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Abstract
Untargeted	metabolomics	of	blood	samples	has	become	widely	applied	to	study	
metabolic	alterations	underpinning	disease	and	to	identify	biomarkers.	However,	
understanding	the	relevance	of	a	blood	metabolite	marker	can	be	challenging	if	
it	is	unknown	whether	it	reflects	the	concentration	in	relevant	tissues.	To	explore	
this	field,	metabolomic	and	lipidomic	profiles	of	plasma,	four	sites	of	adipose	tis-
sues	(ATs)	from	peripheral	or	central	depot,	two	sites	of	muscle	tissue,	and	liver	
tissue	from	a	group	of	nondiabetic	women	with	obesity	who	were	scheduled	to	
undergo	bariatric	surgery	(n = 21)	or	other	upper	GI	surgery	(n = 5),	were	meas-
ured	by	liquid	chromatography	coupled	with	mass	spectrometry.	Relationships	
between	 plasma	 and	 tissue	 profiles	 were	 examined	 using	 Pearson	 correlation	
analysis	subject	 to	Benjamini–	Hochberg	correction.	Plasma	metabolites	and	 li-
pids	showed	the	highest	number	of	significantly	positive	correlations	with	their	
corresponding	concentrations	in	liver	tissue,	including	lipid	species	of	ceramide,	
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1 	 | 	 INTRODUCTION

Untargeted	 metabolomics	 involves	 the	 comprehensive	
measurement	 of	 metabolites	 in	 a	 biological	 sample	 and	
has	 become	 an	 emerging	 tool	 for	 biomarker	 discovery	
and	 the	 understanding	 of	 metabolic	 alterations	 associ-
ated	with	diseases.1	Among	various	human	sample	types,	
plasma	and	serum	are	the	blood	compartments	which	are	
convenient	 and	 minimally	 invasive	 to	 obtain	 and	 there-
fore	widely	used	for	clinical	chemistry	diagnoses	and	risk	
screening.2	Blood	samples	contain	a	broad	range	of	me-
tabolites.	The	Human	Metabolome	Project	has	identified	
and	quantified	over	4200 metabolites	 in	human	serum.3	
The	 lipid	 composition	 in	 human	 plasma	 also	 contains	
remarkable	 diversity,	 with	 more	 than	 500  lipid	 species	
quantified.4	Given	the	rich	complexity	of	metabolites	can	
be	measured	in	blood,	correlating	the	circulating	metabo-
lomic	profile	with	phenotype	or	clinical	outcomes	can	be	
highly	informative	and	descriptive	of	many	health	issues.	
This	has	made	the	circulating	metabolites	important	tar-
gets	 in	 clinical	 studies.	 To	 date,	 metabolomics	 has	 been	
successfully	 applied	 to	 identify	 circulating	 markers	 that	
have	the	potential	to	diagnose	cardiometabolic	diseases	at	
an	 early	 stage	 or	 provide	 additional	 prognostic	 value.5–	8	
Metabolomic	profiling	of	blood	samples	has	also	provided	
a	systemic	snapshot	of	metabolic	alterations	under	patho-
physiological	 conditions,	 hence	 opening	 a	 window	 for	
mechanistic	 investigation	of	 the	underpinning	pathways	
during	disease	development.9	Despite	so,	a	major	limita-
tion	of	studying	the	blood	metabolome	is	that	it	may	pro-
vide	 little	 insight	 into	 tissue	 site-	specific	 abnormalities,	

which	 are	 usually	 more	 biologically	 relevant	 to	 disease	
pathogenesis.10

Tissues,	on	the	other	hand,	are	regions	where	diverse	
metabolic	 reactions	 take	 place.	 However,	 samples	 are	
more	 difficult	 to	 obtain	 for	 clinical	 studies	 due	 to	 the	
invasiveness	 of	 tissue	 collection	 procedures.	 Given	 the	
heterogeneity	of	 tissue	types,11,12	and	the	fact	 that	blood	
represents	a	dynamic	extracellular	pool	for	tissues/organs,	
a	 current	 gap	 in	 the	 clinical-	metabolomic	 research	 field	
is	 the	 absence	 of	 data	 identifying	 whether	 specific	 sets	
of	 plasma	 metabolites	 reflect	 the	 concentration	 of	 their	
counterparts	in	a	particular	tissue.	Whether	a	circulating	
candidate	marker	can	be	used	as	a	proxy	for	an	abnormal	
concentration	 of	 a	 corresponding	 tissue	 metabolite	 re-
mains	to	be	elucidated.

Only	 a	 few	 studies	 have	 investigated	 the	 relationship	
between	 concentrations	 of	 circulating	 metabolites	 and	
their	counterparts	in	different	tissue	types,	and	these	stud-
ies	 were	 conducted	 using	 targeted	 analyses,	 such	 as	 the	
profiling	of	free	fatty	acids	(FFAs),	acylcarnitines,	and	ste-
roid	hormones.13–	16	Data	on	other	metabolites	frequently	
reported	 to	 be	 associated	 with	 cardiometabolic	 diseases,	
such	as	ceramides,	sphingomyelins	(SMs),	phospholipids	
and	 ether-	linked	 phospholipids,	 branched-	chain	 amino	
acids	(BCAAs),	and	aromatic	AAs,	are	lacking.17–	19	To	the	
best	of	our	knowledge,	no	study	employing	an	untargeted	
metabolomics	approach	to	gain	a	wide	picture	of	the	re-
lationship	 between	 the	 metabolomic	 profile	 of	 human	
plasma	and	a	range	of	tissue	types	has	yet	been	conducted.	
Therefore,	the	primary	goal	of	the	present	study	is	to	pro-
vide	data	to	fill	this	gap.	Furthermore,	sites	of	tissue	types	

mono-		and	di-	hexosylceramide,	sphingomyelin,	phosphatidylcholine	(PC),	phos-
phatidylethanolamine	(PE),	lysophosphatidylethanolamine,	dimethyl	phosphati-
dylethanolamine,	 ether-	linked	 PC,	 ether-	linked	 PE,	 free	 fatty	 acid,	 cholesteryl	
ester,	diacylglycerol	and	triacylglycerol,	and	polar	metabolites	linked	to	several	
metabolic	functions	and	gut	microbial	metabolism.	Plasma	also	showed	signifi-
cantly	 positive	 correlations	 with	 muscle	 for	 several	 phospholipid	 species	 and	
polar	metabolites	 linked	to	metabolic	 functions	and	gut	microbial	metabolism,	
and	with	AT	 for	 several	 triacylglycerol	 species.	 In	conclusion,	plasma	metabo-
lomic	and	lipidomic	profiles	were	reflective	more	of	the	liver	profile	than	any	of	
the	muscle	or	AT	sites	examined	in	the	present	study.	Our	findings	highlighted	
the	importance	of	taking	into	consideration	the	metabolomic	relationship	of	vari-
ous	tissues	with	plasma	when	postulating	plasma	metabolites	marker	to	underly-
ing	mechanisms	occurring	in	a	specific	tissue.
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are	also	 important.	Adipose	 tissue	within	different	body	
depots	plays	different	roles	in	disease	pathogenesis,	con-
tributing	differently	to	cardiometabolic	risk,20	and	exhib-
iting	different	profiles	and	metabolic	activity.11,21,22	With	
such	 a	 high	 level	 of	 complexity,	 it	 is	 unknown	 whether	
there	 are	 inter-	depot	 differences	 in	 the	 metabolomic	 re-
lationship	between	plasma	and	various	 regional	adipose	
depots	(lower	body	subcutaneous,	upper	body	subcutane-
ous,	 and	 intra-	abdominal23).	 Likewise,	 different	 muscle	
tissue	sites	exhibit	different	functions	and	levels	of	activ-
ity.	It	is	also	of	interest	whether	muscle	tissue	of	different	
regions	and	functions	(locomotor	skeletal	muscle	vs.	pos-
tural	 abdominal	 muscle)	 display	 different	 metabolomic	
relationships	with	plasma.

