for dissecting HD-associated metabolic and urea cycle 

dysfunction. One hypothesis is that the urea cycle deficiency starts in the liver, resulting in a 

hyperammonemic state. Then, increasing blood ammonia moves systemically through the body 

and accumulates in the brain. The urea cycle, which remains intact in the brain, tries to convert 

the toxic levels of ammonia into urea, resulting in an increase in brain urea and subsequently 

the urea transporter, SLC14A1 as previously described (Handley et al. 2017). This chapter 

investigates the disrupted urea cycle hypothesis through direct examination of the OVT73 liver 

transcriptome. A major challenge is trying to separate associated changes in gene expression as 

a consequence of the disease process from those that are mechanistically linked to the HTT gene 

and its mutation. Hence an additional multiple-ages analysis of liver genes of interest was 

conducted in different aged cohorts of sheep. In the future, blood ammonia levels need to be 

measured in live OVT73 animals (since ammonia rapidly degrades in tissue samples) to support 

the hyperammonemic hypothesis. 

5.6.1 The transcriptomic profile of the OVT73 liver is altered  

To investigate the possibility that the liver is involved in the pathophysiological process in HD, 

transcriptomic analysis of prodromal HD sheep and control livers was performed. Initial RNA 

sequencing of the 5-year-old sheep cohort (OVT73 = 6, control = 6) revealed significantly 

differentially expressed (DE) liver transcripts. Initially a total of 67 were significantly higher or 

lower in OVT73 livers compared to controls, after application of a threshold with a relatively 

low p-value (p<0.05), and high fold-change (>1.5). However, setting a high fold-change 

threshold limits the identification of other significantly differentially expressed genes which 

may have small changes in expression but more significant p-values due to tightly controlled 

transcriptional regulation within samples. It could be argued that small changes in the expression 

of such tightly regulated genes may be the most causative/detrimental. With this in mind the 

analysis was repeated using a significance threshold of p<0.001, irrespective of fold change 

revealing 20 highly differentially expressed genes.  Setting the significance threshold at p<0.05 

expanded this set to 1,005 differentially expressed liver genes.  

Having identified these differentially expressed gene sets the next step was to evaluate the 

results, looking for patterns that could inform the potential perturbation of pathways in the 

OVT73 liver.  
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5.6.1.1 Gene enrichment analysis provides evidence for increased metabolism and 

a circadian rhythm dysfunction in the OVT73 liver 

By applying functional enrichment analyses, genes of interest can be explored for their 

biological relatedness to the known disease process and ranked accordingly for further 

investigation. Two datasets, containing either 67 or 1,005 DE liver genes (depending on the 

threshold for significance), underwent enrichment analyses using DAVID. The dataset 

containing 67 differentially expressed transcripts (nominal significance, p<0.05, fold change 

>1.5) was found to be enriched in two KEGG pathways; protein processing in the endoplasmic 

reticulum, and fructose and mannose metabolism (refer to Table 5.3). Interestingly, all seven 

genes enriched in the protein processing in the endoplasmic reticulum KEGG pathway were 

expressed at significantly higher levels in OVT73 animals, indicating that there may be a global 

increase in the production and processing of proteins in the transgenic liver compared to 

controls. An increase in protein synthesis may suggest that the liver is increasing its protein 

turnover due to an increased rate of catabolism and/or metabolism. As already introduced, 

disrupted metabolism is a hallmark of HD pathogenesis (Quintanilla & Johnson 2009) and has 

been previously described in the sheep model (Handley et al. 2016). Fructose and mannose 

metabolism was the other KEGG pathway to be enriched in the analysis. Changes in the 

expression of these transcripts suggest that sugar metabolism is also impaired in the OVT73 

model. Supporting this, impaired glucose tolerance and a high prevalence of diabetes has been 

described in HD patients and mouse models of the disease (Podolsky et al. 1972, Farrer 1985, 

Andreassen et al. 2002, Bjorkqvist et al. 2005). Overall, these enrichment analyses provide 

reassurance that the transgenic sheep model recapitulates the metabolic phenotype observed in 

the human disease and that this is occurring at an early stage prior to the onset of overt 

symptoms.  

The second enrichment analysis that used the larger set of significantly DE genes, revealed a 

greater number of significantly enriched KEGG pathways in addition to the two KEGG 

pathways previously described. Enrichment analysis of the 1,005 differentially expressed genes 

(nominal significance, p < 0.05), revealed an additional six significant KEGG pathways; N-

Glycan biosynthesis, Other types of O-glycan biosynthesis, Circadian rhythm, Protein export, 

Ubiquitin mediated proteolysis and Rap1 signalling pathway. Again, the majority of these 

pathways are involved in metabolic processes that are centred on the production, processing, 

degradation and export of proteins. It was particularly interesting that circadian rhythm was 

enriched in the analysis (p=0.00974), as early, progressive circadian abnormalities have been 

previously identified in the OVT73 model via observations of pattern activity using Actiwatches 
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(Morton et al. 2014). Sleep disturbances have also been described in HD patients (Morton 2013) 

and is a clinical feature of the disease. Changes in the expression of the genes indicated in this 

enriched pathway (NPAS2, PRKAG2, PER2, SKP1, CRY1, RBX1) could contribute to the sleep-

activity phenotype observed in the OVT73 sheep and potentially HD patients as well. 

5.6.1.2 Transcription of NAGS and ASL, components of the urea cycle, and genes 

involved in protein processing are disrupted in the OVT73 model 

One of the major focuses of the work described in this thesis is the further investigation of 

metabolism and in particular the urea cycle in Huntington’s disease pathogenesis. Of course, 

this view is relatively focused given the plethora of other potential pathogenic mechanisms, 

however, it was very exciting to see that the expression levels of two crucial urea cycle genes, 

NAGS and ASL were significantly decreased in the OVT73 liver. This finding adds support to 

the theory that the urea cycle is disrupted in HD, and that the brain urea phenotype observed in 

HD may originate in the liver. NAGS catalyses the formation of N-acetylglutamate (NAG) from 

glutamate and acetyl-CoA (OMIM entry: 608300). The product, NAG, is a cofactor for 

Carbamoyl-Phosphate Synthase 1 (CPS1), the first enzyme in the urea cycle, and is absolutely 

required for its function. A deficiency in N-acetylglutamate synthase (NAGS) in humans results 

in a hyperammonemic phenotype due to an inoperative urea cycle and the consequent increase 

in the concentration of ammonia in blood (OMIM entry: 237310), (Caldovic et al. 2003, Haberle 

et al. 2003). This is an inherited disorder called N-acetylglutamate synthase deficiency, with 

symptoms presenting within the first week of life. Early symptoms include vomiting, lethargy 

and deep coma, which progress to hyperammonemia. Sustained hyperammonemia can then lead 

to encephalopathy and death. Late-onset forms of the disease have also been described (Caldovic 

et al. 2007) and treatment with N-carbamylglutamate mitigates the intensity of the disorder 

(Plecko et al. 1998).  

ASL encodes argininosuccinate lyase and catalyses the cleavage of argininosuccinate to 

fumarate and arginine (OMIM entry; 608310). Similarly, an argininosuccinate lyase (ASL) 

deficiency causes a urea cycle disorder called argininosuccinic aciduria (OMIM entry: 207900) 

(Linnebank et al. 2002). The condition leads to hyperammonemia, accumulation of 

argininosuccinic acid in body fluids and a depletion of arginine.  

In addition to the significant decrease in both NAGS and ASL transcription in the OVT73 liver, 

there was a loss of a correlation between NAGS transcription and urea levels in the liver of the 

OVT73 sheep. This is an important observation, as it suggests that normal functioning of the 

urea cycle, that is, higher expression of NAGS correlates with a higher production of urea, is 
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disrupted in the OVT73 sheep. Since the OVT73 model is prodromal, these findings could 

suggest that there is a hyperammonemic process in the sheep model. Unfortunately, we have 

been unable to measure ammonia in samples from these animals due to the instability of 

ammonia upon freeze/thawing of tissue and fluids.  

Together the gene enrichment analyses provide evidence that the OVT73 liver is undergoing 

increased protein processing as well as some disruption in other metabolic pathways. In 

concordance with this finding, genes directly involved in protein turnover were found to be 

transcribed at significantly higher levels in the OVT73 liver. In particular, transcription of five 

tRNA ligases, which catalyse protein synthesis, are significantly increased in expression, with 

the other n tRNA ligases also being higher on average in OVT73 animals. These findings support 

the hypothesis that the OVT73 liver is undergoing a higher rate of protein turnover. This may be 

due to increased metabolism in the HD liver, or increased protein catabolism and a need for 

protein replacement. The liver is known for its regenerative capacity (Mao et al. 2014) and may 

be undergoing this process at an accelerated rate in the sheep model. 

5.6.1.3 NanoString validation of 9 differentially expressed liver genes identified by 

RNAseq  

In order to validate the RNAseq results 20 genes of interest were selected, and gene expression 

was re-quantified using the NanoString method, using liver RNA from the same 5-year-old 

cohort. These genes were selected based on their statistical significance after RNAseq analysis 

comparing OVT73 and control groups (ASL, NAGS, mHTT (transgene), MARS, EPRS, TARS, 

ARFGAP3, USP5, POMT2, TSPAN15, INPP5F and SLC22A5), and/or their involvement in the 

urea cycle and metabolism (OTC, CPS1, ASS1, ARG1, SLC14A1, SLC14A2, SLC5A7), plus 

ovine HTT, irrespective of whether they were differentially expressed. The reproducibility of 

the NanoString method, was confirmed through the analysis of duplicate RNA samples, with a 

high correlation between the two samples (r = 0.9999, p=2.2e-16). This finding indicates that 

the use of technical replicates is unnecessary for this method of analysis. 

Of the 12 selected genes that were differentially expressed in the RNAseq dataset, nine of them 

(ARFGAP3, ASL, EPRS, INPP5F, MARS, POMT2, SLC22A5, TARS and TSPAN15) were also 

DE in the NanoString data, validating these results.   

All eight of the selected genes which were not differentially expressed between OVT73 and 

control animals in the RNAseq analysis were also not significantly different after NanoString 

quantification. This validated the expression data for these genes and indicates that any potential 

roles in HD pathogenesis would not be due to their differential expression in liver. 
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Genes that were significantly DE in the liver RNAseq dataset, but not validated via NanoString 

quantification were mHTT (transgene), NAGS and USP5. On inspection of the raw NanoString 

count data, it was found that NAGS transcription is at a very low level in the 5-year-old cohort 

data. This low expression, which was undetectable in some 5-year-old samples, would 

contribute to a lack of statistical significance after DE analysis. Similarly to NAGS, inspection 

of the raw mHTT NanoString data revealed low or completely undetectable reads in the 5-year-

old cohort. This outcome is masked by the NanoString normalisation procedure, which requires 

the addition of ‘1’ to each count or FPKM read. This method of normalisation causes problems 

when some samples have zero readings, as described. By contrast, there were no obvious 

discrepancies on analysis of the raw USP5 NanoString reads, indicating that this result was a 

false positive in the RNAseq analysis.  

5.6.2 Multiple-ages analysis of selected genes of interest provides 

insight into HD pathogenesis from birth 

The multiple-ages NanoString study of selected genes of interest within a larger cohort of 

OVT73 and control sheep provides insight into early HD pathogenesis and aims to separate 

causal and consequential effects of the disease. The aim was to assess the expression of selected 

genes in additional cohorts of OVT73 sheep, to see if liver gene expression was altered at 

younger ages and therefore earlier stages of the disease process. This analysis would also 

facilitate the discovery of age-dependent trends in liver gene expression, specific to control 

and/or OVT73 groups. Liver RNA from 35 animals (refer to Table 2.7), including the 5-year-

old cohort was used to quantify the expression of 20 target genes and 5 reference genes. Sheep 

ages ranged from 1 month (neonate) to 5 years old, with relatively even numbers of controls to 

OVT73 animals.  

5.6.2.1 Liver genes are differentially expressed in OVT73, in an age-dependent 

manner 

To identify genes that were consistently, or progressively with time, up- or down 

transcriptionally-regulated in the OVT73 model, an Independent t-test was applied to liver genes 

within each cohort of sheep, comparing OVT73 animals to controls. No gene was significantly 

differentially expressed in OVT73 animals within the neonate (n = 8), 6-month-old (n = 7), 18-

month-old (n = 6) or 3-year-old (n = 2) cohorts at the nominal level of significance (p<0.05). 

Based on this data, results indicate that the selected liver genes of interest are not altered in the 

younger cohorts of animals. Statistically non-significant results may however be attributed to 

the small sample number within each cohort. On closer inspection, TSPAN15 expression 
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appeared to be consistently lower in the OVT73 animals compared to controls, throughout the 

range of sheep ages, although this difference was only significant in the 5-year-old cohort. 

TSPAN15 encodes Tetraspanin 15, a cell-surface protein that is a member of the tetraspanin 

superfamily, also known as the transmembrane 4 superfamily. Tetraspanins associate in large 

membrane complexes with other molecules, particularly integrins (Serru et al. 2000). The 

proteins mediate signal transduction events and have roles in the regulation of cell development, 

activation, growth and motility. Little is known about the exact function of the TSPAN15 gene, 

but evidence here suggests that it may have a role in HD liver pathogenesis.  

5.6.2.2 Transcription of some genes in the sheep liver is correlated with age 

To assess whether the age of the sheep would have a significant effect on gene expression in the 

liver, age-dependent correlations with liver gene expression were determined. This was done 

for OVT73 and control groups separately. The expression of 7 liver genes were significantly 

correlated with age (in the same direction), irrespective of sheep transgene status. This indicates 

that expression of these genes is in-part governed by aging biological processes in the sheep 

liver. The trend may be exacerbated by the transgene but is unlikely to be driven by it, if the 

trend is also observed in wild-type controls.  

In contrast, 11 age-dependent trends were only identified in one group (OVT73 or Control), but 

not the other. Of these 11 genes, 2 were significantly differentially correlated, as determined by 

the fisher r-to-z statistic (p<0.05). Expression of both POMT2 and USP5 were significantly 

positively correlated with age in the OVT73 liver but not the control liver. As previously stated, 

these OVT73 animals are pre-symptomatic with no obvious cell death, and so transcriptomic 

alterations in the liver are indicative of metabolic disruptions that occur early in the disease 

process. Genes that are significantly correlated with age in the OVT73 liver, may suggest that 

the genes respond in consequence to the disease process, since HD progresses with time.  

POMT2 encodes an integral membrane protein of the endoplasmic reticulum that makes up the 

O-mannosyltransferase (POMT) enzyme complex. The POMT complex is required for normal 

alpha-dystroglycan function, which provides a transmembrane link between the extracellular 

matrix and cytoskeleton (van Reeuwijk et al. 2005). Interestingly, mutations in the POMT2 gene 

can cause a severe form of muscular dystrophy, called muscular dystrophy-dystroglycanopathy 

(MDDG), which is characterised by severe brain and eye abnormalities (van Reeuwijk et al. 

2005, Mercuri et al. 2009). 

USP5 encodes Ubiquitin Specific Peptidase 5 and is involved in ubiquitin-dependent 

proteolysis. Specifically, USP5, cleaves linear and branched polyubiquitin polymers using a 
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sequential exo-mechanism. Mutant huntingtin aggregates into large macromolecular structures 

called inclusion bodies, which do not degrade (Davies et al. 1997, DiFiglia et al. 1997). In 

addition, mutant huntingtin is itself ubiquitinated (Steffan et al. 2004) and ubiquitin is present 

within mutant huntingtin inclusion bodies (Hazeki et al. 2002). There is a body of evidence that 

suggests the ubiquitin-proteosome pathway is dysfunctional in HD, such that the cells are unable 

to degrade mutant huntingtin (Waelter et al. 2001, Mitra & Finkbeiner 2008), contributing to 

HD pathogenesis. Thus, the increasing USP5 expression with age in OVT73 liver may be another 

indicator that the ubiquitin-proteosome pathway is implicated in HD. Perhaps the expression of 

USP5 increases as OVT73 sheep age, as a result of potential accumulating amounts of huntingtin 

inclusions in the liver, which have been targeted for degradation.  

5.6.3 Differential correlation analysis reveals single- and multi- ‘omic’ 

interactions that are specific to the control or OVT73 liver  

Biological networks were investigated in the 5-year-old OVT73 liver using single- and multi- 

‘omic’ differential correlation analyses. This type of analysis uses an ‘association by correlation’ 

approach to reveal trends between specific variables that are altered between OVT73 and control 

groups. Differential correlation analysis within the liver RNAseq dataset revealed a single gene-

gene combination that was significantly differentially correlated after BH adjustment of the 

fisher r-to-z statistic. VPS13D and SAE1 were significantly negatively correlated in control liver 

but significantly positively correlated in OVT73 .Very recently, VPS13D has been implicated in 

mitochondrial viability, autophagy and clearance (Anding et al. 2018) and rare recessive 

VPS13D mutations have been shown to cause childhood onset movement disorders (Gauthier et 

al. 2018). The clinical features of this novel hyperkinetic neurological disorder include 

developmental delay, a childhood onset movement disorder (defined as chorea, dystonia or 

tremor), and progressive spastic ataxia or paraparesis. A case muscle biopsy showed 

mitochondrial aggregates and lipidosis, suggestive of a mitochondrial dysfunction. (Gauthier et 

al. 2018). Similarly, exome sequencing of families with recessive ataxia and/or spastic 

paraplegia identified compound heterozygote mutations in the VPS13D gene (Seong et al. 2018). 

