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Abstract 
This research describes a simple, abstract model to simulate gentrification from both supply and 

demand side perspectives. Three theories—rent gap theory, filtering theory and household life cycle 

theory—are employed to construct a combined cellular automaton and agent-based model. The 

model exhibits a distinctive relationship between the spatial dynamics of gentrification patterns and 

different rent gap thresholds: at low rent gap thresholds, renovation events occur at all locations 

leading to a mixed rental map distribution. As the rent gap threshold increases, gentrification 

becomes more spatially concentrated, leading to spatially segregated rental patterns. Meanwhile, 

depending on both household entry and exit probabilities and the rent gap threshold, household 

income distributions exhibit diverse patterns: scattered and mixed at the low rent gap threshold 

through to segregated at a high rent gap threshold. 

The abstract gentrification model is evaluated against the spatial gentrification pattern at a Point 

Chevalier (inner Auckland) study area. Local spatial association analysis suggests that the dynamics 

of local gentrification in Point Chevalier mirror those of the model at a low threshold rent gap, 

substantiating the model’s credibility, at least in this study area.  

This study indicates that a different threshold rent gap is able to lead to either a mixed or segregated 

rental pattern. This provides a possible explanation of the dissonance in the empirical spatial 

gentrification pattern − some scholars observe intensified segregation after gentrification, while 

others do not. 
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1 Introduction 

1.1 Background 

Residential land is a primary urban land use and so the dynamics of the housing market underlie 

much urban growth and transformation (Li, 2004). Urban transformation comprises neighborhood 

renovation and household relocation. First coined by Glass (1964) and an important aspect of urban 

transformation, gentrification is defined as “a process of socio-spatial change where the 

rehabilitation of residential property in a working-class neighborhood by relatively affluent incomers 

leads to the displacement of former residents unable to afford the increased costs of housing that 

accompany regeneration” (Pacione, 2005, p. 288). Previous theoretical research has identified 

various causes of gentrification (Castells, 1983; Caulfield, 1989; Rose, 1984; Smith, 1996; Taylor, 

1992; Zukin, 1987). After decades of debate, a consensus has been reached, that is, gentrification is 

the outcome of diverse causes.  

As a complex and dynamic phenomenon, gentrification has held the attention of scholars who have 

attempted to build models to represent and capture its underlying mechanisms. Spatial micro 

simulation models (Cellular Automata and Agent-based Model, abbreviated to CA and ABM 

respectively) build on the general principle that the whole is more than the sum of the parts and 

these have gained popularity because they offer the potential for improving our understanding of 

complex urban phenomenon more than the top-down models do (Batty, 2005). However, CA and 

ABM lack a sound urban theoretical underpinning (Torrens & O'Sullivan, 2001). Although great 

efforts have been made to integrate gentrification theory into both models (Diappi & Bolchi, 2008; 

O'Sullivan, 2002; Semboloni, 2008; Torrens & Nara, 2007; Tsang & Leung, 2011; Wu, 2003), it is still 

necessary to reconstruct CA and ABM according to a simple and general framework of gentrification 

theory.  

1.2 Objectives 

The fundamental question that this thesis seeks to address is, “To what extent can a model 

grounded in gentrification theory generate the spatial patterns observed in ‘real’ cities?” To 

answer this question three objectives need to be met: 

1. Develop a simple and general model based on gentrification theory to simulate and explore the 

relationship between gentrification and segregation, and reveal the relative importance of different 

factors of gentrification. 
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2. Evaluate gentrification theory with empirical data. Just as gentrification is a multi-dimensional 

process, the gentrification theory covers different aspects of the process. The benefits of evaluation 

are twofold: first, it serves as a check as to whether de facto gentrification agrees with gentrification 

theory; second, empirical data can help to tune the model parameters crucial to model behaviors. 

3. Compare the pattern produced by a model with those empirically observed to assess the 

reliability and credibility of model outcomes. If the model’s prediction is reliable, it can be employed 

to answer some remaining issues of gentrification, such as the effect of gentrification policy (Ma, 

Shen, & Kawakami, 2013).    