To	 address	 these	 gaps,	 a	 detailed	 investigation	 of	 the	
relationship	between	plasma	and	multiple	AT	and	mus-
cle	sites	in	addition	to	liver	metabolites,	measured	by	two	
complementary	 liquid	 chromatography-	mass	 spectrom-
etry	 (LC-	MS)	 platforms	 in	 an	 untargeted	 manner,	 was	
carried	out.	The	aim	of	our	present	study	was	to	enhance	
the	interpretation	and	accelerate	the	translation	of	plasma	
candidate	markers	identified	by	a	metabolomics	approach	
into	useful	clinical	screening	tools.

2 	 | 	 METHODS

2.1	 |	 Study participants and samples

Women	with	obesity,	but	not	type	2	diabetes	(T2D),	were	
recruited	 from	 patients	 scheduled	 for	 laparoscopic	 bari-
atric	(weight	loss)	surgery,	mostly	sleeve	gastrectomy	but	
some	Roux-	on-	Y	bypass	(n = 21,	mean	body	mass	index,	
BMI  =  40.9  kg/m2)	 or	 general	 upper	 gastrointestinal	
(GI)	 surgery	 (n  =  5,	 mean	 BMI  =  38.6  kg/m2).	 All	 par-
ticipants	 were	 free	 of	 diagnosed	 cardiovascular	 or	 other	

metabolic	 disease	 and	 underwent	 surgery	 after	 an	 over-
night	 fast.	None	of	 the	participants	showed	evidence	for	
the	presence	of	 liver	disease	based	on	liver	 function	test	
(Table S1).	Participants	undergoing	bariatric	surgery	com-
pleted	a	14-	day	 low	energy	diet	 (LED,	4 MJ/day	 intake)	
in	 order	 to	 achieve	 ≥10%	 body	 weight	 loss	 prior	 to	 the	
surgery	and	hence	immediately	prior	to	the	collection	of	
blood	and	tissue	samples.	During	the	surgical	procedure,	
blood	samples,	biopsies	of	 four	AT	depots	considered	 to	
be	 either	 “safe”	 peripheral	 (subcutaneous	 thigh	 adipose	
tissue,	STA)	or	“risky”	central	(subcutaneous	abdominal	
adipose	 tissue,	 SAA;	 deep	 subcutaneous	 abdominal	 adi-
pose	tissue,	DSAA;	intra-	abdominal	adipose	tissue,	IAA),	
two	sites	of	muscle	tissue	(vastus	lateralis	muscle,	VLM;	
rectus	abdominis	muscle,	RAM)	and	 liver	 (wedge	of	 the	
right	lobe)	were	collected	(Figure 1).

Participants	 were	 recruited	 at	 Auckland	 City	
Hospital,	 Auckland,	 New	 Zealand.	 Informed	 writ-
ten	 consent	 was	 obtained	 at	 the	 Greenlane	 Clinical	
Centre	 or	 the	 University	 of	 Auckland	 Human	 Nutrition	
Unit	 (trial	 registration-	ACTRN12611000525987;	 ethics	
approval-	NTX/08/10/103).

2.2	 |	 Materials

All	 organic	 solvents	 for	 metabolite	 extraction,	 reconsti-
tution,	and	LC–	MS	analysis	(chloroform,	methanol,	ace-
tonitrile,	 isopropanol,	 and	 formic	 acid)	 were	 obtained	
from	Thermo	Fisher	Scientific	(Auckland,	New	Zealand)	
and	were	of	LC–	MS	grade	except	chloroform,	which	was	
of	analytical	grade.	Milli-	Q®	ultrapure	water	was	obtained	
from	Merck	Millipore	(Bedford,	MA,	USA).	Ammonium	
formate	 (Fluka™,	 HPLC	 grade)	 was	 obtained	 from	
Sigma-	Aldrich	 (Auckland,	 New	 Zealand).	 Lipid	 internal	
standard	 1-	palmitoyl(D31)-	2-	oleoyl-	sn-	glycero-	3-	phosp

F I G U R E  1  Schematic	of	the	location	of	sites	from	which	the	seven	tissue	samples	were	collected	for	metabolomics	analysis.
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hoethanolamine	 (16:0	 d31-	18:1-	PE)	 was	 purchased	 from	
Avanti®	 (Avanti	 Polar	 Lipids,	 Alabaster,	 AL,	 USA).	 The	
extraction	 solvent	 of	 chloroform/methanol	 (v/v,	 50:50)	
containing	 16  mg/L	 pre-	dissolved	 internal	 standards		
(d5-	L-	tryptophan,	 d4-	citric	 acid,	 d10-	leucine,	 d2-	tyrosine,	
d35-	stearic	 acid,	 d5-	benzoic	 acid,	 13C-	glucose,	 d7-	alanine)	
was	stored	at	−20°C.	A	modified	Folch	solution	(chloro-
form/methanol/water,	 v/v/v,	 66:33:1)	 containing	 0.01%	
(%w/v)	pre-	dissolved	16:0	d31-	18:1-	Phosphoethanolamine	
internal	standard	for	reconstitution	of	organic	extract	was	
also	stored	at	−20°C	freezer.	Acetonitrile/water	(v/v,	50:50)	
for	reconstitution	of	the	polar	extract	was	stored	at	4°C.

2.3	 |	 Metabolomics analysis

Metabolite	extraction	was	performed	with	100 µl	plasma	
or	25 mg	frozen	tissue	using	a	bi-	phasic	extraction	method	
previously	 described.24	 Briefly,	 tissue	 was	 homogenized	
in	800 µl	prechilled	extraction	solvent	with	a	single	bead	
per	 tube	 for	 2  ×  60  s	 at	 30  Hz,	 followed	 by	 addition	 of	
400  µl	 water,	 vortex-	mixing	 (2  ×  15  s)	 and	 centrifuga-
tion	(11 000 rpm,	4°C,	10 min).	The	plasma	samples	were	
mixed	with	800 µl	prechilled	extraction	solvent,	agitated	
for	30 s	and	placed	in	a	−20°C	freezer	for	60 min	to	allow	
protein	precipitation,	followed	by	addition	of	400 µl	water,	
vortex-	mixing	(2 × 15 s)	and	centrifugation	(11 000 rpm,	
4°C,	10 min).	Finally,	200 µl	of	 the	upper	aqueous	 layer	
and	200 µl	of	 the	bottom	organic	 layer	were	 transferred	
into	two	separate	2 ml	microcentrifuge	tubes	separately,	
evaporated	under	a	stream	of	nitrogen	and	stored	at	−80°C	
until	analysis.	All	remaining	upper	phase	or	lower	phase	
from	the	same	sample	type	were	combined	to	construct	an	
aqueous	or	organic	pool	respectively	for	each	sample	ma-
trix,	aliquoted	into	200 µl	and	evaporated	under	a	stream	
of	nitrogen	for	quality	control	(QC)	sample	construction.	
Blank	samples	were	prepared	following	the	same	protocol	
but	without	the	presence	of	tissue	or	plasma	samples.