VPS13D expression is significantly higher in the OVT73 liver and based on its role in 

mitochondrial function and movement disorders, should be considered for further investigation 

of HD pathogenesis. SAE1 encodes the SUMO1 activating enzyme subunit 1, which regulates 

protein structure and intracellular localisation through sumoylation (Desterro et al. 1999). Little 

is known about the SAE1 gene and there is no clear biological relationship between VPS13D 

and SAE1.  
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Similarly, only one gene-gene combination pair was significantly differentially correlated in the 

liver expression level dataset measured by NanoString. Transcription of ASL and POMT2 were 

significantly negatively correlated in the control liver, but this correlation was lost in OVT73 

liver. This significant differential correlation was also detected in the liver RNAseq differential 

correlation analysis, as expected. A correlation between the urea cycle gene, ASL, and a gene 

involved in maintaining cellular structure, POMT2 (van Reeuwijk et al. 2005), is also not 

immediately obvious. This association did not remain significant after BH adjustment of fisher 

r-to-z.  

After incorporation into the 5-year-old OVT73 data platform, RNAseq liver-derived ASL and 

NAGS expression were used in a multi-‘omic’ differential correlation analysis with liver-derived 

metabolites. This analysis revealed a positive correlation between NAGS and dopamine in 

OVT73 that was significantly different to the same association observed in controls. NAGS is 

significantly lower in OVT73 livers, and as described above, is hypothesised to contribute to the 

urea cycle dysfunction observed in the OVT73 model. Dopamine is a neurotransmitter that has 

known implications in HD (Cepeda et al. 2014). The positive correlation between NAGS and 

dopamine may suggest that the two dysfunctional pathways are related in the OVT73 model of 

HD. Another multi-‘omic’ differential correlation analysis demonstrated how ASL and benzoic 

acid expression are negatively correlated in OVT73 livers, with no significant correlation in 

controls. Benzoic acid (benzoate) is relatively nontoxic and is excreted as hippuric acid. 

Benzoate has been used to combat ammonia toxicity in patients born with genetic urea cycle 

disorders (Leonard & Morris 2002), including argininosuccinate lyase deficiency (Sreenath 

Nagamani et al. 2012), promoting the disposal of waste nitrogen through hippuric acid 

metabolism. However biochemical evidence to support the rationale for benzoate therapy has 

produced conflicting results (Tremblay & Qureshi 1993). Other liver-derived metabolites were 

also significantly differentially correlated with ASL and NAGS liver expression, providing 

further support for a hyper-regulated metabolic state that may even be associated with an 

OVT73-specific disruption in the urea cycle.  

Further inspection of the multi-‘omic’ results revealed that NAGS is significantly positively 

correlated with urea quantified in the control liver, but not OVT73. Interestingly, urea levels are 

not differential between the 5-year-old OVT73 and control liver. Urea production in the liver is 

largely controlled by the urea cycle, so on the surface it makes sense that control sheep with 

higher NAGS expression (the first component of the urea cycle) would yield more urea. This 

same observation is not made in OVT73 livers, providing more evidence that the urea cycle is 

disrupted in the transgenic liver.  
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5.6.4 Conclusions  

This chapter provides strong evidence that the transcription in the OVT73 liver is affected by 

the HTT transgene expression. Further, at least some of the changes observed support the 

hypothesis that metabolism in the liver and components of the urea cycle are directly affected 

in this model. Transcriptomic analysis of the OVT73 liver revealed that transcription of crucial 

components of the urea cycle, NAGS and ASL, are significantly lower in the transgenic sheep 

liver, and may contribute to the elevated urea phenotype observed in OVT73 brains. The 

upregulation of tRNA’s, indicates that the liver may be undergoing elevated levels of protein 

catabolism. Multiple-ages analysis of liver gene expression in different aged sheep cohorts, 

suggested that selected genes are not transcriptionally differentiated from birth, but become 

altered in older OVT73 animals whereby the disease has had longer to manifest. Combined, the 

findings here suggest that the peripheral effect of mutant huntingtin in the liver may contribute 

to the disease as a whole and even more speculatively may be the origin of the hallmark 

neuropathogenesis. The mechanism in which mutant huntingtin exerts its dominantly inherited 

dysfunction within the liver and its direct relationship to the urea cycle and metabolic function 

will be investigated in Chapter 6.  
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 Functional studies of 

huntingtin and the urea cycle using the 

HepaRG liver cell line. 

6.1. Overview 

Metabolic disruption is a characteristic observation in Huntington’s disease (Djousse et al. 2002, 

Underwood et al. 2006, Patassini et al. 2016). As discussed already, previous research in our 

laboratory has investigated these phenotypes in the transgenic sheep model of HD, revealing a 

hyper-regulated metabolic state (Handley et al. 2016) and elevation in brain urea (Handley et al. 

2017). The increase in both post-mortem HD patient and OVT73 brain urea (Patassini et al. 

2015, Handley et al. 2017) has lead us to the hypothesis that the urea cycle is implicated in HD. 

Since the urea cycle predominantly occurs in the liver, this prompted the development of an 

even more intriguing theory; that the liver may be involved in the pathogenesis of HD. Mutant 

HTT is ubiquitously expressed in all tissues (Li et al. 1993) and peripheral mechanisms of the 

disease have been previously, although not extensively, explored (Beverstock 1984, Sassone et 

al. 2009, van der Burg et al. 2009, Carroll et al. 2015). In particular, wild-type huntingtin 

expression is relatively high in the human liver at both the mRNA level (GTEx Portal: 

http://www.gtexportal.org/home/gene/HTT) and protein level (Human Protein Atlas: 

http://www.proteinatlas.org/ENSG00000197386-HTT/tissue), meaning that HTT associated 

interactions within the liver are entirely possible. 

RNA sequencing of 5-year-old OVT73 and control liver in Chapter 5 aimed to reveal liver-

specific transcriptomic changes specifically but not limited to urea cycle genes. In keeping with 

the developing hypothesis, transcription of two critical urea cycle genes, NAGS and ASL was 

downregulated in the OVT73 liver. Significant transcriptional changes in other genes were also 

observed, suggesting that there is an increase in metabolism and protein turnover in the OVT73 

liver. 

Based on our accumulating evidence of metabolic and transcriptomic disruption in the OVT73 

liver, it was decided that the role of huntingtin should be directly examined in an isolated system 

with a functional urea cycle. The HepaRG human hepatocyte cell line was chosen for this 

purpose, as it has been extensively used for liver function and toxicology studies in preclinical 

pharmaceutical testing (Marion et al. 2010).  

http://www.gtexportal.org/home/gene/HTT
http://www.proteinatlas.org/ENSG00000197386-HTT/tissue
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Different sources of the conditionally-essential amino acid glutamine, supplemented in the 

HepaRG cell culture medium, were initially compared to confirm that the cells had a functional 

urea cycle. Methods for measuring and identifying differences in the subsequent production of 

urea and ammonia were implemented to assess this. Once urea cycle function was confirmed 

and the culture system optimised, the effect of wild-type HTT knockdown and mutant HTT 

transfection in HepaRG was then investigated for changes in baseline urea and/or ammonia 

production. Finally, the expression levels of urea-cycle genes of interest were quantified in 

HepaRG cells that had undergone HTT manipulation, in an attempt to dissect the HTT-urea 

cycle relationship. The underlying aim was to investigate whether knockdown of wild-type HTT 

and/or overexpression of mHTT, could disrupt the urea cycle pathway in a liver cell model, 

resulting in the subsequent accumulation of ammonia and/or urea, and in urea cycle gene 

expression.  

6.2. General Aim 

Perform functional studies in the HepaRG hepatocyte cell line to investigate huntingtin 

expression in the liver and its effect on the urea cycle including production of urea and ammonia. 

6.3. Specific Aims 

1. Explore the use of L-glutamine versus GlutaMAX media supplementation on HepaRG 

production of urea and ammonia. 

2. Knock down wild-type HTT in HepaRG cells and quantify the subsequent levels of urea 

and ammonia production. 

3. Transfect HepaRG with mutant HTT and quantify the subsequent levels of urea and 

ammonia production. 

4. Quantify the expression of urea cycle genes of interest in HTT-knockdown and mHTT-

transfected HepaRG cells via quantitative PCR (qPCR). 

6.4. Methods 

6.4.1 Glutamine supplementation on HepaRG growth and levels of 

urea/ammonia  

To investigate whether the source of glutamine in HepaRG cell culture media would influence 

urea and/or ammonia production, an initial ‘feeding experiment’ was conducted through 
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supplementation of either L-glutamine or GlutaMAX in the HepaRG cell culture media. 

HepaRG full media consists of William’s E medium, 10 % v/v fetal bovine serum, 100 units/ml 

penicillin, 100 µg/mL streptomycin, 5 ug/mL insulin, 5 x 10-5 M hydrocortisone hemisuccinate 

and a source of glutamine (refer to General Materials and Methods section 2.2.8 for culture 

conditions). 100,000 HepaRG cells supplemented with 1 mL of full media containing either 2 

mM of L-glutamine or 2 mM of GlutaMAX were plated in each well of a 12-well cell culture 

plate. Cells were incubated at 37 °C in 5 % CO2 over a 48-hour period, during which they 

became approximately 90 % confluent. After the 48-hour incubation 100 µL of media was 

removed from each well, centrifuged to pellet any cell debris, and aliquot into new 1.5 mL 

Eppendorf tubes. Media aliquots were kept on ice. Each well then underwent a PBS wash before 

cells were harvested using trypsin-EDTA. Total and live cell counts were determined for each 

well using the Countess II FL Automated Cell Counter. 50,000 live cells were harvested from 

each well, and aliquot into two Eppendorf tubes (~25,000 cells per tube). The cell suspensions 

were centrifuged, supernatant was removed, and pelleted cells were stored on ice prior to use in 

colorimetric ammonia and urea assays. Urea and ammonia assays were performed on cell lysates 

and cell media using the Abcam urea assay kit (ab83362) and ammonia assay kit (ab83360), 

according to the manufacturer’s instructions and as described in General Materials and Methods 

section 2.2.8.5. 

6.4.2 Sequencing the HTT CAG repeat in HepaRG cells 

To confirm that the HTT alleles in HepaRG cells were wild-type, the CAG repeat region was 

sequenced. High quality DNA was extracted from HepaRG cells using the phenol-chloroform 

method, as described in General Materials and Methods section 2.2.8.1. The KAPA2G Robust 

PCR kit was then used to amplify the CAG repeat region in the HTT gene using the 

mHTT_exon1_F and Laragen_R primers. The size of the PCR product, 184 bp, was then 

confirmed via agarose gel electrophoresis before the DNA was purified and Sanger sequenced.  

Specific PCR conditions, primer sequences and agarose gel protocols are described in General 

Materials and Methods section 2.2.8.2.  

6.4.3 Optimisation of DsiRNAs targeting HTT for knockdown in 

HepaRG cells 

The next aim was to study the effect of HTT knockdown on urea and ammonia production in 

the HepaRG cell line. A TriFECTa Kit (IDT) was used to induce the knockdown of wild-type 

HTT in HepaRG. This kit uses Dicer-Substrate Short Interfering RNAs (DsiRNAs) to target 
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mRNA molecules for knockdown, using a method called RNA interference (RNAi). The 

TriFECTa Kit contains 3 DsiRNAs that are predicted to target HTT in human cells, a negative 

control consisting of a scrambled DsiRNA sequence (NC), a HPRT-S1 positive control DsiRNA 

(HPRT), a TYE563 fluorescently-labelled transfection control DsiRNA (TYE563), and a 

Nuclease-Free Duplex Buffer for re-suspending the DsiRNAs. Lipofectamine RNAiMAX was 

selected as the transfection reagent due to published results confirming its efficiency in small 

interfering RNA delivery and knockdown studies (Zhao et al. 2008). Full details of the 

TriFECTa Kit including the DsiRNA sequences are provided in General Materials and Methods 

section 2.2.8.4.  

To assess the transfection efficiency of DsiRNAs in the HepaRG cell line, HepaRG cells (grown 

in full media supplemented with GlutaMAX) were treated with 2.5 nM TYE563 positive control 

and 6 Lipofectamine RNAiMAX reagent volumes (0 µL, 1 µL, 2 µL, 3 µL, 4 µL and 6 µL). 

TYE563 is an oligonucleotide attached to a fluorescent dye with an excitation max of 556nm 

and an emission max of 570nm. 120,000 HepaRG cells were seeded in a 12-well plate and 

allowed to become 60 - 80 % confluent before transfection. Transfected cells were incubated 

for 24 hours before determination of transfection efficiency via visualisation of the TYE563 

positive control. To assess whether higher concentrations of TYE563 resulted in a greater 

transfection efficiency, HepaRG cells were treated with 10 nM, 20 nM and 30 nM of TYE563 

DsiRNA and a single 3 µL volume of Lipofectamine RNAiMAX reagent (also performed in 12-

well plate format). Transfection efficiency was determined after 24 hours. Visualisation of 

TYE563 fluorescence using a Nikon Ti-E inverted fluorescence microscope was used to 

determine transfection efficiency as a percentage of fluorescent cells relative to non-fluorescent 

cells. The generalised DsiRNA transfection procedure is described in General Materials and 

Methods section 2.2.8.4. 

To determine which target DsiRNA produced the greatest knockdown in HTT gene expression, 

another optimisation experiment was performed. All three target DsiRNAs (termed DsiRNA#1, 

DsiRNA#2 and DsiRNA#3) were tested at 10 nM, 20 nM and 30 nM. The HPRT-S1 positive 

control DsiRNA (HPRT), negative control DsiRNA (NC) and TYE563 positive control DsiRNA 

(TYE563) were also tested at 10 nM, 20 nM and 30 nM. Again, the experiment was performed 

by seeding 120,000 HepaRG cells (grown in full media supplemented with GlutaMAX) in each 

well of a 12-well plate. Cells reached 60 - 80% confluency before being transfected with 

DsiRNA and 3 µL of Lipofectamine RNAiMAX. After a 24-hour transfection period, TYE563 

treated cells were visualised for transfection efficiency and the cells from tested wells were 

harvested using trypsin. RNA was extracted from HepaRG cells that had been transfected with 
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target DsiRNAs, HPRT-S1 DsiRNA and NC DsiRNA, using the RNeasy Mini Kit (Qiagen). 

RNA samples were purified using the Ambion DNase treatment kit. RNA concentrations were 

determined via the NanoDrop Spectrophotometer and samples stored at -80 °C until further use. 

To quantify HTT or HPRT transcription knockdown in the HepaRG cells, a quantitative PCR 

(qPCR) assay was designed and performed. cDNA was synthesised from the 15 HepaRG RNA 

samples using the Superscript III First-Strand Synthesis Kit (Invitrogen), with 283 ng of DNase-

treated RNA in each 20 µL final reaction (described in General Materials and Methods section 

2.2.8.7). cDNA was diluted 1:2 in PCR-grade water and stored at -20 °C until further use. Serial 

5x standard cDNA dilutions were used to generate standard curves for each quantitative PCR 

assay (described in General Materials and Methods section 2.2.8.8). qPCR reactions were 

carried out in 10 µL volumes in 384-well plate format, using the LightCycler480 Universal 

Probe System and standardised PCR cycling conditions (described in General Materials and 

Methods section 2.2.8.8). The qPCR assay was then performed to determine the relative 

expression of HTT mRNA in samples treated with target DsiRNAs and the NC DsiRNA. The 

relative expression of HPRT mRNA was quantified in samples treated with the HPRT-S1 

DsiRNA. TATA-Box Binding Protein (TBP) and Succinate Dehydrogenase Complex 

Flavoprotein Subunit A (SDHA) were used as reference genes for normalisation of HTT and 

HPRT gene expression. Primer sequences and probe numbers for all qPCR assays are provided 

in General Materials and Methods, Table 2.11. Relative expression values were determined 

using the Relative Analysis function in the LIghtCycler480 software.   

6.4.4 Optimisation of HTT knockdown using DsiRNA#2 in HepaRG 

cells 

Quantitative PCR determined that DsiRNA#2 was the most effective DsiRNA at decreasing 

HTT expression in HepaRG cells. To assess what concentrations of DsiRNA#2 produced the 

greatest knockdown in HTT expression, or whether DsiRNA#2 induced a dose response in HTT 

expression, another optimisation experiment was performed using 3 different concentrations of 

DsiRNA#2. DsiRNA#2, the negative control (NC) and the positive control (TYE563) were each 

tested at 10 nM, 20 nM and 30 nM concentrations. HepaRG cells were seeded at a density of 

120,000 cells per well of a 12-well plate and allowed to reach 60 - 80 % confluency before 

transfection. Lipofectamine RNAiMAX (3 µL) was used as the transfection reagent. Each 

condition was tested in triplicate wells. After the transfection period, TYE563 cells were 

visualised to estimate transfection efficiency (>90%) and cells from the DsiRNA#2 and NC 

transfections were harvested using trypsin-EDTA. RNA was extracted and purified from each 
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sample using the RNeasy mini Kit (Qiagen), followed by DNase treatment using the DNase 

treatment kit (Ambion). cDNA was synthesised from 18 HepaRG RNA samples using the 

Superscript III First-Strand Synthesis Kit (Invitrogen), with 427 ng of DNase-treated RNA in 

each 20 µL final reaction (described in General Materials and Methods section 2.2.8.7). cDNA 

was diluted 1:2 in PCR-grade water and stored at -20 °C until further use. Serial 5x standard 

cDNA dilutions were used to generate standard curves for each quantitative PCR assay 

(described in General Materials and Methods section 2.2.8.8). The qPCR assay was then 

performed to determine the relative expression of HTT mRNA in each sample, using TBP and 

SDHA as reference genes for normalisation.  