1.3 Structure of the thesis 

The thesis comprises seven chapters. Chapter Two reviews the relevant literature on gentrification 

theory (Section 2.2) and, in particular, efforts to model the gentrification process (Section 2.3). 

Section 2.2 compares two perspectives of gentrification and Section 2.3 overviews current efforts in 

gentrification simulation via CA and ABM. Section 2.4 summarizes how the model-based research 

presented in this thesis extends previous studies.  

Chapter Three provides the rationale for the implementation of an abstract gentrification model 

rooted in gentrification theory. Section 3.1 explains the model, including model entities, model scale, 

model process and model parameters and Section 3.2 presents and interprets the key results of the 

model. 

Chapter Four attempts to evaluate the predictions of gentrification theory against empirical data. 

Sections 4.2 and 4.3 introduce the empirical data used for this exercise and the Point Chevalier 

(inner Auckland) study area, respectively; Section 4.4 investigates the relationship between rent gap 

and gentrification in this context; Section 4.5 examines the link between household life-stages and 

their associated income levels. 

In Chapter Five, Section 5.2 returns to the abstract model presented in Chapter Two and sets it 

against empirical data; Section 5.3 identifies the importance of different aspects of gentrification 

theory via a sensitivity analysis of the model, and Section 5.4 studies the spatial pattern of three 

representative model scenarios.  

Chapter Six compares the empirical pattern of gentrification with that produced by the model. 

Section 6.2 decomposes the global land value pattern of the Point Chevalier study area and the 

global model rental pattern to show that the improvement value of the study area is better 

explained by local, rather than global, pattern analysis; Section 6.3 compares the empirical 
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improvement value pattern with that yielded by the model, and this comparison suggests that the 

model is capable of satisfactorily simulating the spatial pattern of gentrification.  

Chapter Seven explicitly discusses and assesses the objectives of this thesis in the light of the 

previous chapters (Chapters Two to Six). 
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2 Literature Review 

2.1 Introduction 

Generally, there are two types of gentrification theory (Hamnett, 1991; Pacione, 2005): production-

side (supply-side) explanations and consumption-side (demand-side) explanations. While the former 

emphasizes the role of the state and developers in encouraging gentrification and of financial 

institutions in providing funding, the latter, on the other hand, considers neighborhood change to be 

driven by the choices of individual households both in investing in their housing and also in 

relocating in response to changes in neighborhoods. Lees, Slater and Wyly (2008) argue that 

demand-side scholars come from a more humanist and sociocultural perspective, and so tend to 

emphasize the process as occurring on an individual scale (Butler & Robson, 2003; Ley, 1996). 

Demand-side scholars attribute gentrification to individual decisions and to relatively small groups of 

people with shared residential preferences. On the other hand, supply-side scholars, who favor 

politico-economic explanations of gentrification, view gentrification as the outcome of economic 

processes such as capital investment (Hackworth, 2002; Smith, 1996). In this thesis, three theories − 

rent gap theory, filtering theory and household life cycle theory − are employed in micro 

gentrification simulation (i.e. bottom-up simulation). The first two of these belong to the supply-side 

approaches while the latter relates more to the demand-side perspective. In this chapter, current 

research on these three theories is reviewed and discussed to emphasize their importance and 

relevance to the study of gentrification. Previous micro gentrification simulations employing CA and 

ABM are then summarized to identify the research gaps, thus illuminating the abstract gentrification 

model presented in Chapter Three. 

2.2 Gentrification theory review 

2.2.1 Rent gap theory 

“Rent gap is the disparity between the potential ground rent level and the actual ground rent 

capitalized under the present land use…” (Smith, 1996, p. 65). For rental housing, the landlord’s 

capitalized ground rent comes from the rent paid by tenants. While under owner occupancy, the 

capitalized ground rent appears as part of the sale price when the building is sold. The potential 

ground rent is the ground rent that could be achieved under the land’s optimal usage (Smith, 1979). 