On	 the	 day	 of	 analysis,	 dried	 extracts	 were	 reconsti-
tuted	in	an	appropriate	volume	of	reconstitution	solvent	
and	analyzed	as	previously	described.	Briefly,	dried	polar	
extracts	 were	 reconstituted	 in	 800  µl	 reconstitution	 sol-
vent,	separated	on	a	SeQuant®	ZIC®-	pHILIC	5 µm,	2.1 mm	
×	100 mm	column	(Merck,	Germany)	and	analyzed	by	a	
Thermo	LC–	MS	system	consisting	of	an	Accela	1250	qua-
ternary	 UHPLC	 pump	 coupled	 to	 an	 Exactive	 Orbitrap	
mass	 spectrometer	 (Thermo	 Fisher	 Scientific,	 Waltham,	
MA,	USA).	Samples	were	analyzed	in	both	positive	elec-
trospray	 ionization	 (ESI+)	 and	 negative	 electrospray	
ionization	(ESI−).	Dried	organic	extracts	(lipidome)	recon-
stituted	in	200 µl	(plasma),	400 µl	(liver),	800 µl	(muscle),	
and	2000 µl	(AT)	reconstitution	solvent	were	separated	on	
an	Acquity	CSH™	C18	column	1.7 µm,	2.1 mm	×	100 mm	

(Waters,	USA)	and	analyzed	by	a	Thermo	LC–	MS	system	
comprising	 an	 Accela	 1250	 quaternary	 UHPLC	 system	
coupled	to	a	Q	Exactive	hybrid	quadrupole-	Orbitrap	mass	
spectrometer	 (Thermo	 Fisher	 Scientific,	 Waltham,	 MA,	
USA)	using	both	ESI+	and	ESI−	modes.

Raw	 datafiles	 were	 converted	 to	 mzXML	 format	 with	
the	 ProteoWizard	 tool	 MSconvert	 (v	 3.0.181825)	 and	 pre-
processed	with	XCMS	(v3.0.2)	altogether	in	R	(v3.2.2)26 so	
that	 the	 feature	names	could	be	aligned	across	 the	differ-
ent	sample	types.	The	mega	data	matrix	was	then	divided	
into	subsets	based	on	sample	type	and	normalized	by	the	
same	sample	type	pooled	QC	in	the	W4M	Galaxy	environ-
ment.27	Blank	features	(defined	as	[nQC = 0],	or	[nQC ≠ 0,	
nBlank ≠ 0,	tstat < 1	and	p < .05	of	QC	over	Blank	generated	
by	 XCMS	 diffreport	 function])	 and	 non-	reproducible	 fea-
tures	(%	coefficient	of	variation	<30%	in	QC)	were	filtered	
out.	 Lipids	 were	 annotated	 using	 LipidSearch	 software	
v4.1.16	 on	 representative	 MS2	 datafiles	 (Thermo	 Fisher	
Scientific,	USA).	Polar	metabolites	were	annotated	using	an	
in-	house	library	based	on	authentic	standards	(AgResearch)	
analyzed	through	HILIC	LC–	MS	analysis	under	conditions	
identical	 to	 the	 current	 study.	 Unidentified	 features	 were	
searched	against	online	databases	including	HMDB	(http://
www.hmdb.ca/),	 Metlin	 (http://metlin.scrip	ps.edu/),	 and	
Lipid	Maps	(http://www.lipid	maps.org/)	based	on	m/z	with	
less	than	10 ppm	(for	lipid	features)	or	15 ppm	(for	polar	
metabolite	features)	mass	error.

2.4	 |	 Statistical analyses

To	justify	the	inclusion	of	samples	and	analysis	of	the	GI	
surgery	 group	 (n  =  5)	 with	 the	 bariatric	 surgery	 group	
(n = 21),	principal	component	analysis	(PCA)	was	carried	
out	(Figure S1).	One	DSAA	sample	from	the	GI	group	was	
identified	as	a	strong	outlier	for	both	the	polar	metabolites	
and	 lipids	 profile	 (Figure  S2),	 hence	 was	 excluded	 from	
the	subsequent	analysis.

For	each	ESI	mode	of	each	analytical	platform	(polar	
and	lipid),	data	analyses	were	performed	in	the	following	
four	steps:

1.	 A	 data	 matrix	 of	 paired	 plasma–	tissue	 profiles	 con-
taining	 annotated	 features	 common	 to	 both	 plasma	
and	 the	 tissue	 matrix	 (i.e.,	 non-	blank,	 reproducibly	
measured	 features)	 were	 constructed.	 Several	 par-
ticipants	 did	 not	 have	 all	 tissue	 sites	 collected	 and	
participants	 with	 a	 plasma	 sample	 collected	 but	 no	
tissue	 sampled	 were	 excluded	 from	 analysis	 for	 that	
specific	 plasma–	tissue	 matrix.	 A	 total	 number	 of	 22	
(STA),	 22	 (IAA),	 19	 (SAA),	 25	 (DSAA),	 20	 (VLM),	
19	 (RAM),	 and	 24	 (liver)	 datapoints	 were	 available	
for	 each	 plasma–	tissue	 data	 matrix.

http://www.hmdb.ca/
http://www.hmdb.ca/
http://metlin.scripps.edu/
http://www.lipidmaps.org/
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2.	 All	 profiles	 were	 normalized	 by	 BMI	 to	 eliminate	 its	
potentially	 confounding	 effect	 on	 metabolomic	 pro-
files,	log-	transformed	and	mean	centered	(auto-	scaled)	
based	on	sample	type.	Pearson	correlation	analysis	was	
applied	on	every	paired	feature	in	each	plasma–	tissue	
comparison.

3.	 To	account	 for	 false	positive	discoveries	 (due	 to	mul-
tiple	 comparison	 or	 processing	 artefacts),	 the	 p-	value	
from	 the	 Pearson	 correlations	 were	 subjected	 to	
Benjamini–	Hochberg	 multiple	 testing	 correction	 (BH	
corrected)	 for	 each	 paired	 plasma–	tissue	 data	 matrix.	
A	BH-	corrected	p-	value	<0.05	was	considered	statisti-
cally	significant.	Extracted	ion	chromatograms	(EICs)	
from	 significantly	 correlated	 features	 were	 visually	
examined	to	further	remove	poorly	integrated	or	mis-
aligned	features.

4.	 Any	redundant	features	representing	the	same	putative	
metabolite	or	lipid	were	also	removed	to	report	only	in-
dividual	lipid	species/metabolites.