6.4.5 HTT knockdown in HepaRG cells and subsequent urea/ammonia 

quantification 

It was decided that 30 nM of DsiRNA#2 was the optimal concentration for HTT knockdown in 

HepaRG cells. Since the aim was to collect RNA from samples in addition to the quantification 

of ammonia and urea, the experiment was scaled-up to T25 flasks. HepaRG cells were seeded 

in seven T25 flasks at a density of 1,000,000 cells per flask. Each flask contained 4 mL of 

William’s E full media supplemented with GlutaMAX. Once cells were 60 % confluent (24-

hours), media was replaced, and transfection commenced using 12 µL of Lipofectamine 

RNAiMAX (scaled-up from 12-well plates) and the appropriate DsiRNA. Three flasks were 

transfected with 30 nM of DsiRNA#2, three with 30 nM of NC and one flask with 30 nM 

TYE563. Cells grew in these transfection conditions for 48 hours, during which they became 

~90 % confluent and remained in the linear phase of growth. Visualisation of TYE563 

transfected cells estimated the transfection efficiency at >80 %. 100 µL of media was taken from 

DsiRNA#2 and NC -transfected flasks, centrifuged to remove cells, and aliquot into fresh 1.5 

mL Eppendorf tubes kept on ice. Each T25 flask underwent a PBS wash before cells were 

harvested via trypsin-EDTA. Total and live cell counts were determined for each flask using the 

Countess II FL Automated Cell Counter. 200,000 live cells were harvested from each flask, and 

aliquot into two 1.5 mL Eppendorf tubes (containing 100,000 cells each). Cells were centrifuged 

into a pellet, supernatant was removed, and pelleted cells stored on ice prior to the ammonia and 

urea assays. Remaining cells within the T25 flasks were collected into an additional 1.5 mL 

Eppendorf tube, centrifuged into a pellet and stored on ice prior to RNA extraction. Cell pellets 

for ammonia and urea assays were re-suspended in either 100 µL of ammonia assay buffer or 

100 µL of urea assay buffer. Cells were homogenised quickly by pipette, centrifuged at 

maximum speed for 4 minutes at 4 °C and then the supernatants then transferred to fresh tubes. 

Urea and ammonia assays were performed on cell lysates (containing 100,000 cells) and cell 
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media using the Abcam urea assay kit (ab83362) and ammonia assay kit (ab83360). This was 

conducted according to the manufacturer’s instructions and as described in General Materials 

and Methods section 2.2.8.5. Ammonia and urea quantification in cell lysates was calculated as 

nmol per 1 x 106 cells. The concentration of ammonia/urea determined in the cell media was 

adjusted for total cell counts, thus representing the concentration of ammonia/urea relative to 

the number of cells contributing to the levels (µM relative to total cell number). Assays were 

performed within 4 hours of cell/media harvest. RNA was extracted and purified from the 

remaining cells using the RNeasy mini Kit (Qiagen) and DNase treatment Kit (Ambion) and 

stored at -80 °C. 

6.4.6 Plasmid transfection optimisation of HepaRG cells using GFP 

To determine whether the expression of mutant HTT effects urea and/or ammonia production in 

the liver, the HepaRG cell line was transfected with a plasmid containing mutant huntingtin. 

The HD113Q plasmid contains a full length human cDNA clone of the HD gene, originally 

thought to contain a CAG repeat length of 113 units. However, extensive sequencing of the 

CAG region has since revealed that this region has contracted to 46 repeats. HD113Q consists 

of the pcDNA3.1 expression vector driven by a CMV promoter on the 5’ end and contains a 

fragment of the bovine growth hormone gene (BGH) on the 3’ UTR. Bacterial transformation 

of the HD113Q plasmid prior to transfections is described in General Materials and Methods 

section 2.2.6. 

To optimise plasmid transfection in the HepaRG cell line, various combinations of pmaxGFP 

plasmid and Lipofectamine 3000 were assessed. pmaxGFP is a GFP-expressing plasmid of 3486 

bp frequently used for plasmid transfection optimisation.  Lipofectamine 3000 was selected for 

plasmid transfection into the HepaRG cell line based on its high performance in a similar cell 

line, HepG2 (Andronikou et al. 2014). Optimisation was performed by seeding each well of a 

6-well plate with 400,000 cells cultured in 3 mL of full William’s E media supplemented with 

GlutaMAX. After 24 hours, the cells were ~40 % confluent and transfection commenced. 1 µg, 

2.5 µg and 3 µg of pmaxGFP plasmid were tested with either 2 µL or 5 µL of Lipofectamine 

3000. P3000 reagent was used at the recommended concentration of 2 µL per 1 µg of DNA. 

Cell fluorescence was assessed every 24 hours until 72 hours, using the Nikon Ti-E inverted 

fluorescence microscope. Transfection efficiency was measured as the percentage of cells that 

had detectable fluorescence relative to the total cell number.  
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6.4.7 Transfection of HD113Q in HepaRG cells and subsequent 

urea/ammonia quantification 

Seven T25 culture flasks were each seeded with 1 million HepaRG cells and grown in 4 mL of 

full William’s E media that had been supplemented with GlutaMAX. After 24 hours, cells were 

~60 % confluent and were transfected. Three flasks were transfected with 2 µg of HD113Q 

plasmid, 5 µL of Lipofectamine 3000 and 4 µL of P3000 reagent. The remaining 4 flasks were 

transfected with 2 µg of pmaxGFP plasmid, 5 µL Lipofectamine 3000 and 4 µL P3000. After a 

48-hour transfection period, one of the GFP transfected flasks was visualised for transfection 

efficiency (~40 %) and discarded. 100 µL of media was collected from each of the remaining 6 

flasks, and stored in 1.5 mL Eppendorf tubes kept on ice. All remaining media was discarded, 

and the cells underwent two PBS washes before being detached with 1 mL trypsin-EDTA. 1 mL 

of fresh media was used to deactivate the trypsin and the total number of cells in each flask was 

determined using the Countess II FL Automated Cell Counter. Two aliquots of 100,000 live 

cells (one for ammonia assay and one for urea assay) were taken from each flask and transferred 

into 1.5 mL Eppendorf tubes kept on ice. The remaining cells from each flask were collected 

into separate 1.5 mL Eppendorf tubes and kept on ice for RNA extraction. All samples in 

Eppendorf tubes were centrifuged at 300 x g for 4 minutes at 4 °C. Supernatant was collected 

from the media-containing tubes and transferred to fresh 1.5 mL Eppendorf tubes. Supernatant 

was discarded from tubes containing live cell pellets. Cell pellets for RNA extraction were kept 

at -20 °C for a maximum of 2 hours before undergoing total RNA extraction using the RNeasy 

mini kit. Cell pellets for ammonia and urea assays were re-suspended in either 100 µL of 

ammonia assay buffer or 100 µL of urea assay buffer. Cells were homogenised quickly by 

pipette, centrifuged at maximum speed for 4 minutes at 4 °C and then the supernatants were 

transferred to fresh tubes. Ammonia and urea assays were conducted on cell lysates and cell 

media aliquots according to the manufacturer’s instructions (see General Materials and Methods 

section 2.2.8.5). Ammonia and urea quantification in cell lysates was calculated as nmol per 1 

x 106 cells. The concentration of ammonia/urea determined in the cell media was adjusted for 

total cell counts, thus representing the concentration of ammonia/urea relative to the number of 

cells contributing to the levels (µM relative to total cell number). Assays were performed within 

4 hours of cell/media harvest. 
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6.4.8 qPCR of urea cycle genes in HepaRG cells that had undergone 

HTT knockdown and mHTT transfection 

A quantitative PCR assay was designed to quantify the expression of HTT and urea cycle genes 

of interest in HepaRG cells that had undergone HTT knockdown and mHTT plasmid 

transfection. Twelve samples of RNA (3 x HTT DsiRNA#2, 3 x negative control DsiRNA , 3 x 

mHTT HDQ113 plasmid transfection and 3 x GFP transfection control) were  DNase treated 

using the Ambion DNA-free kit and then cDNA synthesised using the Invitrogen first strand 

synthesis kit. A 2x cDNA synthesis reaction was performed on each sample, using the 

Superscript III First-Strand Synthesis Kit (Invitrogen), with 1398.24 ng of DNase-treated RNA 

in each 40 µL final reaction (described in General Materials and Methods section 2.2.8.7). 

cDNA was diluted 1:2 in PCR-grade water and stored at -20 °C until use. Serial 5x standard 

cDNA dilutions were used to generate standard curves for each quantitative PCR assay 

(described in General Materials and Methods section 2.2.8.8). The qPCR assay was then 

performed to determine the relative expression of HTT, SLC14A1, ASS1, ASL, GLS, NAGS and 

RHCG mRNA in each sample, using TBP, SDHA and UBC as reference genes for normalisation 

(primer sequences and probes are provided in General Materials and Methods, Table 2.11). 

Relative expression was determined using the Relative Analysis function in the LightCycler480 

software, as described in section 2.2.2.7.  

6.4.9 Statistical analysis 

An Independent t-test was used to look for differences in ammonia/urea levels between averaged 

HepaRG test and control experimental samples. An Independent t-test was also used to look for 

differences in the relative expression levels of genes of interest between averaged test and 

control HepaRG experimental samples. A p-value <0.05 was considered statistically significant.  

6.5. Results 

6.5.1 The source of glutamine supplementation in cell media influences 

HepaRG production of urea and ammonia.  

This first aim was to confirm that HepaRG cells have a functional urea cycle, and optimise the 

system for further experiments. This was achieved by investigating whether the source of 

glutamine supplementation influenced urea and ammonia production in HepaRG cells. 

Glutamine is an amino acid supplement that is required for cell growth and maintenance (Eagle 

1955, Eagle et al. 1956). The most common glutamine supplements for cell culture are L-
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glutamine and GlutaMAX, each having benefits for cell growth. However there is evidence to 

suggest that GlutaMAX improves cell growth as, unlike L-glutamine, it does not spontaneously 

degrade to form ammonia (ThermoFisher Scientific). Therefore, a ‘supplementation 

experiment’ was performed, comparing the effects of L-glutamine and GlutaMAX in HepaRG 

cell culture media on urea and ammonia production in the HepaRG cell line.  

HepaRG cells in a 12-well plate were supplemented with 2 mM of L-glutamine or GlutaMAX. 

Ammonia and urea was quantified in cell lysates and culture media after 48 hours (refer to 

section 2.2.8.3 for full details).  

HepaRG cells supplemented with GlutaMAX had significantly lower levels of ammonia (p = 

0.0008) and urea (p = 0.015) present in their culture media compared to HepaRG cells that had 

been supplemented with L-glutamine (Figure 6.1). This observation of decreased ammonia and 

urea was also observed in cell lysates obtained from HepaRG cells supplemented with 

GlutaMAX, although not statistically significant at the nominal level (Figure 6.1).  

These results confirmed that urea and ammonia are produced in the HepaRG cells, suggesting 

an intact urea cycle. They also indicated that L-glutamine supplementation increases the amount 

of ammonia and urea produced in HepaRG cells and excreted in the growth media, relative to 

GlutaMAX supplementation. GlutaMAX was selected for use in all further experiments 

removing the chance of confounding L-glutamine driven results. 

 

Figure 6.1: Urea and ammonia production in GlutaMAX or L-glutamine supplemented HepaRG cells and culture media.  

HepaRG cells were grown in William’s E full media supplemented with either L-glutamine (n = 3) or GlutaMAX (n = 3), with urea 
and ammonia measured in cell lysates and culture media after 48-hours (A) Ammonia and urea levels were higher in cell lysates 
taken from HepaRG cells supplemented with L-glutamine compared to GlutaMAX supplemented cells, although not significant. (B) 
Ammonia was significantly higher in media aliquots taken from HepaRG cells supplemented with L-glutamine (p = 0.0007, 
Independent t-test). Urea was significantly higher in media aliquots taken from HepaRG cells supplemented with L-glutamine (p = 
0.0149, Independent t-test). The x-axes denote the type of glutamine supplementation in the HepaRG culture media. The y-axes 
denote ammonia or urea quantification in (A) cell lysates, quantified as nmol x 6250 cells, or (B) culture media, quantified as µM. 
Blue bars represent the average level of ammonia quantification (n = 3) and red bars represent average levels of urea quantification 
(n = 3). Standard error (SE) bars are denoted for each barplot.  
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6.5.1.1 Troubleshooting the accurate quantification of ammonia and urea in cell 

media aliquots 

Ideally, the concentrations of ammonia and urea in the culture media would be adjusted 

according to the total number of cells present in each well. This would give an indication of the 

ammonia/urea concentration relative to the total number of cells contributing to ammonia/urea 

production (i.e. concentration per cell). However, this was not possible, due to a gross 

inconsistency in the cell counts made for each well, compared with the relatively consistent 

confluency of wells observed (~90 %). Since cell counts were determined in a small final 

volume (within the small 12-well surface area), it is thought that cells may have spread to the 

outsides of the wells during detachment and thus the aliquot of cells taken for cell counts did 

not represent the actual cell number. Therefore, ammonia and urea levels calculated from the 

media aliquots were not adjusted for total cell number in this instance (Figure 6.1). The 

justification for this is that each well was initially seeded with 100,000 cells and allowed to grow 

uninhibited for 48 hours. There were no obvious differences in cell confluency upon 

visualisation. To overcome this problem, it was decided that subsequent experiments would be 

performed on a larger-scale, using T25 cell culture flasks, with a larger volume of cells enabling 

more accurate cell counts.  

6.5.2 The HepaRG cell line has wild-type, heterozygous CAG repeats 

in HTT 

To ensure that the HepaRG cell line carried wild-type huntingtin alleles, the CAG repeat region 

in HepaRG HTT was sequenced. It was found that HepaRG have heterozygous HTT alleles with 

CAG repeat lengths of 19 and 22 units (Figure 6.2). Since these repeat lengths do not fall within 

the pathogenic range of mutant HTT (>36 CAG repeats) we can assume that the HepaRG cell 

line is wild-type for HTT. 
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Figure 6.2: Huntingtin CAG repeat lengths in the HepaRG cell line.  

Sanger sequencing of the HTT CAG repeat in HepaRG cells revealed two CAG alleles with repeat lengths of 19 and 22 units. 
Using Geneious software, raw sequences were aligned to genomic HTT obtained from NCBI (Ref.Seq: NG_009378.1) and 
visualised to determine the size of the CAG repeat and identify. The area highlighted by the dashed box indicates the overlapping 
sequence region, whereby approximately half of the alleles appear to have three additional CAG repeats (22 units total). 

 

6.5.3 Knockdown of wild-type HTT transcription in HepaRG cells 

alters ammonia and urea levels in cell lysates 

To investigate a potential relationship between huntingtin and the urea cycle in HepaRG cells, 

the expression of wild-type HTT was knocked-down in the cell line using dsRNAi. The 

subsequent production of ammonia and urea was quantified in both the cell lysates and media. 

In addition, RNA was harvested from HepaRG cells that had undergone HTT knockdown, for 

quantitative gene expression analyses. 

6.5.3.1 Transfection optimisation of DsiRNAs using Lipofectamine RNAiMAX 

Since there is little literature on the transfection of the HepaRG cell line, an initial transfection 

optimisation experiment was conducted. Transfection optimisation of a TYE563-labelled 

positive control oligonucleotide (10 nM) in the HepaRG cell line using a range of Lipofectamine 

volumes, determined that 3 µL of Lipofectamine RNAiMAX reagent was the most effective for 

12-well plate transfections. At this volume, more than 80 % of HepaRG cells were transfected 

after a 24-hour incubation period, with little evidence of toxicity. To determine whether 

increasing the concentration of the TYE563-labelled oligonucleotide would improve 

transfection efficiency, higher doses (20 and 30 nM) were assessed with 3 µL of Lipofectamine 

RNAiMAX. At these higher TYE563 concentrations, a transfection efficiency of >90 % was 

achieved, again with minimal cell death (Figure 6.3), hence it was assumed that similar 

concentrations of HTT targeted DsiRNAs, and relative volumes of Lipofectamine RNAiMAX 

would achieve similar results.  

 



 

187 

 

 

Figure 6.3: Optimisation of HepaRG DsiRNA transfection.  

Optimisation of the transfection protocol was achieved using the TYE563 (oligonucleotide attached to a fluorescent dye) positive 
control provided in the human HTT TriFECTa Kit supplied by IDT. HepaRG cells were transfected with (A) 10 nM, (B) 20 nM and 
(C) 30 nM of TYE563 DsiRNA and 3 µL of Lipofectamine RNAiMAX. Cells were visualised using the Nikon Ti-E inverted 
fluorescence microscope. Images were taken using the bright field and TRITC optical filter (~ 532 nm). Transfection efficiency is 
predicted to be >90 % at all three TYE563 DsiRNA concentrations, with minimal cell death observed. 

 

6.5.3.2 DsiRNA#2 produced the greatest knockdown in HTT mRNA in HepaRG 

cells 

Three DsiRNAs predicted to target human HTT were provided in the IDT-supplied TriFECTa 

Kit. To determine which DsiRNA would achieve maximal HTT knockdown in HepaRG cells, 

a knockdown optimisation experiment was performed. Each of the three HTT-targeting 

DsiRNAs were tested at 10 nM, 20 nM and 30 nM concentrations, along with HPRT-S1 (positive 

control) and scrambled DsiRNA (negative control) at the same concentrations. Transfection was 

performed in a 12-well plate, using 3 µL of Lipofectamine RNAiMAX per well. After a 24-hour 

transfection period, cells were harvested from each well and RNA extracted and cDNA 

synthesised. A qPCR assay targeting HTT and HPRT mRNA expression was designed to 

determine the relative expression of these genes in cDNA from the corresponding HTT-

knockdown and HPRT-knockdown wells. The HPRT-S1 positive control DsiRNA resulted in 

greater than 80 % knockdown of HPRT expression in HepaRG cells at a 10 nM concentration. 

This knockdown was dose-responsive, with increased knockdown of HPRT at 20 nM and 30 

nM (Figure 6.4A). The DsiRNA targeting HTT that had the most knockdown was DsiRNA#2, 

which reduced expression of HTT by > 58 % at all concentrations (Figure 6.4B). It was unusual 

that the cells treated with DsiRNA#3 had higher relative expression levels of HTT compared to 
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the negative control DsiRNA (>100 %), indicating that DsiRNA#3 did not target HTT.  Due to 

its stable knockdown of HTT at multiple concentrations, HTT-DsiRNA#2 was selected for use 

in further experiments.  