As long as an urban region experiences population growth or economic growth that increases the 

demand of land, the potential ground rent of any particular location will tend to increase. By 

contrast, real capitalized ground rents fall, due to neighborhood and housing physical decline and 

also due to technological and style obsolescence. Such obsolescence may have been particularly 
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powerful in inner urban areas during the rapid suburbanization that took place in many cities during 

the second half of the twentieth century (Smith, 1996). Furthermore, processes such as 

‘blockbusting’, in which real estate agents encourage owners to sell their homes by exploiting fears 

of racial change within their neighborhood (Mehlhorn, 1998), may exacerbate the situation (Smith, 

1996). If the housing depreciation of an individual site outpaces its neighborhood’s during a period 

of urban decay, then its rent gap will gradually increase. When the gap reaches some threshold level 

an opportunity for profitable reinvestment exists, and, if such investment occurs, this may then 

trigger wider neighborhood gentrification. 

Interestingly, a similar concept of profit gap was proposed and developed by Brueckner (1980) in 

parallel with Smith’s rent gap. The leitmotif in the concept of profit gap is that redevelopment is 

desirable if the expected profit for a new development per unit exceeds the present revenue per 

unit from continuing to operate the existing structure by demolition costs (Braid, 2001; Brueckner, 

1980; Wheaton, 1982). Demolition costs are usually assumed to be zero due to their negligible 

amount against property value; for instance, demolition costs in the study of Rosenthal and Helsley 

(1994) only account for 1.7% of the average price of redeveloped properties. This school of thought 

shares a similarity with rent gap in the role of the value differential in redevelopment 

decisions(Weber, Doussard, Bhatta, & McGrath, 2006). However, the fundamental difference 

between Smith’s rent gap and Brueckner’s profit gap is that the value disparity in the latter is 

demolition costs, which are marginal, while that in Smith’s model is rent gap, which postpones 

potential renovation and is the linchpin of explaining gentrification. For instance, Smith believes that 

the physical structure cannot be demolished until the invested capital has returned its value (Smith, 

1982), while Brueckner’s model is independent of remaining structural value on the property 

because of its nominal residual value (McMillen & O’Sullivan, 2013).  

Redfern (1997a, p. 1285) criticized the rent gap concept, asking, “If the effect of the existence of rent 

is to allocate land to its 'highest and best' use, to use Ricardo's famous phrase, how is it possible that 

a situation could ever arise that the effect of the existence of rent were to prevent the allocation of 

land to its highest and best use, as indicated by the rent gap?” However, recent studies, for example 

Shimizu, Karato and Asami (2010), seem to favor Smith’s proposition by showing that the rent/profit 

gap in a real city will not trigger building-use conversion immediately because of the demolition and 

reconstruction costs. To remedy this deficiency in Brueckner’s model, McMillen and O’Sullivan 

(2013) and Clapp et al. (2012; 2013; 2012; 2010) introduced an extra value into the hedonic house 

pricing regression model – option value (essentially the residual value of a property), which is a 

combination of irreversibility (intrinsic value) and uncertainty (time value) (Dixit & Pindyck, 1994). 
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Intrinsic value decreases over time due to dilapidation, while the time value probably increases over 

time, for reasons such as contemporary style preferences switching back to one from the past or 

income fluctuation affecting the demand for old or new housing (McMillen & O’Sullivan, 2013). I 

defer further discussion of the option value to the next section. This body of research, which 

confirms the influence of option value on redevelopment decisions, underscores the importance of 

the gap. Meanwhile, this research also shows that the profit gap is essentially the equivalent of the 

rent gap. However, compared with the profit gap, Smith’s more sophisticated conceptualization of 

the rent gap protects it from empirical criticism. No wonder Redfern (1997a, p. 1284) comments: 

“no gentrification, rent gap ‘insufficiently wide’”. However, from another perspective, the deliberate 

vagueness in the rent gap concept hints at the truth that the threshold rent gap varies from area to 

area and/or from city to city. Besides Brueckner’s profit gap, Redfern (1997a, 1997b) proposes a 

housing services gap/investment gap (between the older and more modern housing stock) to explain 

gentrification. Since Smith’s rent gap is caused by uneven capital distribution, Redfern’s investment 

gap is equal to that of Smith, in this sense.     