For	 polar	 metabolites	 showing	 significant	 correlation	
between	 plasma	 and	 tissues,	 enrichment	 analysis	 based	
on	 the	Small	Molecule	Pathway	Database	 (SMPDB)	was	
performed	 on	 MetaboAnalyst	 (www.metab	oanal	yst.ca)28	
to	understand	metabolic	pathways	and	network	linked	to	
these	metabolites.

3 	 | 	 RESULTS

3.1	 |	 Lipidomic profiling and 
identification of significantly correlated 
lipids between plasma and seven tissue 
types

Results	 for	 ESI+	 lipidomic	 analysis	 are	 summarized	 in	
Figure 2.	A	total	number	of	843	(ESI+)	lipid	features	were	
annotated.	Among	the	annotated	lipid	features	analyzed	
by	ESI+	mode,	553	(Plasma),	414	(STA),	449	(SAA),	447	
(DSAA),	455	(IAA),	388	(VLM),	332	(RAM)	and	482	(liver)	
features	 were	 detected	 in	 each	 tissue	 matrix	 (Table  S2).	
Of	 these	 measured	 features,	 265	 (STA),	 285	 (SAA),	 289	
(DSAA),	 261	 (IAA),	 307	 (VLM),	 280	 (RAM),	 and	 377	
(liver)	 features	 were	 common	 between	 plasma	 and	
each	 corresponding	 tissue.	 For	 each	 plasma–	tissue	 pair,	
2	 (STA),	 4	 (SAA),	 24	 (DSAA),	 16	 (IAA),	 and	 202	 (liver)	
features	 showed	 significant	 positive	 correlation	 between	
the	 plasma	 level	 and	 the	 tissue	 counterpart	 level	 (BH-	
corrected	p < .05).	No	muscle	lipid	species	measured	by	
the	ESI+	mode	was	correlated	with	plasma	(Figure 2A).	
Plasma	showed	positive	correlations	with	all	four	AT	de-
pots	for	various	triglycerides	(TG)	species;	the	individual	
set	of	TGs	correlated	with	each	AT	depot	differed.	A	few	

other	lipid	species	in	plasma	were	also	correlated	with	the	
abdominal	 subcutaneous	 adipose	 depots,	 including	 an	
ether-	linked	phosphatidylcholine	(PC)	species	with	SAA	
and	a	diglyceride	 (DG),	a	ceramide,	a	PC,	and	an	ether-	
linked	PC	species	with	DSAA.	Plasma	lipid	species	corre-
lated	with	the	liver	counterparts	encompassed	cholesterol	
esters	 (CEs),	 DG,	 TG,	 PC,	 phosphatidylethanolamines	
(PE),	 ether-	linked	 PC,	 ether-	linked	 PE,	 ceramide,	 and	
SMs	(Figure 2B).

A	total	number	of	472	(ESI−)	lipid	features	were	anno-
tated	(Figure 3A).	Three	hundred	and	fifty-	five	(Plasma),	
83	(STA),	70	(SAA),	64	(DSAA),	80	(IAA),	158	(VLM),	150	
(RAM),	 and	 382	 (liver)	 features	 were	 detected	 in	 each	
tissue	 matrix	 (Table  S3).	 Of	 these,	 76	 (STA),	 66	 (SAA),	
61	 (DSAA),	 73	 (IAA),	 137	 (VLM),	 133	 (RAM),	 and	 279	
(liver)	 features	 were	 common	 to	 plasma	 and	 each	 cor-
responding	 tissue.	For	each	plasma–	tissue	pair,	 4	 (STA),	
2	 (SAA),	 4	 (IAA),	 10	 (VLM),	 12	 (RAM),	 and	 143	 (liver)	
features	 showed	 significant	 positive	 correlation	 between	
the	 plasma	 level	 and	 the	 tissue	 counterpart	 level	 (BH-	
corrected	 p  <  .05).	 No	 DSAA	 lipid	 species	 measured	 by	
the	ESI−	mode	were	correlated	with	plasma.	Plasma	lip-
ids	showed	positive	correlations	with	three	subtypes	of	AT	
and	both	subtypes	of	muscle	for	a	range	of	phospholipids,	
while	two	ceramide	species	and	one	FFA	in	plasma	were	
also	 correlated	 with	 SAT	 and	VLM,	 respectively.	 Plasma	
lipid	species	encompassing	ceramides,	SM,	mono-		and	di-	
hexosylceramides,	 PC,	 PE,	 ether-	linked	 PC,	 ether-	linked	
PE,	 lysophosphatidylethanolamine	 (LPE),	 dimethyl-	PE	
(PE-	NMe2),	and	bilirubin	were	positively	correlated	with	
levels	in	the	liver	(Figure 3B).

By	 merging	 the	 significantly	 correlated	 lipid	 features	
identified	 by	 ESI+	 and	 ESI−	 analyses	 together,	 plasma	
compared	 to	 liver	 provided	 the	 largest	 number	 of	 cor-
related	lipid	species	(215	putative	lipid	species),	followed	
by	 the	 deep	 central	 adipose	 depots	 (DSAA	 and	 IAA,	 24	
and	20,	respectively)	and	subsequently	 the	 two	subtypes	
of	muscle	tissue	(RAM	and	VLM,	12	and	10	respectively).	
Plasma	lipids	were	poorly	correlated	with	their	respective	
lipids	 in	the	superficial	subcutaneous	adipose	depots	 in-
cluding	STA	and	SAA	(<10 lipid	species).	Individual	cor-
related	 lipid	 species	 and	 the	 statistical	 descriptions	 are	
provided	in	the	Table S4.

Saturated	and	monounsaturated	TGs	in	plasma	were	
exclusively	 correlated	 with	 their	 levels	 in	 the	 liver.	
TGs	of	a	lower	degree	of	saturation	(two	to	five	double	
bonds)	 were	 correlated	 with	 their	 levels	 in	 liver	 and	
subcutaneous	 abdominal	 AT	 including	 both	 SAA	 and	
DSAA.	Polyunsaturated	TGs	containing	larger	numbers	
of	carbons	(C	≥54,	double	bond	≥6)	were	correlated	pre-
dominantly	 with	 their	 levels	 in	 the	 liver	 and	 the	 deep	
central	 AT	 depots	 including	 both	 the	 DSAA	 and	 IAA;	
two	polyunsaturated	TGs	were	also	correlated	with	STA	
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(Figure  4).	 Overall,	 the	 plasma	 TG	 pool	 showed	 the	
greatest	number	of	species	correlated	with	the	liver	fol-
lowed	by	the	deep	central	AT	depots	(DSAA	and	IAA);	
only	a	 small	number	were	correlated	with	 the	 superfi-
cial	AT	depots	regardless	of	their	locations	in	the	upper	
or	lower	body	(SAA	and	STA),	and	none	were	correlated	
with	 either	 muscle	 tissue	 at	 all.	 Among	 the	 74	 plasma	
TGs	 species	 correlated	 with	 liver,	 the	 top	 3  most	 cor-
related	TGs	were	all	saturated	species	(TG	48:0,	r = 0.88;	
TG	53:0,	r = 0.87;	TG	46:0,	r = 0.85).