The experiment was repeated using HTT-DsiRNA#2 only, in triplicate wells to better assess 

variation. This confirmed the > 58 % knockdown at 10 nM, 20 nM and 30 nM concentrations 

(73 – 87 % on average), with no dose response. A high concentration of 30 nM was chosen for 

the subsequent experiments, to ensure maximal knockdown of HTT. In addition, there did not 

appear to be any appreciable cell death relative to other DsiRNA concentrations. An additional 

Lipofectamine RNAiMAX optimisation experiment was also conducted, concluding that 3 µL 

of lipofectamine reagent is optimal in 12-well plate format. This is the recommended volume 

stated in the reagent protocol supplied by Invitrogen.  

 

Figure 6.4: Relative HTT knockdown in HepaRG cells transfected with DsiRNA#1, #2 and #3.  

The relative concentration of HPRT mRNA (A) and HTT mRNA (B) measured in HepaRG cells after treatment with targeted 
DsiRNAs. Each DsiRNA (HPRT, HTT-DSiRNA#1, HTT-DSiRNA#2 and HTT-DSiRNA#3) was tested at 10 nM, 20 nM and 30 nM, 
transfected using Lipofectamine RNAiMAX. The relative levels of gene expression have been normalised to the negative control 
(NC). HTT and HPRT mRNA expression was quantified via qPCR, using TBP and SDHA as reference genes for normalisation. 

 

6.5.3.3 Ammonia and urea quantification in HTT knockdown HepaRG cells 

To test the effect of wild-type HTT on ammonia and urea production in the HepaRG system, an 

experiment was undertaken transfecting the optimised HTT-DsiRNA# (30nM), with 

quantification of urea, ammonia in cell lysates and culture media, and gene expression in cell 

lysates after 48 hours transfection. This experiment was scaled up to T25 flasks in order to 

enable accurate suspension of cells for counting and provide sufficient material for analyses 

(refer to section 2.2.8.4 in General Materials and Methods for full experimental details).  

DsiRNA#2 and scrambled negative control DsiRNA (NC) transfections were performed in 
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triplicate flasks, and TYE563 DsiRNA transfection efficiency control was also performed (1 

flask). Visualisation of TYE563 control transfected cells after the 48-hour post transfection 

indicated that > 80 % of cells had been successfully transfected.  

The ammonia levels were significantly higher (1.4-fold difference) in HepaRG cell lysates that 

had undergone DsiRNA#2 HTT targeted knockdown via, compared to the negative control 

scrambled DsiRNA (p = 0.012) (Figure 6.5A).  

In contrast, urea levels were significantly lower (1.6-fold difference) in the HepaRG cell lysates 

that had undergone HTT knockdown (p = 0.032) (Figure 6.5A).  

No significant differences in ammonia and urea concentration were observed in the culture 

media of HepaRG cells after HTT knockdown (Figure 6.5B).  

Reductions in HTT mRNA expression, due to HTT-DsiRNA knockdown were observed as 

expected, and are presented in section 6.5.5. 

 

Figure 6.5: HTT knockdown induces changes in ammonia and urea production in HepaRG cells.  

Ammonia and urea were quantified in (A) cell lysates and (B) cell culture media obtained from HepaRG cells that had undergone 
HTT knockdown via DsiRNA#2 transfection (HTT = 3, NC = 3), using ammonia and urea assay kits (Abcam ab83360 and ab83362). 
(A) Ammonia levels are significantly higher in HepaRG cell lysates that have undergone knockdown of wild-type HTT via RNAi, 
compared to the negative control (p = 0.012, Independent T test). Urea levels are significantly lower in the HTT knockdown HepaRG 
cell lysates (p = 0.03, Independent T test2). (B) There are no significant differences in the levels of ammonia or urea in the cell 
media of HepaRG cells that have undergone RNAi with HTT DsiRNA#2 or negative control NC DsiRNA. The x-axes denote the 
DsiRNA treatment applied; HTT = HepaRG cells that have been targeted for HTT transcription knockdown via DsiRNA#2 
transfection (n = 3). NC = negative control HepaRG cells that have been transfected with a scrambled DsiRNA (n = 3). The y-axes 
denote ammonia or urea quantification in (A) cell lysates, quantified as nmol x 106 cells, or (B) culture media, quantified as µM 
(adjusted for total cell count). Blue bars represent the average level of ammonia quantification and red bars represent average 
levels of urea quantification. Standard error (SE) bars are denoted for each barplot. 

 

6.5.4 Expression of mutant HTT in HepaRG cells alters ammonia and 

urea levels in cell lysates and media 

To test the hypothesis that expression of mutant huntingtin in the liver alters ammonia and urea 

levels, a full length mHTT-containing plasmid was transfected into HepaRG cells. The mHTT-
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containing plasmid, termed HD113Q, consists of the pcDNA3.1 expression vector with the full-

length human huntingtin cDNA (46 CAG repeats), and expression of the transgene is driven by 

a CMV promoter. Subsequent levels of ammonia and urea were quantified in mHTT-transfected 

HepaRG cells and RNA was harvested for further gene expression analyses. 

6.5.4.1 Transfection optimisation of HD113Q expression plasmid using 

Lipofectamine 3000 

A plasmid transfection optimisation experiment was initially conducted on the HepaRG cell 

line. The pmaxGFP plasmid was used as a fluorescent positive control, to determine the optimal 

combination of the amount plasmid DNA and volumes of Lipofectamine 3000 to maximise 

transfection efficiency (refer to General Materials and Methods section 2.2.8.4 for full 

experiment details). In the 6-well plate format 1 µg plasmid DNA and between 2 µL and 5 µL 

of Lipofectamine 3000 in a final volume of 3 mL media yielded a transfection efficiency of 

approximately 40 % after 48 hours. The higher liposome volume (5 µL) resulted in more cell 

toxicity but 2 µL resulted in lower transfection levels (Figure 6.6). Thus 3 µL of Lipofectamine 

3000 with 1 µg of plasmid DNA was selected as optimal for the 6-well plate format, when cells 

were cultured in a final volume of 3 mL. These amounts were scaled up for subsequent T25 

flask experiments (2 µg of DNA and 5 µL of Lipofectamine 3000 in a final volume of 4 mL 

(refer to General Materials and Methods section 2.2.8.4 for full details).  

 

Figure 6.6: Optimisation of plasmid transfection in the HepaRG cell line.  

Bright field and GFP fluorescent microscope images (20x objective) of HepaRG cells transfected with the pmaxGFP plasmid using 
Lipofectamine 3000 transfection reagent at 48-hour post transfection. (A) HepaRG transfected with 1 µg of pmaxGFP and 2 µL 
Lipofectamine 3000. (B) HepaRG transfected with 1 µg pmaxGFP plasmid and 5 µL Lipofectamine 3000.  
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6.5.4.2 Ammonia and urea quantification in HD113Q-transfected HepaRG cells 

To test the direct effect of mutant huntingtin on urea cycle function in the HepaRG cell line, an 

experiment was undertaken transfecting HepaRG cells with HD113Q in T25 flasks, with 

subsequent quantification of urea and ammonia 48 hours post-transfections (full experimental 

details described in methods section 2.2.8.4). Transfection efficiency 48-hours post transfection 

initiation was determined to be ~40 %.  

Similar to the wild-type HTT knockdown results, the amount of urea quantified in HepaRG cell 

lysates transfected with HD113Q was significantly lower than those transfected with the GFP 

negative control plasmid (p = 0.006) (Figure 6.7A). 

 There was no significant difference in the amount of ammonia quantified in HepaRG cell 

lysates that had undergone HD113Q transfection (Figure 6.7A).  

Interestingly, HD113Q transfection resulted in significantly lower levels of both ammonia (p = 

0.004) and urea (p = 0.011) quantified in the cell media compared to the GFP negative control 

(Figure 6.7B).   

Elevated levels of HTT mRNA expression, due to transfection of the HD113Q plasmid was 

observed as expected, and is presented in section 6.5.5. 

 

Figure 6.7: Mutant HTT overexpression induces changes in ammonia and urea production by HepaRG cells.  

HepaRG cells were transfected with either the HD113Q plasmid (mHTT, 46 CAG repeats), or pmaxGFP plasmid, and were 
harvested at 48-hours post transfection. Ammonia and urea was quantified in cell lysates and the media (mHTT = 3, GFP = 3). (A) 
Urea levels are significantly lower in HepaRG cell lysates transfected with a plasmid containing mHTT, compared to the GFP 
transfection control (p = 0.0061). (B) Ammonia and urea levels were significantly lower in the media of HepaRG cells transfected 
with the mHTT plasmid, compared to the GFP transfection control (p = 0.0037, p = 0.011; Independent T test). The x-axes denote 
the transfection plasmid used; mHTT = HepaRG cells that have been transfected with the HD113Q plasmid (n = 3). GFP = negative 
control HepaRG cells that have been transfected with the pmaxGFP plasmid (n = 3). The y-axes denote ammonia or urea 
quantification in (A) cell lysates, quantified as nmol x 106 cells, or (B) culture media, quantified as µM (adjusted for total cell count). 
Blue bars represent the average level of ammonia quantification and red bars represent average levels of urea quantification. 
Standard error (SE) bars are denoted for each barplot. 
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6.5.5 Quantitative PCR reveals gene expression changes in HepaRG 

cells that have undergone HTT knockdown and mHTT overexpression 

To determine whether knockdown of wild-type HTT or transfection of the mutant HTT 

HD113Q plasmid altered gene expression in HepaRG cells, qPCR assays were performed. As 

expected, HTT was significantly decreased in HepaRG cells that had undergone HTT 

knockdown via RNAi (80 % less on average, p = 0.0004), and significantly increased (75 % 

more on average, p = 0.0005) in HepaRG cells that had undergone HD113Q plasmid 

transfection, compared to their negative controls (Figure 6.8A). 

To investigate the mechanism through which the altered levels of HTT in this experiment may 

be affecting urea and ammonia levels (as presented in section 6.5.3 and 6.5.4), the expression 

of several urea-cycle genes of interest, including SLC14A1, GLS, ASL, ASS1, NAGS and RHCG, 

was investigated in the same cell lysates.   

The expression of SLC14A1 was significantly lower in both the HTT knockdown HepaRG cells 

(p = 0.00074) and mHTT overexpressed HepaRG cells (p = 0.0094) (Figure 6.8B).  

Glutaminase (GLS) expression was marginally, but not significantly higher in HTT knockdown 

HepaRG cells (p = 0.056) and lower in mHTT transfected cells (p = 0.15) (Figure 6.8C).  

There were no significant changes in gene expression for ASL or ASS1 in the HTT knockdown 

or mHTT over expression experiments (Figure 6.8D and E).  

The initial qPCR assays for RHCG and NAGS were unsuccessful. Since amplicons of correct 

size were produced as resolved on an agarose gel, it was concluded that these genes were 

expressed at low levels in the HepaRG cell line, in comparison to the other targeted genes. To 

overcome this, an additional qPCR assay could be performed using a higher concentration of 

cDNA. However, this will be achieved in future work, due to time constraints of this thesis. 
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Figure 6.8: Expression of urea cycle genes of interest in HTT knockdown- or mHTT transfected- HepaRG cells.  

Quantitative PCR was performed to determine the relative expression levels of (A) HTT, (B) SLC14A1, (C) GLS, (D) ASL and (E) 
ASS1, in HepaRG cells that had undergone either HTT knockdown (HTT-DSiRNA#2 at 30nM) or mHTT (2µg HD113Q plasmid) 
transfection. TBP, SDHA and UBC were used as HepaRG reference genes for target gene expression normalisation. Two-sample 
t-tests were performed on each gene, comparing HTT knockdown (HTT) to the negative control (NC) HepaRG cells and mHTT 
transfected (mHTT) to GFP transfected (GFP) HepaRG cells for comparison. A p-value <0.05 was considered statistically 
significant. (A) HTT is significantly lower in HepaRG cells that have undergone HTT knockdown (p = 0.00039) and significantly 
higher in HepaRG cells that have undergone mHTT transfection (p = 0.00046) compared to their relative negative controls. (B) 
SLC14A1 is significantly lower in HepaRG cells that have undergone HTT knockdown (p = 0.00074) and mHTT transfection (p = 
0.0094) compared to the relative negative controls. There are no significant differences in the expression levels of (C) GLS, (D) 
ASL or (E) ASS1 in HepaRG cells that have undergone HTT knockdown or mHTT plasmid transfection. 
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6.6. Discussion 

The aim of this chapter was to investigate the direct relationship between the HTT gene and the 

urea cycle in the liver. Knockdown of wild-type HTT and transfection of mutant HTT in HepaRG 

liver cells revealed interesting changes in subsequent ammonia and urea production. 

Manipulation of HTT expression also altered the expression of urea cycle genes of interest 

within HepaRG, including SLC14A1 (a urea transporter) and GLS (catalysing the hydrolysis of 

glutamine to glutamate and ammonia). The evidence presented here indicates a direct 

relationship between HTT and urea cycle function. 

6.6.1 The HepaRG cell line is a good model for urea cycle studies and 

HTT manipulation 

HepaRG is a human bipotent progenitor cell line that was established from a liver tumour 

associated with chronic hepatitis C. The cell line is capable of differentiating toward two 

different cell phenotypes; biliary-like and hepatocyte-like cells and are particularly useful in 

drug toxicity and metabolic studies (Marion et al. 2010). The HepaRG cells used in this study 

had not undergone the differentiation process (after which cells are difficult to maintain), and 

results from the initial supplementation study confirmed that the undifferentiated HepaRG cells 

had an intact urea cycle. 

The urea cycle mediates the conversion of toxic ammonia to less toxic urea, through a cycle of 

biochemical reactions (Shambaugh 1977). As this process takes place primarily in the liver 

(Leonard & McKiernan 2004), the HepaRG cell line was considered potentially a good tool for 

investigating the system. Quantification of ammonia and urea in HepaRG cell lysates and media 

was achieved using biochemical assays. Both metabolites were detectable in cell lysates 

containing as little as 6,250 cells and in 10 µL of culture media. Supplementation of HepaRG 

cell culture media with L-glutamine (but not GlutaMAX) resulted in an increase in ammonia 

and urea production, indicating that there is an intact urea cycle in the HepaRG cell line, and 

that can be controlled via external manipulation. Thus, the HepaRG cell line provides a simple 

tool for the investigation of HTT involvement in the urea pathway. 

Glutamine is an amino acid supplement that is required for the maintenance of cells and is 

growth-limiting in most culture media (Harry Eagle, 1955; H. Eagle, Oyama, Levy, Horton, & 

Fleischman, 1956). It has a central role in metabolic processes and energy metabolism (Zielke, 

Zielke, & Ozand, 1984) and is majorly involved in the metabolism of nitrogen and subsequently 

the urea cycle. GlutaMAX is considered to be an improved cell culture supplement over L-
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glutamine and is often used as a direct substitute in cell culture media. L-glutamine 

spontaneously degrades in cell culture media, generating ammonia and pyrrolidine carboxylic 

acid as by-products (Tritsch & Moore, 1962). These by-products are not only toxic to cells, but 

may influence biochemical assays which quantify them and their metabolites. To overcome this, 

GlutaMAX can be used as an alternative source of glutamine. GlutaMAX is an L-alanine-L-

glutamine dipeptide, which does not spontaneously degrade and is more stable in aqueous 

solutions. Cells cultured in GlutaMAX gradually release the peptidase enzyme, which 

hydrolyses GlutaMAX into L-alanine and L-glutamine at a maintained rate. This results in 

efficient energy metabolism and high cell growth, without excess ammonia production.  

HepaRG cells that had been supplemented with GlutaMAX had significantly lower levels of 

ammonia and urea present in their cell culture media, compared to cells that had been 

supplemented with L-glutamine (refer to Figure 6.1). Similarly, ammonia and urea levels were 

nominally lower in cell lysates from HepaRG cells cultured in GlutaMAX compared to cell 

lysates harvested from L-glutamine cultured cells. These results indicate that ammonia and urea 

production is higher in HepaRG cells that are cultured with L-glutamine. The elevation in 

ammonia (and subsequently urea) is likely due to the spontaneous degradation of L-glutamine, 

rather than representing biological processes in the cell. It was decided that all further 

experiments would be conducted using GlutaMAX, removing the chance of confounding L-

glutamine driven results. However, future studies could use L-glutamine supplementation as a 

tool to investigate glutamate and/or ammonia production in the HepaRG cell line. 

Sanger sequencing confirmed that the HepaRG cell line is heterozygous for the CAG repeat in 

huntingtin with repeat lengths of 19 and 22. Both alleles fall within the non-pathogenic range 

(<36 CAG repeats) thus the HepaRG cell line is, as expected, wild-type for HTT.  

With the cell culture tool in place, the next fundamental question was to investigate the 

possibility of a direct functional link between HTT expression and the urea pathway. The first 

experiment was to knock down HTT using dsRNAi and measure the consequential impact on 

ammonia and/or urea production. This experiment was based on the thought that the expanded 

repeat may be causing true dominant loss of huntingtin function. 

Transient transfection of the HepaRG cell line with DsiRNAs and plasmid DNA has been 

previously described (Laurent et al. 2010, Laurent et al. 2013) and suggests the use of chemical 

transfection reagents with complex intermediate steps and/or electroporation devices for 

efficient nucleic acid delivery. Rather than use these protocols, the specifically designed, 

commercially available Lipofectamine reagents; Lipofectamine RNAiMAX and Lipofectamine 



 

196 

 

3000, were utilised for DsiRNA and plasmid delivery, respectively. Lipofectamine RNAiMAX 

achieved high transfection efficiencies in the HepaRG cell line using the recommended dose, 

with more than 90 % of HepaRG cells transfected with the TYE563 fluorescent control after a 

24-hour incubation period, with minimal cell death evident. The pmxGFP plasmid optimisation 

experiment, which used Lipofectamine 3000 as the transfection reagent resulted in a transfection 

efficiency of approximately 40 % after 48 hours, with some cell toxicity. Alternate methods of 

plasmid transfection with increased efficiencies have been reported (Laurent et al. 2010) 

however due to time constraints it was decided to move forward with the tested approach.  