Several	plasma	sphingolipids	encompassing	subclasses	
of	 (dihydro)sphingomyelins,	 (dihydro)ceramides,	 deoxy-	
(dihydro)ceramides,	 were	 correlated	 with	 their	 levels	 in	
the	liver.	Ceramides	containing	36–	43	carbons	and	double	
bonds	≤1	were	highly	correlated	between	plasma	and	the	
liver	 (r  =  0.6–	0.84),	 whereas	 those	 containing	 very	 long	

chain	(C	=	44)	and/or	two	double	bonds	were	moderately	
correlated	 (r = 0.45–	0.6).	Likewise,	 the	most	highly	cor-
related	SMs	between	plasma	and	the	liver	were	those	con-
taining	36–	43	carbons	and	double	bonds	≤1	(r = 0.5–	0.84);	
while	the	least	correlated	(yet	still	significantly)	SMs	were	
those	containing	shorter	chain	(carbon	<36)	and/or	 two	
double	 bonds	 (r  =  0.45–	0.5)	 (Table  S4).	Two	 plasma	 ce-
ramides	also	correlated	with	STA	ceramides	(Cer(d40:1),	
Cer(m42:2)).

Plasma	FFA	showed	positive	correlations	with	the	liver	
for	 FFA	 (18:0)	 and	 FFA	 (20:5),	 and	 with	 VLM	 for	 FFA	
(18:1)	 (Table  S4).	 No	 correlation	 was	 observed	 between	
plasma	and	AT	FFA	levels.	Plasma	phospholipids	(PC,	PE,	
ether-	linked	PC	and	ether-	linked	PE)	showed	positive	cor-
relations	with	all	seven	tissue	types,	however,	the	individ-
ual	species	differed	(Table S4).

F I G U R E  2  Characterization	of	lipid	features	measured	by	ESI+.	(A)	Number	of	features	in	each	sample	type	and	correlated	features	
between	plasma	and	each	tissue	type.	(B)	Number	of	annotated	features	in	plasma	(pie	chart)	and	correlated	features	with	their	counterparts	
in	different	tissues	(box).	DSAA,	deep	subcutaneous	abdominal	adipose	tissue;	IAA,	intra-	abdominal	adipose	tissue;	RAM,	rectus	abdominis	
muscle;	SAA,	subcutaneous	abdominal	adipose	tissue;	STA,	subcutaneous	thigh	adipose	tissue;	VLM,	vastus	lateralis	muscle.



   | 7 of 15WU et al.

Bilirubin	 and	 several	 lipid	 species	 belonging	 to	 CE,	
mono-		 and	 di-	hexosylceramides,	 LPE	 and	 PE-	NMe2	 in	
plasma	were	only	correlated	with	the	corresponding	spe-
cies	in	the	liver.

3.2	 |	 Metabolomic profiling and 
identification of significantly correlated 
polar metabolites between plasma and 
seven tissue types

Results	 for	 the	 polar	 metabolite	 (HILIC)	 data	 are	 sum-
marized	in	Figure 5.	A	total	number	of	162	(ESI+)	polar	
metabolite	features	were	annotated.	Of	these,	73	(Plasma),	
59	(STA),	42	(SAA),	41	(DSAA),	62	(IAA),	108	(VLM),	94	
(RAM),	 and	 119	 (liver)	 features	 were	 detected	 in	 each	

tissue	 matrix	 (Table  S5).	 Among	 features	 common	 to	
plasma	and	each	corresponding	tissue,	3	(STA),	1	(SAA),	
3	 (IAA),	 16	 (VLM),	 15	 (RAM),	 and	 27	 (liver)	 features	
showed	 significant	 correlation	 between	 its	 plasma	 level	
and	 the	 tissue	 counterpart	 (BH-	corrected	 p  <  .05).	 For	
ESI−	analysis	of	polar	metabolites,	31	 features	were	an-
notated	(Table S6),	and	plasma	metabolites	only	displayed	
positive	 correlations	 for	 1	 (STA),	 3	 (VLM),	 and	 1	 (liver)	
features.

By	 collating	 the	 significantly	 correlated	 polar	 me-
tabolite	 features	 identified	 by	 ESI+	 and	 ESI−	 analyses	
together,	 the	 greatest	 number	 of	 plasma	 metabolites	
were	 correlated	 with	 its	 liver	 counterpart	 (28	 features	
accounting	 for	28	putative	metabolites),	 followed	by	 the	
two	subtypes	of	muscle	tissue	(between	10	and	20 metab-
olites);	 plasma	 polar	 metabolites	 were	 poorly	 correlated	

F I G U R E  3  Characterization	of	lipid	features	measured	by	ESI−.	(A)	Number	of	features	in	each	sample	type	and	correlated	features	
between	plasma	and	each	tissue	type.	(B)	Number	of	annotated	features	in	plasma	(pie	chart)	and	correlated	features	with	their	counterparts	
in	different	tissues	(box).	DSAA,	deep	subcutaneous	abdominal	adipose	tissue;	IAA,	intra-	abdominal	adipose	tissue;	RAM,	rectus	abdominis	
muscle;	SAA,	subcutaneous	abdominal	adipose	tissue;	STA,	subcutaneous	thigh	adipose	tissue;	VLM,	vastus	lateralis	muscle.
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with	their	levels	in	AT	regardless	of	the	site	of	the	depots	
(<10 metabolites).	Individual	correlated	metabolites	and	
the	statistical	descriptions	are	provided	in	Table S7.

Positive	 correlations	 were	 identified	 between	 plasma	
and	 muscle	 tissues	 mainly	 for	 metabolites	 linked	 with	
amino	 acid	 (AA)	 metabolism	 (Figure  6).	 Plasma	 also	

F I G U R E  4  Composition	of	TG	species	in	plasma	showing	significant	correlations	(BH	p < .05)	with	the	corresponding	species	in	the	
liver	or	AT	depots.	C,	total	number	of	carbons;	DB,	total	number	of	double	bonds;	DSAA,	deep	subcutaneous	abdominal	adipose	tissue;	IAA,	
intra-	abdominal	adipose	tissue;	SAA,	subcutaneous	abdominal	adipose	tissue;	STA,	subcutaneous	thigh	adipose	tissue.

F I G U R E  5  Number	of	polar	metabolite	(HILIC)	features	in	each	sample	type	and	correlated	features	between	plasma	and	each	tissue	type	
measured	by	ESI+	(A)	and	ESI−	(B).	DSAA,	deep	subcutaneous	abdominal	adipose	tissue;	IAA,	intra-	abdominal	adipose	tissue;	RAM,	rectus	
abdominis	muscle;	SAA,	subcutaneous	abdominal	adipose	tissue;	STA,	subcutaneous	thigh	adipose	tissue;	VLM,	vastus	lateralis	muscle.
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showed	 significantly	 positive	 correlations	 with	 liver	 for	
metabolites	linked	with	AA	metabolism,	energy	metabo-
lism,	and	fatty	acid	metabolism	(Figure 7).