6.6.2 Knockdown of wild-type HTT in HepaRG cells results in elevated 

cellular levels of ammonia and lower urea 

To investigate whether wild-type huntingtin is involved in the urea cycle, HTT mRNA was 

silenced in HepaRG cells via dsRNAi. Knockdown of wild-type HTT (~ 80 %) resulted in 

significantly elevated intracellular ammonia and significantly reduced intracellular urea levels, 

compared to HepaRG cells transfected with a negative control (scrambled DsiRNA) at 48 hrs 

post-transfection. There was no significant change in ammonia or urea levels within the HepaRG 

cell media. A significant decrease in intracellular urea, together with the elevated ammonia 

levels, indicates that the urea cycle is no longer functioning efficiently to convert ammonia into 

urea. This experiment directly links the wild-type function of huntingtin to the positive 

regulation of the urea cycle and supports a ‘loss of function’ hypothesis of HD pathogenesis.  

Based on this loss of function hypothesis, the results of the HepaRG HTT knockdown 

experiment suggest that ammonia may accumulate in the liver in HD. As ammonia is a small 

polar molecule and may also quickly diffuse to other sites in the body. As seen in liver cirrhosis 

and the urea cycle disorders, acute accumulation of ammonia in the blood due to a defect in the 

liver triggers a hyperammonemic phenotype including neurological symptoms and brain injury 

(Haussinger et al. 2000, Leonard & Morris 2002). Ammonia can readily diffuse across the blood 

brain barrier, causing sleep disturbances, cognitive decline, motor disorders, coma and even 

death (Auron & Brophy 2012). In addition, ammonia is highly toxic to neurons and can lead to 

neurodegeneration (Albrecht & Norenberg 2006). The symptoms of these disorders are 

remarkably similar to those described in Huntington’s disease, supporting the role of HTT in 

regulating the urea cycle. Interestingly, compound heterozygous mutations in the HTT gene are 

known to cause Lopes-Maciel-Rodan syndrome, a neurodevelopmental disorder with dystonia, 

bradykinesia and intellectual disability as the main clinical phenotypes (Lopes et al. 2016, 

Rodan et al. 2016). 
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6.6.3 Transfection of mutant HTT in HepaRG cells results in lower 

intracellular levels of urea 

We now have evidence that supports an interaction between wild-type HTT and the urea cycle. 

To investigate the role that mutant HTT might have on the same pathway, HepaRG cells were 

transfected with the HD113Q expression plasmid. HD113Q contains a full length human HTT 

cDNA, with a CAG-repeat length of 46.  

Similar to the HepaRG HTT knockdown results, overexpression of mutant HTT (~ 75 %) in 

HepaRG cells, resulted in significantly lower levels of intracellular urea. Potentially in contrast 

to the knockdown experiment, this result supports that HD is caused by a toxic ‘gain of 

function’, with the urea cycle being impaired due to the presence of mutant HTT.  However 

along with the reduction in urea is also a reduction in ammonia in the cell culture media, 

suggesting that the mutant huntingtin is having an effect upstream of the urea cycle. Ammonia 

is the first metabolite to enter the urea cycle and there are many metabolites downstream of it. 

It may be that the initial conversion of ammonia into carbamoyl phosphate (the first reaction in 

the urea cycle) is intact, explaining the non-significant change in intracellular ammonia levels. 

This theory assumes that another urea cycle intermediate will build up, with a subsequent 

decrease in its downstream metabolites including urea. Interestingly, both ammonia and urea 

are also significantly reduced in the media of HepaRG cells after mHTT transfection. As implied 

above, this could suggest that less ammonia and urea are being produced intracellularly, and 

thus less is transported into the extracellular space.  

Taken together the mHTT over expression and HTT knockdown experiments suggest that 

huntingtin may have a direct role in the conversion of ammonia to urea and that mutant 

huntingtin may have an additional, more generalised effect upstream of this pathway, potentially 

in metabolism (input into the urea cycle). It would not be unexpected for huntingtin to be 

functionally pleiotropic given its wide spread expression and its absolute requirement for 

development.   

To confirm either of these possibilities, further molecular analyses need to be performed; 

validating the intracellular levels of ammonia and urea, and quantifying the expression of their 

transporters. 
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6.6.4 Manipulation of wild-type and mutant HTT expression in 

HepaRG alters the expression of urea cycle genes of interest  

To explore transcriptomic changes in HepaRG cells that have undergone HTT knockdown and 

mHTT transfection, qPCR assays were performed to quantify the expression of selected urea 

cycle genes. In addition to HTT expression, SLC14A1, ASL, ASS1, GLS, NAGS and RHCG were 

selected based on their direct involvement within the urea cycle or their roles in ammonia and 

urea transport (previously described in Chapter 5). 

The HTT primers used in the qPCR assay were designed to target both wild-type and mutant 

huntingtin (i.e. the primers cannot differentiate between them). As expected, the relative 

expression of HTT mRNA was significantly lower in the HTT knockdown cells, and 

significantly higher in the cells transfected with the mHTT expression plasmid. This confirms 

that the knockdown and overexpression transfection experiments were successful in the 

HepaRG model and any downstream observations are likely due to the reduction in wild-type 

HTT or presence of mHTT. However, as the primers cannot distinguish between the wild-type 

and mutant versions of huntingtin, we can only assume that the elevated HTT levels in the mHTT 

transfection experiment are as a result of transcripts from the HD113Q expression plasmid. 

Future studies will look to include an assay that can separate the wild-type and mutant HTT 

transcripts.  

The expression of SLC14A1 was found to be significantly lower in both the HTT knockdown 

and mHTT transfected HepaRG cells. SLC14A1 encodes a urea transporter and facilitates the 

transport of urea down a concentration gradient (Olives et al. 1994). Since intracellular urea 

levels are significantly lower in HTT knockdown and mHTT transfected HepaRG cells, it is 

perhaps not surprising that the transcript levels for this protein (responsible for urea transport) 

is also reduced. This observation is in keeping with other results identified in our laboratory and 

by others, with a significant increase in SLC14A1 expression having been previously described 

in the OVT73 brain (Handley et al. 2017), and human HD brain (Hodges et al. 2006). As 

discussed in Chapter 4, our presumption from these studies was that SLC14A1 was upregulated 

because of the observed higher urea levels in both the OVT73 model and human brain.  

The data presented here is the first evidence suggesting that SLC14A1 expression is also altered 

in HTT-manipulated hepatocytes. It is remarkable that gene expression changes are observed 

after a 48-hour transfection period with DsiRNA targeting HTT or overexpression via the 

HD113Q plasmid. Together the data suggests that both wild-type HTT knockdown and mHTT 
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overexpression have direct consequences on ammonia and/or urea production in HepaRG cells, 

with subsequent changes in gene expression of the urea transporter.  

Although not reaching significance threshold, GLS expression appeared to be higher in HTT 

knockdown HepaRG cells and lower in mHTT transfected cells. GLS encodes glutaminase, 

which catalyses the hydrolysis of glutamine to glutamate and ammonia (Sahai 1983). It plays 

an essential role in generating energy for metabolism, synthesising the brain neurotransmitter 

glutamate and ammonia (Prusiner 1981). An increase in GLS expression in HTT knockdown 

cells may partially explain the significant increase in intracellular ammonia levels observed. 

More GLS would result in a higher rate of glutamine to glutamate conversion and a subsequent 

elevation in ammonia levels. Conversely, lower average levels of GLS in the mHTT transfected 

cells may partially explain why there is no significant change in ammonia production within the 

transfected HepaRG cells. A disease associated with GLS is hepatic encephalopathy (Romero-

Gomez et al. 2010), which is characterised by a spectrum of neuropsychiatric abnormalities due 

to liver dysfunction. Therefore, we could postulate that a reduction in wild-type HTT effects 

GLS expression, such that a hyperammonemic phenotype occurs. A direct link between HTT 

and GLS has not yet been described, although results from chapter 4 of this thesis, indicate that 

GLUL (which catalyses the reverse reaction: glutamate and ammonia into glutamine) is 

significantly negatively correlated with CAG repeat length in the human caudate nucleus. 

ASL and ASS1 transcription were not significantly altered in HepaRG cells that underwent HTT 

knockdown or mHTT transfection. This indicates that at least at a transcriptional level the 

biochemical reactions controlled by these enzymes are not controlled by huntingtin. As a result, 

we would not expect any alterations in the levels of urea cycle intermediates catalysed by these 

genes. 

6.6.5 Conclusions 

Knockdown of wild-type HTT or overexpression of mHTT in HepaRG both resulted in a 

significant decrease in intracellular urea. In cells with HTT knockdown, this was accompanied 

by a significant elevation in intracellular ammonia. These results suggest that huntingtin is 

required for the correct function of the urea cycle. On this basis, a loss of huntingtin would 

subsequently result in accumulating levels of toxic ammonia or other urea cycle intermediates. 

Ammonia and other urea-cycle intermediates have the potential to enter the bloodstream and 

accumulate in the brain. Toxic levels of ammonia in the brain can lead to neurological defects 

similar to those present in Huntington’s disease.  
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Previously published findings have described significant elevations in brain urea and 

transcription of SLC14A1, an urea transporter in OVT73 (Handley et al. 2017) and human HD 

brains (Patassini et al. 2015, Handley et al. 2017). The HTT HepaRG studies reported here 

suggest that both urea and ammonia production is downregulated along with significant 

reductions in SLC14A1 expression. This suggests that either these cells are less metabolically 

active or that the urea cycle has been disrupted in some other way. It is interesting to speculate 

that ammonia to urea conversion may be less efficient in the livers of those with HD, and as a 

result excess ammonia from the periphery is converted to urea in the brain.  

Ammonia is considerably more neurotoxic than urea (hence its conversion in the urea cycle) 

and so its quantification in the HD brain and liver is of high interest. The ammonia transporter, 

RHCG, was significantly higher in the OVT73 striatum (Handley et al. 2017) and human caudate 

nucleus (Hodges et al. 2006), but was not significantly altered in the OVT73 liver. This suggests 

that ammonia may be elevated in the HD brain, in addition to elevated urea. It is difficult to 

quantify ammonia in post-mortem HD samples, due to its volatile nature, and can only be 

accurately achieved within 4 hours of sample collection (Barsotti 2001, Haberle et al. 2012). 

However, ammonia has been previously quantified in the blood of HD patients fed controlled 

protein diets (Chen et al. 2015). Results from this study concluded that modestly increased 

protein diets did not alter blood ammonia levels but did result in significant increases in blood 

citrulline concentrations in the HD patients. Accurate measurement of ammonia in the HD brain 

and liver would provide considerable insight into ammonia-associated pathogenic mechanisms 

and the origin of an ammonia phenotype.  

The evidence presented in this chapter strongly suggests that a decrease in wild-type HTT or 

overexpression of mutant HTT directly causes dysfunction of the urea cycle within liver. This 

has been demonstrated through altered intracellular levels of the metabolites ammonia and urea, 

in addition to decreases in SLC14A1 expression. A direct interaction between the HTT protein 

(wild-type and mutant) and components of the urea cycle, must now be investigated. These 

experiments have led to the formulation of the hypothesis that the route of HD pathogenesis 

starts in the liver as a metabolic disorder, accumulating over time until a neurological phenotype 

presents. Drugs that target the initial metabolic dysfunction in liver, may be good candidates for 

the future treatment of HD. This hypothesis is discussed in detail within the General Discussion.  
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 General Discussion 

7.1. Overview 

The broad aim of the work described in this thesis was to reveal underlying molecular 

mechanisms that contribute to Huntington’s disease pathogenesis. Exactly how HD manifests 

in affected individuals is unknown, despite identification of the gene and the disease causing 

mutation (HDCRG 1993). There are currently no treatments to prevent or slow its relentless and 

devastating progression, largely because of the complex functions of the wild type HTT protein 

and its mutated form. Thus, unveiling of the processes that either contribute to or are the primary 

events in HD pathogenesis will lead to a better understanding of the disease and subsequently, 

the identification of new potential targets for therapy.  

The primary resource used in this work was the OVT73 sheep model and in particular a cohort 

of animals killed at age five. The model was developed for dissection of the molecular 

mechanisms of HD, and it captures the early pre-symptomatic phase of the disease, prior to any 

overt changes (e.g. cell loss) that may otherwise lead to confounding assumptions. The OVT73 

line carries a full length human HTT cDNA transgene with an expanded polyglutamine repeat 

of 73 units (Jacobsen et al. 2010). Molecular and behavioural analyses of the model have 

concluded that it has many features that are significantly different from wild-type counterparts, 

and recapitulates many features of the disease as it presents in humans. Most notably, the 

transgenic sheep exhibit transcriptomic changes and HTT positive aggregates in the brain 

(Huntington's Disease Sheep Collaborative Research et al. 2013) a hyper-regulated metabolic 

state (Handley et al. 2016, Skene et al. 2017), a circadian disturbance (Morton et al. 2014) and 

an elevation in brain urea (Handley et al. 2017), all of which have been described in HD cases. 

Little is known about the interaction between these phenotypes, or how they fit in the wider 

network of HD pathogenesis. A large collection of OVT73 data had been generated from a single 

cohort of 5-year-old animals, and so initial efforts of this thesis were directed at the integration 

of multiple OVT73 datasets into a single platform along with the development of some statistical 

tools for ‘multi-omic’ analyses, as described in Chapter 3.  

After successful compilation of the OVT73 data platform, it was decided to focus on a specific 

HD-associated pathway for a hypothesis-driven investigation of the ‘multi-omic’ data. It was 

decided that metabolism and the urea cycle in particular would be the main focus of this work, 

since the OVT73 model demonstrates these phenotypes robustly (Handley et al. 2016, Handley 

et al. 2017, Skene et al. 2017) and their implication in HD pathogenesis is an emerging area of 
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research. Using an ‘association by correlation’ approach, directed exploration of the OVT73 data 

platform revealed additional evidence from a range of data types and tissues, that supports a 

metabolic/urea cycle dysfunction in HD. This forms the basis of Chapter 4.  

Many neurological diseases are caused by dysfunctional metabolic processes, reviewed in 

(Karimzadeh 2015). In all these inborn errors of metabolism, there is a deficiency in an enzyme 

resulting in the accumulation of toxic metabolites, which ultimately cause the neurological 

symptoms. For example, Phenylketonuria (PKU) is caused by a deficiency in phenylalanine 

hydroxylase, a hepatic enzyme that converts phenylalanine to tyrosine, resulting in the 

accumulation of phenylalanine (Blau et al. 2010). Phenylalanine and its metabolites are 

neurotoxic, and untreated patients are usually profoundly mentally retarded. Zellweger 

syndrome is caused by autosomal recessive mutations in genes that encode peroxins, which are 

required for normal assembly of peroxisomes (Wanders 2004). Impaired peroxisome function 

results in the accumulation of long-chain and branched-chain fatty acids leading to impaired 

neuronal migration and brain development. Interesting in the context of this thesis are the urea 

cycle disorders (UCDs), which are caused by a deficiency in any one of the urea cycle genes, 

resulting in the accumulation of ammonia and subsequent neurological symptoms (Leonard & 

Morris 2002). HD has always been considered a disease primarily of the brain, with a brain-

specific pathogenic origin. Like a lot of disorders an important part of the diagnosis of HD in a 

family, prior to the identification of the gene, was the characteristic striatum neuropathology. 

This of course has encouraged a focus on the brain as the origin of the disorder. However, recent 

evidence from HD studies in humans and the OVT73 sheep poses the question of whether 

disruption of peripheral metabolic pathways contribute to the disease. Hence, chapters 5 and 6 

considered HD from a metabolic perspective with a potential primary origin in the liver.   

The urea cycle is a set of biochemical reactions that converts ammonia (a highly toxic metabolic 

waste product) into less toxic urea which is then excreted. The pathway is perturbed in the 

OVT73 sheep (Handley et al. 2017), and HD patients (Patassini et al. 2015, Handley et al. 2017), 

with the accumulation of brain urea as the defining feature. The urea cycle takes place primarily 

in the liver, and the urea produced is released into the bloodstream where it travels to the kidneys 

and is excreted in urine. Through the work described here and prior, it was hypothesised that the 

source of urea accumulation in the HD brain originates from the liver, potentially as ammonia. 

Unfortunately, relative concentrations of ammonia cannot be measured in fresh-frozen sheep 

samples, due to its highly volatile nature and degradation within 4 hours of sample collection. 

Thus, to further investigate this hypothesis, RNAseq of OVT73 liver samples was undertaken, 
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using samples from the same 5-year-old cohort. The comparative differential expression 

outcomes of this work are the focus of Chapter 5.   

Expanding the investigation beyond the OVT73 data platform to include other open source 

transcriptomic data from a large HD mouse allelic series and human data, revealed further 

evidence supporting the involvement of the liver in HD. This led to the development of a 

hepatocyte cell culture system that was used to functionally test for direct relationship between 

HTT and the urea cycle, as described in Chapter 6.  

The outcomes from this thesis research, and how they relate to the literature describing HD 

research are discussed in the sections below. 

7.2. Major research outcomes 

7.2.1 A ‘multi-omic’ OVT73 data platform for HD investigations 

Chapter 3 describes the development of a ‘multi-omic’ ovine database that can be used to 

explore pathogenic mechanisms associated with HD. The platform, which was built in the R 

environment, contains high-throughput and follow-up data collected from a single cohort of 5-

year-old OVT73 (n = 6) and control (n = 6) sheep. The idea was that the integrated data could 

be explored using an ‘association by correlation’ approach to unveil ‘multi-omic’ interactions 

within and between different tissues. After initial validation analyses confirming that each 

individual dataset was intact and replicated previously published findings, further exploration 

of the platform was undertaken.  

The mixOmics R package, a tool set which offers a wide range of multivariate methods, was 

implemented for the exploration and integration of biological datasets, to provide a more 

complete overview of the OVT73 system compared to controls. In general, the main issue posed 

by an integrative systems biology approach is the vast quantity of data, relative to the sample 

number. In this situation many routine statistical approaches fail or perform poorly in analyses. 

However, the exploratory data analyses implemented in mixOmics, use a variety of approaches 

to uncover underlying structures, extract important variables and maximise data insight. In 

addition, the package places emphasis on graphical representation of the results, which remains 

a fundamental step in summarising and characterising data. The examples presented in Chapter 

3 demonstrate how mixOmics can reveal new associations within and between datasets, using a 

non-hypothesis-driven approach. These associations were identified despite the small sample 
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number (n = 12) and provide insights into the biological networks that exist in OVT73 and 

control animals.  

Chapter 3 also describes the development of a new R package for differential correlation 

analyses, termed exCorr. The functions within the package were designed to calculate the 

correlation statistics between variable-variable pairs, with separation of two groups. This 

‘association by correlation’ approach can be used as a measure of variable-variable co-

expression or co-regulation, providing insights into potential interactions that are gained or lost 

in the disease. The information can be used to identify differential correlation trends/structures, 

providing an alternative method for the comparison of phenotypic variance in the OVT73 and 

control animals. In addition, the correlation structure between two variables can be visualised 

for validity of the association and subsequent interpretation. The exCorr package is freely 

available for download (https://github.com/emily5/exCorr) and can be used to analyse any 

dataset that has two groups for comparison. Future versions of the package will aim to include 

a bootstrapping parameter. This improvement will assign a measurement of accuracy to each 

statistic, minimising the likelihood of false positive results due to outliers. In addition, the 

bootstrapping parameter will be able to address changes in variability between samples, which 

may also account for differences in correlations.  

The OVT73 data platform is fully queryable and can be used for further hypothesis-driven 

analyses, as described in Chapter 4. Specific variables or pathways of interest can be 

investigated across the ‘multi-omic’ datasets, comparing the transgenic HD model to controls. 

One of the major reasons for establishing the OVT73 data platform was to make our data 

available to the HD research community, so that other research groups can investigate their 

favourite genes or pathways. The platform bridges the genetic gap between open-source HD 

mouse model and human data, providing another layer of HD data for molecular investigation. 

The platform is available at https://hdsheep.cer.auckland.ac.nz/.  

7.2.2 Initial urea cycle and metabolic observations from OVT73, HD 

allelic mouse, and HD human data analyses 

Although weight loss is not observed in the 5-year-old prodromal sheep model, its hyper-

regulated metabolic state, as observed in the liver and cerebellum, indicate that the process may 

be underway towards the phenotype (Handley et al. 2016). A separate OVT73 study which 

performed metabolic profiling of plasma collected from a different 5-year-old sheep cohort (14 

OVT73 and 10 control sheep) identified significant changes in the levels of various 

sphingolipids, biogenic amines, amino acids and urea (Skene et al. 2017). In addition, the 

https://github.com/emily5/exCorr
https://hdsheep.cer.auckland.ac.nz/
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OVT73 sheep display an elevation in brain urea (Handley et al. 2017). These features have been 

described as early pathogenic events in HD patients and their damaging implication in the 

development of HD is only recently being targeted for further investigation. Since the 5-year-

old OVT73 model robustly presents these phenotypes, metabolism and the urea cycle were 

selected for investigation within the OVT73 platform, with the aim of identifying ‘multi-omic’ 

associations that were differential between OVT73 and controls. Because of the relatively small 

number of animals in the dataset (n = 12) there was no great assumption that significant results 

after adjustment for multiple testing would be found, which is why this work was undertaken 

with a functional hypothesis in mind. In addition, open source data from HD mouse allelic series 

and HD human cases were analysed for comparison with OVT73 findings, supporting a 

hypothesis that implicates the urea cycle in HD. 

The transcription of SLC14A1, encoding a urea transporter, is significantly upregulated in 

different brain regions of the OVT73 model, including dorsal-lateral (DL) and dorsal-medial 

(DM) striatal tissue, and matrix-derived striatal neurons. Pairwise correlation analysis of 

SLC14A1 transcription with brain urea levels in individual animals, revealed that SLC14A1 

expression in dorsal-medial (DM) striatal tissue (quantified via both RNAseq and NanoString) 

was significantly correlated with the urea levels (refer to Table 4.1). In contrast, SLC14A1 

expression in laser captured matrix-derived striatal neurons (LCM RNAseq) was not correlated 

with urea. This lack of correlation gives us some indication of the cell types that may be involved 

or affected by the toxic metabolite. The striatal tissue from the DM region used for RNAseq and 

NanoString includes astrocytic cells (known for ammonia detoxification) as well as neurons. It 

is unclear whether or not a urea cycle exists in the brain, however reports investigating the urea 

cycle in Alzheimer’s disease (AD) confirmed that all the urea cycle genes are expressed in the 

AD brain, and postulate that the brain urea cycle is implicated in AD (Bensemain et al. 2007, 

Hansmannel et al. 2010). Therefore, it is possible that the significant correlation between 

SLC14A1 transcription and urea concentration in the DM striatum, indicates that urea is being 

produced in astrocytes, possibly as a result of hyperammonemia in the OVT73 sheep. The lack 

of correlation between urea and SLC14A1 in matrix-derived neurons, suggests that they either 

do not respond by upregulating SLC14A1 transcription or that urea does not originate in the 

neurons.  

Interestingly, the primary metabolic pathway for ammonia detoxification in the brain is the 

glutamate-glutamine cycle, which operates in astrocytes and is catalysed by the enzyme 

glutamine synthetase (GS) (Martinez-Hernandez et al. 1977), converting glutamate and 

ammonia into glutamine. Glutamine synthetase expression in the rat brain has been shown to be 
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located in astrocytes specifically, with no expression in neurons, synaptic endings, 

oligodendrocytes, microglial cells or pericytes (Norenberg & Martinez-Hernandez 1979). In 

addition, a study that induced hepatic encephalopathy in rats ascertained the role of astrocytes 

in hyperammonemia, reporting that astrocytes exhibited morphological changes, namely 

swelling, due to elevated ammonia concentrations (Norenberg 1987). A complimentary study 

confirmed that induced hyperammonemia in rats resulted in increased glutamine synthestase 

(GS) and glutamate dehydrogenase (GLUD1) expression, while aspartate aminotransferase 

(GOT1), alanine aminotransferase (ALT) and glutaminase (GLS) expression were decreased in 

astrocytes (Rao & Murthy 1992). Taken together these results suggest that there is an 

impairment in astrocytic glutamate metabolism during hyperammonemia, whereby the 

expression of genes within astrocytes are altered in response to elevated ammonia. In contrast 

to the hyperammonemic rat finding, a loss of glutamine synthetase activity has been described 

in the end-stage post-mortem Huntington’s disease brain (Carter 1981) with the reduction in 

activity being localised to astrocytes in areas of neuronal devastation, where the ratio of 

astrocytes to neurons is increased (Carter 1982). The simplest hypothesis that can be drawn is 

that there is an accumulation of ammonia within these astrocytic cells, and may provide evidence 

of selective neurotoxicity in the HD brain.  

Remarkably there is evidence for a disruption in the ammonia detox pathway within the OVT73 

sheep. Differential correlation analysis revealed that SLC14A1 was significantly correlated with 

GRM8 expression in the OVT73 dorsal-medial striatum, but not controls. Interestingly, GRM8, 

which functions as a receptor in glutamatergic neurotransmission, is transcribed at a 

significantly lower degree in the OVT73 striatum, but is still positively correlated with SLC14A1 

expression in the same animals. As stated above, glutamate is involved in the glutamate-

glutamine pathway for ammonia detoxification. GRM8 has been implicated as a novel marker 

associated with heightened risk for sporadic cases of Creutzfeldt-Jakob disease (sCJD) 

(Sanchez-Juan et al. 2014). The gene has also been associated with other neuropathological 

conditions, including schizophrenia (Moghaddam & Javitt 2012), autism (Purcell et al. 2001) 

and epilepsy (Barker-Haliski & White 2015). Perhaps the correlation between GRM8 and 

SLC14A1 in the transgenic HD sheep indicates that urea transport and glutamatergic 

neurotransmission (and possibly ammonia detoxification) are co-regulated and/or involved in 

the same perturbed pathway in HD. This observation is supported by the preferential 

susceptibility of medium spiny neurones which express glutamate receptors in HD (Gardoni & 

Bellone 2015). 
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Further evidence for a metabolic disruption in the OVT73 animals was discovered through 

‘multi-omic’ differential correlation analyses. A positive correlation between striatal SLC14A1 

expression and the liver-quantified metabolite, methionine was disrupted in OVT73 animals. 

Methionine has a critical role in metabolism, and as a labelled marker (Methyl-13C-methionine) 

has been used to quantify the oxidative capacity of mitochondria in the liver for liver function 

assessment by a breath test (Candelli et al. 2008). Remarkably, use of this breath test in HD 

patients concluded that there is hepatic mitochondrial dysfunction in both the manifest and pre-

manifest individuals (Stuwe et al. 2013, Hoffmann et al. 2014), suggesting that function of the 

liver is impaired early in HD pathogenesis. A disruption in the striatal-SLC14A1 and liver-

methionine correlation specifically in the OVT73 animals, suggests the coordinated association 

of transcription control (evident in the control animals) is disrupted in the transgenic animals, 

and providing tangential evidence for a brain-liver link in the pathogenesis of the disease. Breath 

testing is being established as a method for assessing the OVT73 sheep with our collaborators at 

the University of Adelaide and SARDI. This could potentially be a good non-invasive marker 

of disease progression in the animals.  

7.2.3 Urea cycle genes and repeat size correlations   

One of the approaches to determine gene function is to look for phenotype - genotype 

correlations. Of course, in HD there is only one genetic mutation, however the correlation 

between repeat size and age at onset implies there will also be a correlation between repeat size 

and the magnitude of the downstream molecular response, prior to neurologic onset. 

Unfortunately, the OVT73 transgene repeat length is relatively stable and so the prodromal 

model (and OVT73 platform) cannot be used in this way. However, patient and mouse allelic 

series data can (an underlying reason for the development of the mouse allelic series).  

Further exploration of transcriptomic urea cycle data from the HD mouse allelic series and 

human datasets in Chapter 4, revealed compelling support for a urea cycle dysfunction in HD, 

depicted in Figure 4.9. The expression levels of many urea cycle genes in the HD and murine 

model striatum were found to be significantly correlated with CAG repeat length, suggesting 

that transcriptional regulation of these genes may be directly linked with the mutation in HTT. 

Glutamine synthetase (GS) and glutamate dehydrogenase (GLUD1) are negatively correlated 

with CAG repeat in patient caudate nuclei; (i.e. the expression of these genes is lower in 

individuals that have larger CAG repeats). A reduction in function of either of these proteins 

would very likely result in an increase in ammonia. As described in the previous section 7.2.2, 

HD patients have been reported to have reduced brain GS activity (Carter 1981, Carter 1982), 



 

208 

 

which all other things being equal, could result in an elevation in brain ammonia and drive the 

production of urea via the urea cycle pathway. Thus, the negative correlation between GS and 

CAG repeat length, may suggest that individuals may develop the disease earlier because of 

higher levels of toxic ammonia. It is difficult to test this hypothesis since ammonia cannot be 

quantified in post-mortem brain tissue, due to its volatility. GLUD1 catalyses the conversion of 

glutamate into alpha-ketoglutarate and ammonia, so its progressively decreased level of 

expression is HD individuals with longer CAG repeat lengths may reflect a regulatory attempt 

to decrease production of ammonia.  It is important to note that ARG2 expression, a functionally 

important gene in the urea cycle that catalyses arginine to ornithine and urea, is also significantly 

lower in the striatum of HD patients. 

Importantly the negative correlation between GS and CAG repeat length seen in patient striatum 

is also observed in the HD mouse allelic series, giving further weight to the validity of this 

finding, which postulates a disruption in the glutamate-glutamine pathway. In addition, the 

expression levels of both ARG2 and ASS1 are significantly lower in the HD mouse striatum, and 

the transcript levels of both genes are also significantly negatively correlated with CAG repeat 

length. As stated above ARG2 expression is also significantly lower in the striatum of HD 

patients. Both these genes are integral to the urea cycle, and a progressive decrease in the 

transcription of either with expanded CAG repeat lengths, is suggestive of a disrupted urea 

cycle. In keeping with our hypothesis, perhaps the system is overwhelmed due to an excessive 

amount of ammonia in the brain. ASL is the only urea cycle gene that has increased expression 

in the HD mouse model. ASL transcription is also positively correlated with CAG repeat length, 

indicating that its upregulation may be responding in consequence to an elevation of ammonia, 

and the requirement for a more productive urea cycle.  

Finally, in further support of the disruption of the urea cycle, expression of the urea and 

ammonia transporters, SLC14A1 and RHCG respectively, are significantly increased in the 

OVT73 and human HD striatum (but not in the mouse series). Upregulation of these genes is 

likely in consequence to elevated urea and ammonia, which are highly neurotoxic. What is very 

reassuring for our hypothesis is that both the human and mouse transcription data sets were also 

interrogated with urea cycle changes as the primary hypothesis, and provided consistent results. 

7.2.4 Transcription is altered in the OVT73 liver, with specific 

alteration in urea cycle gene expression 

Combined analysis of the OVT73 platform, the mouse allelic series and human HD databases 

provides strong evidence for a urea cycle disruption in the brain. However, the source of elevated 
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urea, and potentially ammonia, in the HD brain is unknown. A previous study conducted by the 

Snell lab, reported elevated levels of urea in the OVT73 striatum, with no alterations in urea 

quantified within seven different peripheral tissues (including liver) (Handley et al. 2017). Due 

to the volatile nature of ammonia in frozen tissue, ammonia was not quantified in this study. 

During the course of this work it was hypothesised that the urea cycle dysfunction may originate 

in the liver, with the liver as a source of ammonia and/or urea. To investigate this hypothesis 

liver samples from the 5-year-old cohort underwent RNA sequencing as described in Chapter 5. 

The liver RNAseq experiment, revealed that two integral urea cycle genes, ASL and NAGS, are 

significantly downregulated in the OVT73 liver (refer to Figure 5.1). ASL catalyses the cleavage 

of argininosuccinate to fumarate and arginine, an essential step in the urea cycle (O'Brien et al. 

1986). NAGS catalyses the formation of N-acetylglutamate (NAG) from glutamate and acetyl-

CoA, with the product, NAG, being an essential cofactor for the first enzyme of the urea cycle, 

CPS1 (Caldovic et al. 2002). Mutations in these genes result in uraemia and hyperammonemia 

and so it could be assumed that down regulation of these genes in the OVT73 sheep could also 

progressively cause a urea disorder. Given this finding was made following a specific hypothesis 

this is excellent evidence suggesting the urea cycle is also disrupted in the liver in HD. This also 

adds to the hypothesis that the liver may be the source of accumulating urea and potentially 

ammonia in the HD brain.  

Differential expression analysis of the OVT73 liver RNAseq data also revealed that levels of 

tRNA ligases (specifically EPRS, MARS, TARS, VARS and NARS), which function to catalyse 

protein synthesis, are significantly upregulated (refer to Figure 5.2). This finding, along with 

gene enrichment analyses of the lists of differentially expressed genes, suggests that the OVT73 

liver is in a hyper-regulated metabolic state with an increased rate of protein turnover. The liver 

is known for its regenerative capacity (Mao et al. 2014), and, the evidence presented here 

indicates that regenerative processes may be accelerated in the ovine HD model, providing 

further support for a disruption in overall liver function in Huntington’s disease. 

An analysis of the expression levels of selected liver genes of interest (ASL, NAGS, mHTT 

(transgene), MARS, EPRS, TARS, ARFGAP3, USP5, POMT2, TSPAN15, INPP5F, SLC22A5, 

OTC, CPS1, ASS1, ARG1, SLC14A1, SLC14A2, SLC5A7 and ovine HTT) in cohorts of animals 

with a range of ages, aimed to separate expression changes that were causal or consequential to 

the disease process. The assumption was that if mutant HTT is directly affecting transcription 

then this will be apparent from birth. The analysis indicated that the selected liver genes of 

interest are not altered in the younger cohorts of animals (below 5 years old) at the nominal level 

of significance. This approach was limited by the small numbers of animals at each time point. 



 

210 

 

However, after visualising the graphical representation of the data, TSPAN15 transcription 

appeared to be consistently lower in the OVT73 animals compared to controls, although this 

only reached significance in the 5-year-old cohort (refer to Figure 5.5). The exact function of 

this protein is undetermined, and so its low expression in the OVT73 liver, which is potentially 

differential from birth, warrants further investigation. The multiple-ages analysis also confirmed 

that the expression levels of some liver genes are differentially correlated with age, between 

OVT73 and control animals. The expressions of POMT2 and USP5 are both significantly 

positively correlated with age in the OVT73 liver, but not the control liver. This may suggest 

that their differential expression in OVT73 advances with time, as the disease process 

progresses. This hypothesis implies that the two genes are responding in consequence to 

detrimental events accumulating in the OVT73 liver.  

Correlation analyses of the liver RNAseq data revealed an interesting differential association 

between transcription of VPS13D and SAE1. Using the exCorr package, transcription of the two 

genes were found to be significantly negatively correlated in control livers. This association was 

completely reversed in OVT73 sheep liver, with a significantly positive correlation in the 

transcription of the two genes. This demonstrates a complete disruption in their normal 

functioning. A direct link between VPS13D and SAE1 could not be identified, however, the 

protein encoding VPS13D has been implicated in childhood onset movement disorders, 

neurological disorders and a mitochondrial dysfunction (Anding et al. 2018, Gauthier et al. 

2018, Seong et al. 2018). Thus, a significant upregulation in the expression of this gene in the 

OVT73 liver should be further investigated in the context of HD.  

With the discovery of alterations in transcription of urea cycle genes in the OVT73 model liver, 

the next logical step was to try to find a direct connection between the urea cycle and mutant 

huntingtin. Thus, the next experimental phase was the investigation of HTT in the HepaRG 

human hepatocyte cell line, continuing with the hypothesis that there is a disruption of the urea 

cycle in the liver of HD patients. 