4 	 | 	 DISCUSSION

Metabolomics	has	become	widely	applied	to	characterize	
plasma	 profiles	 associated	 with	 diseases	 and	 to	 identify	
metabolite	markers.	However,	understanding	the	biologi-
cal	relevance	of	a	plasma	candidate	marker	can	be	chal-
lenging	if	it	is	unknown	which	site	of	tissue	abnormality	
it	reflects.	The	primary	goal	of	the	present	study	is	to	un-
derstand	the	relationship	of	metabolomic	profile	between	
plasma	and	various	tissue	types	including	AT,	muscle,	and	
liver,	and	to	identify	the	set	of	plasma	metabolites	that	can	
be	used	as	a	proxy	for	their	tissue	counterparts.	Without	
prior	knowledge	or	assumptions,	our	study	found	that	the	
plasma	lipidome	is	more	reflective	of	the	liver	than	other	
tissue	 types	 examined.	 Two	 hundred	 and	 two	 lipid	 fea-
tures	accounting	for	151	putative	lipid	species	measured	
by	ESI+,	and	143  lipid	 features	accounting	 for	115  lipid	
species	 measured	 by	 ESI−	 showed	 significant	 positive	
correlations	 between	 plasma	 and	 liver.	 These	 lipid	 spe-
cies	 collectively	 encompassed	 the	 lipid	 classes	 of	 cera-
mide,	mono-		and	di-	hexosylceramide,	SM,	PC,	PE,	LPE,	
PE-	NMe2,	 ether-	linked	 PC,	 ether-	linked	 PE,	 FFA,	 CE,	

DG,	and	TG.	Conversely,	only	a	modest	number	of	plasma	
lipids	 showed	 positive	 correlations	 with	 muscle	 or	 ATs.	
The	set	of	 lipid	species	correlated	with	muscle	consisted	
of	polar	lipids	whereas	those	correlated	with	ATs	mainly	
comprised	the	highly	hydrophobic	TGs.

Likewise,	the	greatest	number	of	plasma	polar	metabo-
lites	measured	by	the	HILIC	LC–	MS	platform	were	found	
to	 be	 correlated	 with	 concentrations	 in	 the	 liver.	 This	
included	 numerous	 AAs	 (e.g.,	 valine,	 threonine,	 trypto-
phan),	 metabolites	 linked	 with	 energy	 metabolism	 (e.g.,	
creatinine,	carnitine),	FA	metabolism	(e.g.	3-	oxooctanoic	
acid,	 hydroxybutyric	 acid),	 cysteine	 and	 homocysteine	
metabolism	 (e.g.,	 betaine,	 methionine),	 and	 gut	 micro-
bial	 metabolites	 (e.g.,	 trimethylamine	 oxide	 (TMAO),	
p-	aminobenzoic	acid,	and	ergothioneine).	A	modest	num-
ber	of	plasma	polar	metabolites	were	also	found	to	be	cor-
related	with	concentrations	in	muscle	tissues,	including	a	
range	of	AAs	and	related	metabolites,	gut	microbial	me-
tabolites	and	xenobiotics	that	were	mainly	involved	in	AA	
metabolism.	 In	 contrast,	 plasma	 polar	 metabolites	 were	
poorly	correlated	with	AT	depots,	likely	owing	to	the	less	
aqueous	cellular	environment	of	AT.

Further	 to	 the	 primary	 goal,	 the	 present	 study	 also	
sought	to	identify,	if	any,	inter-	depot	or	regional	differences	
in	the	metabolomic	relationship	between	plasma	and	AT	
or	muscle.	Despite	being	at	different	locations,	both	RAM	
and	 VLM	 showed	 positive	 correlations	 with	 plasma	 for	

F I G U R E  6  Individual	polar	metabolites	showing	significant	correlation	between	plasma	and	muscle	tissues	of	(A)	VLM,	and	(B)	RAM	
(BH	p < .05),	and	the	metabolic	pathways	linked	to	these	metabolites	analyzed	by	pathway	enrichment	and	network	analysis	based	on	the	
Small	Molecule	Pathway	Database	(SMPDB).	RAM,	rectus	abdominis	muscle;	VLM,	vastus	lateralis	muscle.
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several	long-	chain	polyunsaturated	fatty	acid	(LCPUFA)-	
containing	PC,	ether-	linked	PC,	ether-	linked	PE,	AAs	and	
related	metabolites,	and	gut	microbial	metabolites.	This	is	
likely	owing	to	the	fact	 that	 they	both	belong	to	skeletal	
muscle	and	were	collected	after	an	overnight	fast.	On	the	
other	hand,	it	is	well	established	that	the	intra-	abdominal	
AT	compartment	is	biologically	distinct	from	subcutane-
ous	AT	as	they	exhibit	different	expression	profiles,	met-
abolic	 activity,	 and	 pro-	inflammatory	 potential.29	 Based	
on	 substantive	evidence	of	 epidemiological	 associations,	
regional	distribution	of	body	fat	is	differentially	associated	
with	cardiometabolic	risk.30	When	dissecting	the	role	and	
contribution	 of	 individual	 adipose	 depots	 to	 cardiomet-
abolic	 risks,	 the	 intra-	abdominal	 adipose	 and	 thigh	 adi-
pose	depots	were	found	to	be	detrimental	and	protective,	
respectively,23,31	whereas	 the	role	of	abdominal	 subcuta-
neous	depots,	which	can	be	further	divided	into	superfi-
cial	or	deep	AT,	remains	controversial.32–	35	Four	adipose	
depots	located	at	three	different	sites	(lower	body	subcu-
taneous:	STA,	upper	body	subcutaneous:	SAA	and	DSAA,	
and	 intra-	abdominal:	 IAA)	 were	 investigated	 in	 the	

present	study.	Overall,	all	four	depots	showed	some	sim-
ilarities	 in	 their	metabolomic	relationships	with	plasma:	
(1)	poor	correlations	were	observed	for	the	vast	majority	
of	polar	metabolites;	only	a	few	non-	endogenous	metab-
olites	 such	 as	 xenobiotics	 and	 gut	 microbial	 metabolites	
were	 correlated;	 (2)	 positive	 correlations	 were	 observed	
for	a	number	of	PUFA-	containing	TGs.	There	was	no	clear	
discrimination	regarding	their	metabolomic	relationships	
with	 plasma	 between	 different	 compartments	 (intra-	
abdominal	 vs.	 subcutaneous)	 or	 depots	 associated	 with	
different	types	of	regional	obesity	(central	vs.	peripheral).	
Instead,	the	number	of	correlated	TGs	notably	decreased	
as	 the	 location	of	adipose	depot	shifted	 from	the	deeper	
abdominal	 site	 (i.e.,	 IAA,	 DSAA)	 toward	 superficial	 ab-
dominal	or	peripheral	sites	(i.e.,	SAA,	STA).	This	finding	
suggested	 regional	 differences	 of	 AT	 contributing	 to	 the	
plasma	TG	pool,	and	that	the	plasma	TG	profile	is	slightly	
more	reflective	of	the	TG	profile	of	the	deep	central,	risky	
adipose	depots	than	the	peripheral,	safe	adipose	depots.

To	the	best	of	our	knowledge,	this	is	the	first	study	to	
comprehensively	 measure	 and	 correlate	 metabolites	 in	

F I G U R E  7  Individual	polar	metabolites	showing	significant	correlation	between	plasma	and	the	liver	(BH	p < .05),	and	the	metabolic	
pathways	linked	to	these	metabolites	analyzed	by	pathway	enrichment	and	network	analysis	based	on	the	Small	Molecule	Pathway	
Database	(SMPDB).
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human	plasma	and	several	tissues.	Two	LC-	MS	platforms	
were	adopted	and	both	ionization	modes	were	carried	out	
to	increase	metabolome	coverage.	Major	limitations	of	the	
present	study	included	a	small	sample	size	and	that	two	
groups	with	different	baselines	were	pooled	 together	 for	
analysis.	To	 justify	 the	 inclusion	of	samples	from	the	GI	
group	 for	 analysis,	 PCA	 was	 carried	 out	 to	 confirm	 the	
similarity	 of	 the	 metabolomic	 profile	 between	 the	 two	
groups	as	well	as	to	 identify	outliers.	Another	 limitation	
is	 that	 this	 cross-	sectional	 study	 only	 provided	 a	 single-	
timepoint	 snapshot	 of	 the	 relationship	 between	 plasma	
and	 various	 tissues,	 based	 on	 the	 relative	 quantification	
across	 samples,	 and	 thus	 did	 not	 imply	 dynamics	 or	 di-
rection	of	metabolic	flux.	Without	healthy	lean	control,	it	
is	 impossible	 to	 confirm	 whether	 the	 lipid	 derangement	
pattern	in	the	plasma	lipidome	is	a	consequence	of	abnor-
mal	lipid	metabolism	of	the	liver	or	due	to	the	breakdown	
of	adipose	tissue.	Additionally,	the	inability	of	the	present	
method	 to	 measure	 a	 wide	 range	 of	 exogenous	 metabo-
lites	makes	it	difficult	to	draw	conclusions	relating	to	diet	
or	gut	microbiota.	Nonetheless,	findings	from	the	present	
study	 could	 rationalize	 or	 consolidate	 the	 use	 of	 several	
candidate	 metabolite	 markers	 for	 clinical	 diagnosis	 and	
risk	screening.

Plasma	bilirubin	can	reflect	liver	function,	metabolism,	
and	excretion	of	bile	and	has	been	an	important	compo-
nent	to	calculate	a	prognostic	score	for	liver	disease.36	A	
model	comprising	plasma	bilirubin	and	creatinine	(along	
with	the	prothrombin	time)	to	predict	mortality	at	the	end	
stage	of	liver	disease	was	developed.37	Our	results	showed	
direct	linear	relationships	between	liver	and	plasma	con-
centrations	of	bilirubin	and	creatinine,	despite	the	partici-
pants	were	of	normal	range	of	ALT	and	AST.	This	finding	
provided	further	confirmation	to	support	the	validity	and	
robustness	 of	 these	 metabolites	 as	 more	 sensitive	 bio-
markers	for	diagnosis	and	prognosis	of	liver	disease.

Previous	 lipidomics	 studies	 have	 highlighted	 differ-
ential	 cardiometabolic	 risks	 associated	 with	 different	
sets	of	plasma	TG	species.	TG	species	containing	a	lower	
total	 carbon	 number	 and	 fewer	 unsaturated	 bonds	 were	
prominently	associated	with	fatty	liver	diseases,	incident	
cardiovascular	disease	and	increased	risk	of	T2D,	whereas	
those	 containing	 high	 carbon	 number	 and	 greater	 de-
gree	 of	 unsaturation	 were	 associated	 with	 a	 decreased	
risk	of	T2D.38–	41	 In	 the	present	study,	 levels	of	saturated	
and	 monounsaturated	 TGs	 in	 plasma	 were	 exclusively	
correlated	 with	 their	 levels	 in	 the	 liver,	 while	 PUFA-	
containing	TGs	were	correlated	with	 their	 levels	 in	ATs.	
Interestingly,	 a	 recent	 study	 has	 shown	 that	 plasma	 lev-
els	 of	 several	 saturated	 and	 monounsaturated	 TGs	 are	
predictive	of	excessive	liver	fat	at	early	stage,	whereas	in-
creased	VAT/SAT	ratio	can	be	reflected	by	several	PUFA-	
containing	TGs.42	Complementary	to	biomarker	discovery	

studies,	our	results	 indicated	 that	 the	set	of	plasma	TGs	
identified	 as	 potential	 predictors	 for	 poor	 cardiometa-
bolic	 health	 are	 likely	 reflective	 of	 an	 abnormal	 level	 in	
the	liver,	possibly	attributable	to	a	higher	rate	of	de	novo	
lipogenesis,	TG	synthesis	and	very	low-	density	lipoprotein	
secretion.	On	 the	contrary,	TG	species	potentially	acting	
as	 negative	 predictors	 for	 cardiometabolic	 risk,	 may	 re-
flect	their	storage	in	AT	depots	likely	indicating	protection	
against	cardiometabolic	diseases.

Disruption	 of	 lipid	 balance	 involved	 in	 sphingolipid	
metabolism	has	been	frequently	associated	with	T2D,43–	49	
and	 postulated	 to	 be	 linked	 with	 inflammation,	 insulin	
resistance	 (IR),	 and	 oxidative	 stress.43,49,50	 Several	 lines	
of	 evidence	 have	 demonstrated	 a	 role	 of	 ceramide	 as	 a	
lipid	mediator	that	exerts	a	range	of	cellular	effects.51	Yet	
a	deeper	understanding	and	interpretation	remains	chal-
lenging	without	knowing	whether	the	changes	of	a	range	
of	related	metabolites	resulting	from	perturbed	sphingo-
lipids	metabolism	are	confined	within	local	tissue	sites	or	
can	be	readily	detectable	in	the	circulation.	Herein,	we	re-
ported	that	a	majority	of	plasma	sphingolipids,	on	a	broad	
scale,	 including	 ceramide,	 SMs,	 and	 glycosphingomye-
lins,	 showed	 strong	 correlations	 with	 their	 counterparts	
in	 the	 liver.	The	 correlated	 SMs	 and	 ceramides	 between	
plasma	and	liver	showed	chain	length-	specificity,	mainly	
for	 those	 containing	 a	 very	 long	 acyl	 chain	 fatty	 acids	
(VLCFAs)	 such	 as	 C22:0,	 C24:0,	 and	 C24:1,	 in	 line	 with	
a	previous	finding	that	CerS2,	a	ceramide	synthase	show-
ing	substrate	specificity	for	longer	acyl	chain	species,	was	
predominantly	expressed	in	the	liver.52,53	Our	results	pro-
vided	evidence	supporting	the	liver	to	be	a	major	source	of	
plasma	VLCFA-	containing	ceramides	and	SMs.	Given	the	
concentrations	were	well	correlated,	changes	in	this	sub-
set	of	sphingolipids	in	plasma	may	capture	an	abnormal	
handling	and	metabolism	of	sphingolipids	in	the	liver.

DG	has	also	been	long	recognized	as	a	mediator	of	IR	
in	the	liver	and	muscle	via	the	suppression	of	the	insulin	
signaling	pathway,54–	56	and	increased	circulating	DG	was	
reported	in	cases	of	prediabetes	and	T2D.48	Herein,	we	ob-
served	positive	correlations	of	DG	between	plasma	and	the	
liver,	suggesting	abnormally	high	levels	of	circulating	DG	
reported	in	dysglycemia	may	reflect	increased	level	in	the	
liver	and	thus	be	indicative	of	the	development	of	liver	IR.