7.2.5 Functional studies in the human HepaRG hepatocyte cell line 

confirm the hypothesis that the urea cycle is implicated in HD.  

After the discovery of altered transcription of two key urea cycle genes in the OVT73 liver the 

next step was to establish a functional link between huntingtin (both mutant and wild type) and 

the urea pathway in hepatocytes. The immediate aim was to see if the production of urea and/or 

ammonia was affected by manipulating huntingtin expression. The cell line chosen was 

HepaRG, a human hepatocyte cell line extensively characterised and commonly used for drug 
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toxicology studies. The first experiment was the targeted knockdown of the endogenous HTT 

using dsRNAi and the second experiment involved the transfection of a plasmid expression 

vector containing the full length human HTT gene with an expanded repeat size of 46.  

The knockdown experiment tested a dominant loss of function hypothesis, where a mutant allele 

either through interference, possibly by competitive binding, inactivates huntingtin function. In 

contrast, the plasmid transfection experiment tested the dominant gain of function hypothesis of 

HD. Measurement of urea and, importantly, ammonia in media and cell lysates using 

commercially available Abcam assays provided a straightforward tool for the investigation of 

HTT involvement in the urea cycle pathway. An initial ‘supplementation experiment’ 

comparing the use of L-glutamine and GlutaMAX in HepaRG culture media, demonstrated the 

presence of an intact urea cycle in the cell line, due to the expected increase in ammonia and 

urea levels when L-glutamine (spontaneous degradation into ammonia) was used over 

GlutaMAX (refer to Figure 6.1). 

Testing the dominant loss of function hypothesis, knockdown of wild-type HTT mRNA in 

HepaRG cells to approximately 20 % of the wild-type levels, resulted in a significant increase 

in intracellular ammonia (1.4-fold) and decrease in intracellular urea (1.6-fold), after only a 48-

hour period post-transfection (refer to Figure 6.5). This anticipated, but still surprising finding 

suggests that silencing of the HTT gene, interferes with the conversion of ammonia to urea. The 

result of this experiment is analogous to that seen in the urea cycle disorders. They are caused 

by mutations in one of the urea cycle genes that leads to hyperammonemia through inefficient 

ammonia detoxification in the liver (Leonard & Morris 2002). A subsequent increase in the 

concentration of toxic ammonia in the brain results in the neurological symptoms described 

(Gropman et al. 2007).  

We now have substantial evidence that the wild-type Htt protein is directly involved in 

regulation of the urea cycle in the hepatocyte cell line, and quite possibly the HD liver. To 

investigate whether mutant huntingtin is also involved in this pathway (testing the dominant 

gain of function hypothesis), HepaRG cells were transfected with the HD113Q expression 

plasmid (containing full-length human HTT cDNA with an expanded repeat of 46 units). The 

transcription level of HTT was increased by 75 % following mHTT plasmid transfection. 

Remarkably, the presence of mutant HTT also perturbed the urea cycle pathway, resulting in 

significantly lower levels of urea in cell lysates, but no change in ammonia levels after 48 hours 

(refer to Figure 6.7). This result provides evidence for the dominant function of mutant 

huntingtin even on a background expression of two wild-type alleles. Although in this 

experiment there is no evidence for a “backlog” of unprocessed ammonia, which is interesting 
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as the production of urea is clearly perturbed. The absence of an increase in ammonia suggests 

that the ammonia may be being incorporated into another urea cycle intermediate. The 

observations along with the decreased transcription of ASL and NAGS in the OVT73 liver, points 

towards huntingtin playing a role in in urea cycle function, with the mutant form acting in a 

related but different manner from the absence or reduction of the wild-type protein. The results 

suggest that both wild-type and mutant huntingtin affect the expression of multiple urea cycle 

enzymes. 

To further investigate the transcriptional consequences of the HTT knockdown and 

overexpression experiments, qPCR assays were performed on RNA harvested from the HTT-

manipulated HepaRG cells, targeting urea cycle and other key genes. The transfection 

experiments were done in triplicate but despite the small sample number (3 versus 3), the 

transcription level of SLC14A1, (a urea transporter), was significantly decreased in both the HTT 

knockdown and mHTT overexpressed HepaRG cells. This makes sense as the urea levels were 

reduced by both the HTT knockdown and mHTT overexpression experiments. This suggests 

that SLC14A1 transcription is responsive to urea concentration. This was already presumed 

based on the previously published human and OVT73 data (Handley et al. 2017), but not proven. 

Although not reaching the threshold for significance with the current data, GLS expression 

appeared to be higher in the HTT knockdown and lower in mHTT overexpressed experiments. 

It is clear that this work needs to be repeated with a larger number of replicates. However, HTT 

knockdown in HepaRG cells resulted in increased levels of intracellular ammonia. Thus, 

increased GLS expression, which encodes glutaminase and catalyses the hydrolysis of glutamine 

to glutamate and ammonia, could account for the elevated ammonia observed in HTT 

knockdown cells. This is also consistent with the original glutamine ‘supplementation’ HepaRG 

experiments (which drives ammonia synthesis). Concordantly, mHTT overexpressed HepaRG 

cells had relatively lower levels of ammonia (although not significant at the nominal level) and 

decreased GLS expression. These gene expression changes occurred after just 48 hours post-

transfection, indicating that HTT manipulation has an acute effect on cellular processes. The 

expression levels of other quantified urea cycle genes, ASL and ASS1, were unchanged, 

indicating that they are not disrupted at the transcriptional level. However, high throughput 

methods such as RNAseq, may provide us with greater insight into HTT manipulated liver cells, 

as described in section 7.4.1.  
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7.2.6 Thoughts and conclusions from thesis results 

Transcriptomic changes directly implicating a dysfunctional liver and urea cycle in HD have 

been observed in the OVT73 model, with supportive findings being identified in the HD mouse 

and human striatum. In addition, robust correlations between specific gene expression in the 

urea cycle and the length of the expanded HTT CAG repeat in mouse and human, suggest that 

they play direct roles in HD pathogenesis. Elevated urea has also been detected in the OVT73 

and post-mortem HD brains, at levels that would have neurotoxic effects (Patassini et al. 2015, 

Handley et al. 2017). However, it is unclear whether these urea cycle alterations initially 

originate within the brain, or the brain is processing ammonia into urea, or accumulating urea 

from a peripheral source. The quantification of transcription by RNA sequencing of the OVT73 

liver provides direct evidence for a urea cycle dysfunction in this model. It can be speculated 

that the decrease in OVT73 ASL and NAGS expression in liver leads to a decrease in urea 

production and a subsequent increase in systemic concentration of ammonia. Since the 

difference between OVT73 and control animals is the presence of a mHTT human transgene we 

can conclude that the urea dysfunction is disease related.  This is consistent with the findings 

from functional studies in the human HepaRG cell line, whereby manipulation of HTT 

expression resulted in a decrease in urea synthesis. These results also suggest that ammonia or 

another nitrogen-containing urea cycle intermediate is building up in a HTT-manipulated liver 

and may lead to a hyperammonemic phenotype in vivo. An interesting conundrum is that both a 

knockdown in wild-type HTT and overexpression of mHTT result in urea cycle changes in a 

cell culture model.  

As described above, disruption in the urea cycle through mutations in one of the urea cycle genes 

results in accumulation of ammonia to toxic levels, leading to hyperammonemia and conditions 

with a neurological phenotype. This is because circulating ammonia is able to cross the blood 

brain barrier. If this occurs in HD, it could be sufficient to cause the neuropathological symptoms 

that are characteristic of the disease.  

Importantly, brain-derived glutamine synthetase is located primarily, if not exclusively, in 

astrocytes (Martinez-Hernandez et al. 1977, Norenberg & Martinez-Hernandez 1979). 

Astrocytic processes surround capillaries and form part of the neurovascular unit (Brusilow et 

al. 2010). Thus, glutamine synthetase is strategically positioned to efficiently metabolise and 

trap ammonia entering the brain from blood and CSF, offering short-term buffering of excess 

ammonia in patients with hyperammonemia. This phenomena has been shown in tracer studies 

with [13N] ammonia in the rat (Cooper et al. 1979, Cooper et al. 1985, Okada et al. 2009). 

Concordantly, increased levels of glutamate and/or glutamine has been described in the striatum 
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of pre-symptomatic HD patients without striatal atrophy (Taylor-Robinson et al. 1994), proving 

further evidence that the glutamate-glutamine pathway is disrupted early in the disease process. 

A ‘Trojan horse’ theory has been proposed to account for ammonia neurotoxicity (Albrecht & 

Norenberg 2006). The theory suggests that much of the newly synthesised glutamine (produced 

in astrocytes via GS to remove toxic ammonia) is subsequently metabolised in the mitochondria 

by phosphate-activated glutaminase, yielding glutamate and ammonia. Thus, glutamine (the 

Trojan horse) effectively transports excess ammonia into the mitochondria of astrocytes. 

Glutamine-derived ammonia within the mitochondria has the potential to interfere with 

mitochondrial function, giving rise to the production of free radicals and induction of the 

mitochondrial permeability transition (MPT) (Albrecht & Norenberg 2006). These phenomena 

are known to induce astrocyte dysfunction and cell swelling (Haussinger et al. 2000) and could 

partially explain the cellular energy deficit described in HD (Seong et al. 2005).  

Interestingly, historical research on peripheral tissues in HD, reviewed in (Beverstock 1984), 

demonstrated the effects of amino acid supplementation on HD-derived fibroblast cells, 

revealing that the addition of glutamine but not glutamate, produced an adverse effect on cell 

morphology and number (Tourian & Hung 1977). The morphological changes in HD fibroblasts 

were indicative of glutamine toxicity (Tourian & Hung 1979).  

7.3. Considering HD as a peripheral disease 

Expression of the huntingtin protein is ubiquitous, with relatively high expression in the brain, 

liver and testes (http://www.gtexportal.org/home/gene/HTT, 

http://www.proteinatlas.org/ENSG00000197386-HTT/tissue). In addition to the well-

characterised striatal neuropathology that underlies the symptoms of HD, are several peripheral 

manifestations, including weight loss and increased pro-inflammatory signalling. The 

importance of these peripheral alterations to the development of the neurological phenotype is 

unclear and their implication in the pathophysiological processes of HD is only very recently 

being considered (van der Burg et al. 2009, Carroll et al. 2015).  

As previously described, weight loss in HD patients is evident from onset (Djousse et al. 2002), 

despite increased caloric intake (Trejo et al. 2004, Mochel et al. 2007) and the rate of weight 

loss has been shown to increase with higher CAG repeat number (Aziz et al. 2008). This 

phenomenon is thought to be caused by a cellular energy deficit that is regulated by the 

polyglutamine tract in the huntingtin protein (Seong et al. 2005). Metabolite analysis of blood 

serum samples from transgenic mice and HD human cases reveal altered levels of aliphatic 

http://www.gtexportal.org/home/gene/HTT
http://www.proteinatlas.org/ENSG00000197386-HTT/tissue


 

215 

 

amino acids and markers of fatty acid breakdown (Underwood et al. 2006), which is also 

indicative of a hyper-regulated metabolic state.  

Additional systemic phenotypes of HD have also been described. Peripheral inflammation is 

thought to contribute to the neurological symptoms, with pre-symptomatic mutation carriers 

having increased concentrations of circulating pro-inflammatory chemokines (Wild et al. 2011) 

and other cytokines (Bjorkqvist et al. 2008). Systemic tryptophan metabolism is also altered in 

patients with HD (Stoy et al. 2005) and has been proposed to cause neurotoxicity through the 

accumulation of subsequent metabolites via the kynurenine pathway. Pathological changes in 

skeletal muscle, notably the wasting of skeletal muscle, is another hallmark of HD (Farrer & 

Meaney 1985, Ribchester et al. 2004).  

Together, these non-neuronal abnormalities are very likely to contribute to the symptoms of HD 

and cannot be separated from involvement in the subsequent neurological damage. These 

peripheral observations occur before signs of neurodegeneration and may be active from birth. 

Thus, it is entirely plausible that mutant huntingtin disrupts systemic functions initially, with the 

neurological phenotypes occurring in consequence to the peripheral disruptions.  Since the 

refined focus of this thesis work became the implications of a dysfunctional urea cycle in HD, 

the literature was searched for any previously made observations of the potential effect of mutant 

huntingtin in the liver.   

7.3.1 Has evidence for a liver dysfunction in HD been overlooked? 

Indeed an extensive literature search revealed that the liver had already caught the attention of 

HD researchers, even prior to the isolation of the gene. These studies, which were conducted on 

liver biopsies taken from living HD patients, describe morphological changes that were 

suggested by the authors to potentially cause a disturbance in liver function (Bolt & Lewis 1973, 

Chiu et al. 1975). Histological changes in the HD liver were characterised by “pleomorphism 

and anisocytosis of the hepatocytes with a relative increase in the number of cells showing 

mitotic figures” (Bolt & Lewis 1973). They suggest that the hepatocytes have a shortened 

survival time “but because of the liver's regenerative capacity a fall in hepatic cell mass only 

occurs late in the disease” (Bolt & Lewis 1973). This evidence, which concludes that livers from 

HD cases are morphologically altered, was collected over 43 years ago. To the best of our 

knowledge, there have been no further reports on human HD liver sampling since then. 

Huntingtin aggregates have been found in HD mouse peripheral tissues, including the liver 

(Sathasivam et al. 1999, Tanaka et al. 2004, Moffitt et al. 2009). Thus, it is plausible that 
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peripheral mutant Htt inclusions may also be a pathological feature of the human disease, and 

potentially cause a dysfunction in peripheral organs, including liver. A general dysfunctional in 

the liver may even be capable of triggering hyperammonemia. 

Mitochondrial dysfunction and an increase in reactive oxygen species are key features in HD 

pathology (Quintanilla & Johnson 2009). Interestingly, a study using isolated mouse liver 

mitochondria demonstrated that mutant huntingtin, but not wild-type, could directly induce 

mitochondrial permeability transition (MPT) pore opening (Choo et al. 2004). Importantly, the 

presence of mutant huntingtin significantly decreased the Ca2+ threshold necessary to trigger 

MPT pore opening. The study also demonstrated that liver mitochondria isolated from a knock-

in HD mouse model had an increased susceptibility to calcium-induced MPT (Choo et al. 2004). 

The liver is metabolically active and requires continuous synthesis of ATP. Thus, hepatocytes 

contain a relatively high density of mitochondria compared to other cells. As such, 

mitochondrial disorders often target liver function, resulting in symptoms that range from 

lethargy and hypotonia to neurologic deterioration (Lee & Sokol 2007).  As stated earlier in this 

thesis, the Methyl-13C-methionine breath test (MeBT) has recently been used to assess liver 

function in human HD patients, in vivo (Stuwe et al. 2013, Hoffmann et al. 2014), demonstrating 

that both manifest and pre-manifest HD patient’s exhibit progressive hepatic mitochondrial 

dysfunction. Both studies concluded that HD patients have less active liver mitochondria, with 

evidence to suggest that deterioration of hepatic mitochondrial function correlates with disease 

progression.  

Somatic CAG repeat instability is relatively increased in the HD striatum and liver, as 

demonstrated in a knock-in mouse model (Lee et al. 2011). Within the liver, CAG repeats are 

highly enriched in polyploid hepatocytes, having longer CAG repeats compared to haploid 

hepatocytes, suggesting that the pattern of liver repeat instability is restricted to this cell type. 

Polyploidy is a common feature of hepatocytes. It arises when diploid hepatocytes undergo 

failed cytokinesis, generating the polyploid cells (Duncan 2013). As described above, there is 

transcriptomic and morphological evidence that suggests the liver in HD cases is undergoing an 

increased rate of regeneration. Therefore, it makes sense that continuously dividing cells have 

more opportunity for errors in replication and hence experience more repeat instability. Somatic 

CAG repeat instability is a pathogenic mechanism in HD and has even been postulated as a 

requirement for disease onset (Bettencourt et al. 2016). 
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7.3.2 A direct link between HTT and urea cycle function through 

C/EBPα and CBP 

A potential mechanistic link between mutant HTT and the urea cycle disruption in HD comes 

from the proven physical interaction between HTT and C/EBP (Chiang et al. 2007). The R6/2 

and Hdh(CAG150) mouse models of HD both have significantly elevated levels of blood 

ammonia and blood citrulline, compared to their wild-type controls (Chiang et al. 2007). These 

differences were identified in pre-symptomatic mice, before any deterioration of motor 

coordination. In addition, levels of ASS1, ASL and ARG2 were significantly reduced in the livers 

of R6/2 mice, while Ornithine Carbamoyltransferase (OTC) expression was significantly higher 

(Chiang et al. 2007). Interestingly, R6/2 mice fed low protein diets (LPD) demonstrated reduced 

levels of blood ammonia and citrulline, improved motor coordination, a reduction in liver and 

striatum -specific Htt aggregates, and a reversal in ASS1 and ASL gene suppression, compared 

to R6/2 mice fed controlled diets (CON) (Chiang et al. 2007). Of course this data needs to be 

interpreted with caution as the R6/2 is a fragment model, expressing only exon 1 of HTT. 

The CCAAT/enhancer binding protein (C/EBP) transcription factor family is a master regulator 

of urea cycle gene expression and consequently ammonia detoxification (Kimura et al. 1998). 

C/EBP is known to bind to upstream elements of CPS1 (Howell et al. 1989), OTC (Nishiyori et 

al. 1994), ARG (Takiguchi & Mori 1991) and ASL (Matsubasa et al. 1994). C/EBPα was the 

first discovered member of the C/EBP family (Landschulz et al. 1988) and is most enriched in 

the liver and adipose tissues (Birkenmeier et al. 1989). Consistent with its role as a master 

regulator of the urea cycle, C/EBPα-deficient mice exhibit hyperammonemia as well as 

hypoglycaemia and have decreased mRNA and protein levels of various urea cycle enzymes 

(Kimura et al. 1998). In addition, homozygous C/EBPα mutant mice do not store hepatic 

glycogen and die from hypoglycaemia within 8 hours after birth (Wang et al. 1995). Another 

study described how the C/EBPα mutant mice have defects in the control of hepatic growth, a 

disturbed liver architecture with impaired glycogen and lipid storage (Flodby et al. 1996). 