Plasma	FFA	composition	has	been	hypothesized	to	be	
an	indicator	of	AT	FFA	composition	since	AT	lipolysis	is	a	
major	source	of	plasma	FFA.	However,	findings	from	ex-
isting	 studies	 have	 been	 inconsistent.13,14	 In	 the	 present	
study,	we	did	not	observe	any	correlations	between	plasma	
and	FFA	levels	in	the	various	types	of	AT.	Instead,	plasma	
FFAs	 were	 found	 to	 be	 correlated	 with	 FFA	 contents	 in	
the	liver	(FA	18:0,	20:5)	and	VL	muscle	(FA	18:1).

Positive	 correlations	 for	 several	 plasma	 PC	 species	
with	 multiple	 tissues	 were	 observed.	 PCs	 are	 a	 major	
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component	of	cellular	membranes	and	therefore	are	ubiq-
uitous	 throughout	 the	 body.	 Interesting	 patterns	 for	 the	
correlated	PC	species	were	noticed.	A	broad	scale	of	 tis-
sues	(STA,	DSAA,	IAA,	VLM,	RAM,	and	liver)	exhibited	
positive	correlations	with	plasma	for	PUFA-	containing	PC	
species.	 Plasma	 PC	 species	 that	 contained	 a	 lower	 even	
total	carbon	number	(C≤34)	and	a	monounsaturated	fatty	
acid	 chain	 were	 correlated	 with	 the	 more	 central	 tissue	
sites	(IAA,	RAM,	and	liver).	Saturated	PC	species	as	well	
as	odd	chain-	containing	PC	species	in	plasma	were	exclu-
sively	correlated	with	their	liver	counterparts.	Our	results	
suggested	 differential	 contributions	 from	 various	 tissues	
to	the	plasma	PC	pool.

Accumulating	 evidence	 from	 recent	 metabolom-
ics	 studies	 have	 shown	 an	 inverse	 association	 between	
plasma	 ether-	linked	 phospholipids	 and	 cardiometa-
bolic	 	diseases.48,57–	59	 Ether-	linked	 phospholipids	 are	
peroxisome-	derived	moieties	and	play	a	structural	role	as	
membrane	components.60	They	may	also	act	as	signaling	
molecules	and	have	antioxidant	properties.60	However,	the	
source	and	 implication	of	plasma	ether-	linked	phospho-
lipids	are	less	well	understood.	Our	results	revealed	that	
several	plasma	ether-	linked	PC	species	reflected	levels	in	
the	liver,	both	subcutaneous	depots	(DSAA	and	SAA)	and	
both	muscle	tissues,	while	plasma	ether-	linked	PE	species	
reflected	levels	in	the	liver,	IAA,	and	both	muscle	tissues.

Plasma	AAs	were	found	to	be	positively	correlated	with	
concentrations	in	the	muscles	and	liver.	This	is	as	expected	
since	protein	turnover	in	the	muscle	and	liver	is	increased	
during	fasting	and	thus	likely	to	act	as	a	major	contributor	
to	the	plasma	AA	pool	at	the	time	of	sampling.61–	63

Dysregulation	 of	 cysteine	 and	 homocysteine	 metab-
olism	 has	 been	 implicated	 in	 the	 development	 of	 fatty	
liver	 diseases,64	 and	 this	 pathway	 plays	 a	 critical	 role	 in	
maintaining	 liver	 health.65,66	 Unsurprisingly,	 concentra-
tions	of	several	metabolites	linked	to	this	pathway	such	as	
methyl	donor	replenishers	(e.g.,	betaine	and	methionine),	
and	 methylated	 products	 (e.g.,	 N(6)-	methyllysine	 and	
trigonelline)	 also	 showed	 positive	 correlations	 between	
plasma	and	liver.

Trimethylamine	(TMA)	is	produced	by	gut	microbiota	
and	the	liver	is	the	site	of	first	pass	metabolism	that	oxidizes	
TMA	 to	 TMAO.67	 Therefore,	 liver	 is	 the	 primary	 source	
for	 circulating	TMAO,	 and	 a	 strong	 correlation	 between	
its	concentration	in	the	liver	and	plasma	is	observed	as	ex-
pected.	Interestingly,	TMAO	was	also	positively	correlated	
with	concentrations	in	the	muscle.	A	TMAO	transporter	
has	been	recently	identified	and	characterized;	therefore	
its	 accumulation	 in	 tissues	 is	 possible.68	 Concentrations	
of	 several	 other	 microbial	 metabolites	 in	 plasma	 (e.g.,	
	p-	aminobenzoic	acid,	p-	cresol	sulfate,	and	ergothioneine)	
were	also	found	to	be	correlated	with	ATs,	muscles,	and/
or	 the	 liver.	 Although	 the	 metabolism,	 distribution,	 and	

biological	 implication	of	 these	microbial	metabolites	are	
less	 well	 characterized,	 our	 findings	 provided	 evidence	
for	their	accumulation	in	biological	tissues.	In	light	of	the	
current	view	that	gut	microbiota	impact	metabolic	health,	
whether	these	metabolites	play	a	biological	role	and	medi-
ate	the	effects	of	gut	microbiota	on	host	health	could	war-
rant	future	research.

5 	 | 	 CONCLUSION

In	conclusion,	 the	plasma	 lipidomic	profile	 from	obese	
but	otherwise	healthy,	premenopausal	human	females	is	
mostly	reflective	of	the	liver	profile,	while	several	plasma	
phospholipid	species	and	TG	species	were	also	correlated	
with	concentrations	in	the	muscle	and	AT,	respectively.	
Regional	 differences	 were	 observed	 for	 the	 correlation	
between	 plasma	 TGs	 and	 their	 counterparts	 in	 various	
adipose	depots,	with	the	plasma	TG	profile	being	more	
reflective	of	the	deep	abdominal	adipose	depots	that	are	
generally	 considered	 as	 risky	 than	 the	 superficial	 ab-
dominal	 or	 peripheral	 adipose	 depots	 that	 may	 be	 less	
detrimental	 or	 even	 protective.	 The	 plasma	 polar	 me-
tabolite	profile	is	more	reflective	of	the	liver	and	muscle	
for	metabolites	mainly	linked	to	amino	acid	and	energy	
metabolism,	but	poorly	correlated	with	AT	profile.	Our	
study	 confirms	 that	 the	 overall	 plasma	 metabolomic	
profile	 provides	 a	 window	 for	 monitoring	 metabolites	
in	multiple	tissue	types,	and	various	constituents	of	the	
plasma	metabolomic	profile	can	be	used	as	a	proxy	 for	
tissue	metabolites.	Given	that	the	plasma	metabolomics	
profile	 is	more	reflective	of	some	tissues	(e.g.	 the	 liver)	
but	not	others	(e.g.	ATs),	our	study	also	highlighted	the	
critical	importance	of	taking	into	consideration	the	cor-
relation	 between	 plasma	 metabolites	 and	 tissue	 coun-
terparts	when	linking	a	plasma	metabolite	marker	to	an	
underlying	 mechanisms	 occurring	 in	 a	 specific	 tissue.	
Incorrect	attribution	of	plasma	markers	to	less	relevant	
tissue	sites	may	lead	to	erroneous	assumption	and	mech-
anism	speculations.
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