Contrastingly, overexpression of C/EBPα in hepatocytes has been shown to enhance hepatocyte 

function, through increased transcription of urea cycle genes and subsequently the increased 

production of urea (Tan et al. 2007). Therefore, C/EBPα functions as a regulator in the urea 

cycle pathway, coordination both gluconeogenesis and urea synthesis.   

To investigate whether mutant HTT interferes with the urea cycle via C/EBPα, Chiang and 

colleagues expressed mHTT with an expanded CAG repeat of 109 in HepG2 cells (Chiang et 

al. 2007). They observed markedly reduced promoter activity of ASL, supporting the hypothesis 
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that a functional CCAAT site is located on the ASL promoter, and that C/EBPα is involved in 

mHTT-evoked suppression of the ASL gene. Further experimental analyses deduced that 

C/EBPα binds to the ASL CCAAT promoter site along with its cofactor, CREB binding protein 

(CBP). Under the influence of mHTT, CBP was no longer bound to the ASL promoter, while 

C/EBPα remained bound. It is tempting to speculate that since CBP is a critical cofactor for 

C/EBPα modulated transcription activity, the loss of CBP is the likely cause of reduced liver 

ASL expression in R6/2 HD mice. There is a large amount of evidence demonstrating a 

relationship between CBP and HTT. It has even been proposed that sequestration of CBP into 

mutant huntingtin aggregates may play a significant role in the pathogenic process, through 

inhibition of CBP-mediated transcription (Steffan et al. 2000, Cong et al. 2005, Jiang et al. 

2006). It could be postulated that the reduced expression of ASL (and potentially NAGS) in the 

OVT73 sheep liver, could be a result of the failure of the C/EBPα - CBP mechanism.   

7.3.3 A coalescence of how the findings in this thesis may equate with 

HTT control of transcription and the urea cycle.  

Findings presented in this thesis suggest a ‘dominant gain of loss of function’ mechanism of HD 

pathogenesis. That is, the expanded repeat in the mutant huntingtin allele confers a loss of 

function (e.g. loss of transcription factor (TF) regulation) that is dominant over the normal 

function of the wild-type allele. This could be through preferential binding of the TF or substrate, 

or inhibition of the wild-type allele. This ‘dominant gain of loss of function’ mechanism is 

different from a classic ‘dominant negative’ mechanism, in that the dominant toxic effect of 

mutant HTT removes the function of wild-type HTT too. This mechanism could explain why 

one mutant HTT allele has the same effect as two mutant alleles; in both cases the function of 

the wild-type is lost. 

The HepaRG cell culture studies concluded that both wild-type HTT knockdown and mHTT 

overexpression result in a decrease in urea synthesis, suggestive of a urea cycle dysfunction. 

This is consistent with the HTT - C/EBPα - CBP mechanism described above. Loss of wild-type 

HTT would equate to a reduction in normal HTT functioning, reducing recruitment of CBP and 

C/EBPα to the promoter regions of urea cycle genes, and subsequently reduce transcription of 

those genes that are required for urea production. Similarly, in keeping with the ‘dominant gain 

of loss of function’ theory, overexpression of mHTT would result in a reduction in wild-type 

HTT functioning, either through direct inhibition of the wild-type allele or through dominant 

activity of the mutant allele, which is inefficient compared to the wild-type version. Hence, 

transcriptional dysregulation of the urea cycle genes would occur in the liver. This is consistent 



 

219 

 

with the OVT73 liver findings, whereby ASL (known to contain a CCAAT promoter site) and 

NAGS (potentially containing a CCAAT promoter site) are downregulated in the transgenic 

model. 

Dysregulation of these urea cycle genes in the liver would result in a decrease in urea production 

and an increase in ammonia concentration and/or various urea cycle intermediates. Elevated 

ammonia was observed in the HepaRG HTT knockdown cells, but was not significantly different 

in the mHTT overexpressed cells. In both cases, we can assume that nitrogenous waste 

components (most notably highly toxic ammonia) would accumulate in the liver and within an 

in vivo system, as a result of the dysfunctional urea cycle and inefficient excretion of urea or 

acceleration of urea production.  

During the course of this thesis work, elevated brain urea was reported in the HD OVT73 and 

human brain (Patassini et al. 2015, Handley et al. 2017). Results from this thesis postulate the 

liver as the source of elevated brain urea, through mutant huntingtin-induced urea cycle 

dysfunction. Accumulation of liver-derived ammonia and/or urea cycle metabolites would move 

through the body systemically, readily passing through the blood brain barrier into the brain. In 

the hypothesis presented here, ammonia would interfere with the glutamate-glutamine pathway 

and be a direct cause of neuropathological symptoms. Perhaps urea is synthesised in the brain 

through an intact brain urea cycle or an unknown alternative pathway. Indeed, investigation of 

other HD databases in Chapter 5 of this thesis led to the discovery that human and mouse urea 

cycle gene expression in the brain is proportional to mHTT CAG repeat length. This is an 

astonishing finding in the context of HD. Repeat length is a great differentiator between merely 

association, and highly likely to be involved in disease causation. Thus, the results indicate that 

the size of the mutated CAG repeat directly confers some sort of transcriptional regulation of 

urea cycle gene expression, and may exacerbate the phenotype. Therefore, the elevated 

SLC14A1 observation made in the OVT73 and human HD brain (Hodges et al. 2006, Handley 

et al. 2017), is likely to be in consequence to elevated urea levels, and not a cause of it.  

Huntington’s disease is a process that occurs over a lifetime, with an age at motor onset that is 

proportional to the mutated CAG repeat length. I postulate that there is a urea cycle disruption 

in HD, originating in the liver, and resulting in a systemic accumulation of ammonia. A 

hyperammonemic phenotype will progress over the lifetime of a HD individual, until it reaches 

a threshold whereby the neurological symptoms will present. This urea cycle dysfunction is 

likely to be linked to CAG repeat length, resulting in ammonia accumulating sooner in 

individuals at the higher end of the CAG continuum. This could explain why neurological 
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symptoms are not observed until later in life, as HD potentially originates as a metabolic 

dysfunction prior to symptom onset. 

7.3.4 Potential peripheral HD therapeutic routes for investigation  

As described in section 1.6 there are no current therapeutics that can delay the onset of HD or 

slow down its progression. Promising drugs that are presently under investigation, aim to reduce 

expression of HTT at the mRNA or protein level. During the course of this thesis, a press-release 

announced dose-dependent reductions of the mutant huntingtin protein in HD patients, as part 

of the HTTRx Phase /2a study (van Roon-Mom et al. 2018). This drug is administered 

intrathecally so it can cross the BBB, however targeting peripheral tissues has not been 

considered with this approach. This method also assumes that knocking down the expression of 

both mutant and wild-type alleles will not cause other problems.  

The research presented in this thesis provides compelling evidence for a urea cycle dysfunction 

in Huntington’s disease, and strongly indicates the consideration of peripheral targets for HD 

therapy. Protein restricted diets have been shown to ameliorate the symptoms of urea cycle 

deficiency (Leonard 2001), and have proven successful in HD mouse models (Chiang et al. 

2007). The following section focuses on treatments that can be used to alleviate urea cycle 

perturbation and improve liver function.  

Previous research has shown that neurological disorders that involve ammonia accumulation, 

such as in UCDs, can be well-managed by low-protein diets (Leonard 2001) and therapies such 

as sodium phenylbutyrate (Leonard & Morris 2002, Iannitti & Palmieri 2011). Sodium 

phenylbutyrate breaks down into metabolites that offer an alternative pathway to the urea cycle, 

allowing the excretion of excess nitrogen. Interestingly, sodium phenylbutyrate has been 

previously used as an experimental treatment for HD (Moumné et al. 2013) but for its function 

as a histone deacetylase inhibitor (HDACi) rather than a UCD treatment. Treatment with sodium 

phenylbutyrate demonstrated improved behavioural performance and increased neuronal 

survival in several HD mouse models (Ferrante et al. 2003, Gardian et al. 2005). In addition, a 

trial testing sodium phenylbutyrate in human HD patients has been conducted, demonstrating 

that it was safe and well-tolerated in humans (Hogarth et al. 2007). However, the study was 

discontinued for not meeting clinical endpoints. None of these studies assessed the effects of 

sodium phenylbutyrate on urea cycle function. Further analyses or longer term use of this drug 

may have shown additional benefits in the reversal of a potential urea cycle dysfunction. Other 

treatments for the UCDs that may be effective in the treatment of HD include sodium benzoate 
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and arginine supplementation (Leonard & Morris 2002), which also facilitate the excretion of 

excess nitrogen through alternate pathways. 

Another existing drug, Metformin, which is commonly used to treat type 2 diabetes, has also 

been shown to regulate ammonia homeostasis (Gil et al. 2018). Metformin protects cirrhotic 

patients against hepatic encephalopathy through the inhibition of GLS (glutaminase) activity and 

subsequent modulation of glutamine metabolism. Therefore, assuming our urea cycle hypothesis 

is correct, Metformin could be used to inhibit GLS in HD patients, minimising the synthesis of 

ammonia in the brain. The enzyme that causes the reverse reaction, astrocyte-derived glutamine 

synthetase (GS) is pivotal in health and disease (Rose et al. 2013) and functions to detoxify brain 

ammonia. The use of a glutamine synthetase inhibitor has also been postulated as a therapeutic 

option to treat hyperammonemia through reduction of glutamine (the cause of astrocytic 

swelling) (Brusilow et al. 2010). However, its effect on the subsequent accumulation of 

ammonia may be to its detriment. 

Liver transplantations have been used to treat patients with UCDs (Whitington et al. 1998, 

Leonard & McKiernan 2004) and other inborn errors of metabolism (McKiernan 2013). 

Theoretically, liver transplantation should eliminate the hepatic and peripheral consequences of 

any liver-derived disorder. Indeed, liver transplantation corrects the hyperammonemic 

phenotype observed in patients with UCDs, with correlated neurological outcomes (Leonard & 

McKiernan 2004). Therefore, a liver transplant could be used to treat a HD patient presenting 

with hyperammonemia, however, this assumes that the disease is confined to the liver and does 

not originate in any other tissues. Additionally, liver transplantation to treat HD-associated 

symptoms should be performed as soon as possible and before disease onset, to minimise 

potentially catastrophic and irreversible phenotypes. 

7.4. Future Directions 

7.4.1 Further investigation of HTT associated urea cycle dysfunction 

in HepaRG cells 

Functional studies of the urea cycle in the HepaRG cell line, as described in Chapter 6, 

demonstrated a clear relationship between the HTT gene and urea synthesis. To investigate the 

relationship further and gain a better understanding of transcriptional regulation of HepaRG 

cells after HTT-manipulation, RNA from the original HTT knockdown and mHTT 

overexpression experiments could undergo RNA sequencing. This would provide us with 
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accurate gene expression data from the whole liver cell line transcriptome and may even reveal 

gene expression changes in lowly expressed genes (i.e. NAGS and RHCG) if sequenced at high 

depth. As with SLC14A1, we would expect expression of the ammonium transporter, RHCG, to 

correlate with ammonia levels in the HTT-manipulated HepaRG cells. This high-throughput 

analysis may reveal additional gene expression changes that reinforce the hypothesis for a urea 

cycle disruption and/or liver dysfunction in HD. 

In addition, a C/EBPα and or CBP knockdown experiment could be performed in the HepaRG 

cell line, in conjunction with HTT knockdown or mHTT overexpression, to assess the C/EBPα-

CBP-HTT relationship described by (Chiang et al. 2007). As described in section 7.3.2, 

knockdown of C/EBPα (and potentially CBP) leads to an accumulation in ammonia, as a result 

of inefficient transcription of the urea cycle genes. We would expect additional HTT knockdown 

and/or mHTT overexpression to exacerbate the hyperammonemic phenotype in HepaRG cells. 

This would provide further evidence to support a HTT-mediated urea cycle dysfunction in the 

liver.  

7.4.2 Investigate liver function and the urea cycle in living OVT73 

animals 

The South Australian Research and Development Institute has multiple cohorts of living OVT73 

and control sheep of different ages, for ongoing research. Liver function and the urea cycle could 

be further investigated in these animals, to confirm the presence of a urea cycle perturbation that 

originates in the liver. Measurement of blood/plasma ammonia is challenging because of its 

relatively low concentration, the risk of environmental contamination and the possibility of 

ammonia formation from endogenous metabolites in stored samples. However, being able to 

determine the relative concentration of ammonia in a cohort of OVT73 and control animals, 

before degradation of the ammonia in samples, will provide conclusive evidence for a systemic 

hyperammonemic phenotype. Additionally, the Methyl-13C-methionine breath test is emerging 

as a non-invasive diagnostic tool for neurodegenerative diseases (Subramaniam et al. 2018) and 

could be used to assess liver function (in the form of hepatic mitochondrial function) in the 

OVT73 sheep. 

To test the OVT73 models’ responsiveness of the urea cycle, a ‘feeding challenge’ could be 

undertaken. High and low protein supplemented diets (HPD and LPD, respectively) could be 

fed to OVT73 animals, with assessment of subsequent ammonia and urea production in blood 

using biochemical assays. If the urea cycle is compromised in the OVT73 sheep, the expectation 

is that there will be a differential response between OVT73 and control ammonia/urea 
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production, and OVT73 fed a HPD compared to OVT73 fed a LPD. We would expect the HPD 

to increase urea production (i.e. exacerbate urea phenotype), while the LPD may somewhat 

restore the phenotype, as suggested by (Chiang et al. 2007). After a washout, we could then 

attempt to treat the OVT73 sheep with a therapeutic that restores urea cycle function, such as 

sodium phenylbutyrate with escalating doses.  

In addition, the possibility of using liver transplantation to mitigate Huntington’s disease could 

also be investigated in these animals. This could be used to validate or refute the hypothesis that 

the expression of mutant HTT in the liver contributes to a urea cycle disruption, and subsequent 

downstream phenotypes such as elevated brain urea. Since livers from control sheep would only 

express wild-type HTT, we could hypothesise that their transplantation into OVT73 would 

rescue the transgenic animal from developing a urea cycle disruption. Similarly, we would 

hypothesise that transplantation of OVT73 livers into control animals may induce a urea cycle 

disruption in the controls, since they will now be expressing mutant HTT in their liver. This 

experiment would ultimately determine whether the contribution of the liver is necessary for the 

disease phenotype. 

7.4.3 Generate a modified HD sheep model with an exacerbated 

phenotype 

A recent and exciting development in HD research is the identification of genetic modifiers that 

induce somatic CAG repeat instability in the HTT gene, contributing to age at onset of HD 

(Bettencourt et al. 2016). Genetic variation in the DNA repair gene, FAN1, has been reported to 

hasten or delay age at onset by 6 or 1.4 years, respectively, via GWA analysis of a large human 

HD cohort (Genetic Modifiers of Huntington’s Disease (GeM-HD) Consortium et al. 2015, 

Bettencourt et al. 2016). This finding suggests that CAG repeat instability is a pathogenic 

mechanism in HD and may even be a requirement for disease onset.  

Investigating urea cycle function in the context of somatic repeat instability may provide the 

critical link in the proposed mechanism of HD pathogenesis. As previously described, repeat 

instability of the CAG repeat is particularly prevalent in the HD striatum and liver. However, 

ironically, the CAG repeat in the OVT73 model is very stable, only changing in length by 1-2 

units somatically (brain and liver) on transmission (Huntington's Disease Sheep Collaborative 

Research et al. 2013). Thus, somatic CAG repeat instability could be induced in the OVT73 

sheep model, via targeted knockdown of the FAN1 gene using CRISPR-Cas9 technology (Zhou 

et al. 2012, Lachaud et al. 2016). The expectation is that the newly modified OVT73 sheep will 

have enhanced somatic instability and therefore, and accelerated phenotype. It would be 
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interesting to examine liver and brain tissue from these animals for repeat instability and changes 

in their transcriptome. The new single cell RNAseq method (Tang et al. 2009) would be very 

useful in this analysis, as it would be able to distinguish between different cell types and repeat 

specific consequences in expression. As investigated using the mouse allelic series and human 

HD data in Chapter 4, effects on the expression of genes that are directly linked to the true 

mechanistic function of mHTT, will be proportional to repeat length. In addition, distinguishing 

between different cell types (hepatocytes, neurons, astrocytes etc.) will allow us to answer the 

question postulated in section 7.2.6, which hypothesises whether astrocytes are the source of 

urea production in the HD brain.  

7.5. Concluding remarks 

The research described in this thesis provides solid evidence for a urea cycle dysfunction 

contributing to Huntington’s disease pathogenesis. Transcriptomic analysis of the OVT73 liver 

suggests there is a deficiency in the transcription of enzymes involved in the urea pathway and 

indicates that the liver is undergoing regeneration at an increased rate. Further molecular 

analyses in the HepaRG cell line support the theory for a urea cycle disruption that is induced 

by direct manipulation of the HTT gene. These findings postulate that the elevated brain urea 

phenotype, as observed in OVT73 and human cases, has a source that originates in the liver. 

Since hyperammonemia can cause neuropathological symptoms, this disrupted pathway should 

be explored further. 

I propose that Huntington’s disease is a metabolic disorder that originates in the liver and is 

disrupted from birth. An accumulation of toxic metabolites over time (notably ammonia and 

urea), would eventually lead to the catastrophic neuropathy observed in the brains of patients 

with HD and the symptoms that present later in life. Expanded CAG repeat lengths induced by 

somatic instability, may exacerbate the metabolic disorder, accounting for the variation in age 

at motor onset. It is crucial to investigate this mechanism further and consider the urea cycle as 

a target for HD treatment. 
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