Rent gap theory has been disputed on several grounds: (a) it is unnecessary to propose a new 

economic concept – the rent gap (Bourassa, 1993); (b) the capitalized ground rent should be not 

only influenced by individual land parcel properties, but also shaped by neighborhood conditions 

(Hammel, 1999b); (c) it overemphasizes economic determinism and underestimates the significance 

of individuals (Hamnett, 1992; Lees et al., 2008); and (d) the rent gap is extremely hard to measure 

based on current data (Badcock, 1989; Clark, 1988; Hammel, 1999a; Sýkora, 1993), because it 

derives from the difference between two inferred quantities (the capitalized and potential ground 

rents). This thesis is not the place to resolve these debates. Instead, acknowledging these debates, a 

framework including both the demand and supply side factors is employed in an abstract model, 

offsetting the shortcomings of rent gap theory, and also recognizing the multiple aspects of the 

gentrification process.  

2.2.2 Filtering theory 

Filtering is defined as “a change in the real value (price in constant dollars) of an existing dwelling 

unit” (Lowry, 1960, p. 363). The strict definition is based on an endogenous market process where 

the quality of dwelling declines with age. Other scholars (Arnott, Davidson, & Pines, 1983; Galster, 

1996; Hoyt, 1939; Jones, 1978; Kristof, 1972; Kutty, 1995; Myers, 1975) argue that household 

behavior is an indispensable part of filtering theory, alongside the deterioration of dwellings. 

Therefore, filtering can be considered “the dynamic of dwelling price and quality changes and 

households’ associated moves” (Galster, 1996, p. 1800) and refers both to the life cycle processes of 
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housing units (changes in their price or quality) and to the behavior and responses of households 

(the socioeconomic position of households, such as their income levels). Gray and Boddy (1979) add 

that household mobility and house turnover should be included in the filtering process. In this 

process, while dwellings ‘filter down’ the social scale due to both physical and capital deterioration, 

households may relocate from current housing that does not suit their income level to better 

housing. Baer and Williamson (1988) provide a comprehensive, if now a little dated, review of 

filtering research.  

There are three main aspects to filtering theory: housing age, housing value and household 

characteristics (treated as an exogenous factor). The mutual relationships between these three are 

discussed later in this section.  

The relationship between housing age and housing value is a moot point. Some researchers believe 

that the housing rent/price diminishes slowly with the dwelling age; for example,  Margolis (1982) 

and Coulson & Bond (1990) estimate that the housing rent depreciation rate is below 0.5% per 

annum. Others argue that age effects are nonlinear (Golant, 2007; S. Lee & Leigh, 2007; Lowry, 1960; 

Margolis, 1981). For example, some researchers (Campbell, 1990; Campbell & Shiller, 1988; Clapp & 

Giaccotto, 1998; Malpezzi, Ozanne, & Thibodeau, 1987) suggest that the age coefficient in the 

housing price hedonic model incorporates two parts: (i) the pure depreciation factor and (ii) the 

demand-side factor. While the former is always negative, the latter can be positive if some older 

homes return to popularity. In fact, the age coefficient is analogous to the option value discussed in 

Section 2.2.1. To disentangle the complex relationship between housing value and housing age, the 

two components of the age coefficient (i.e. the pure depreciation factor and the demand-side factor) 

can be separated into two different processes: the housing depreciation to the filtering process and 

the housing vintage effect to the gentrification process (Goodman & Thibodeau, 1995; B. S. Lee, 

Chung, & Kim, 2005; Randolph, 1988), respectively. Due to the intractability of the prediction and 

quantification of the housing vintage effect, the filtering process in this thesis includes only housing 

depreciation.   

Due to extremely low observed depreciation rates, some scholars (Margolis, 1981; Skaburskis, 2006) 

are skeptical about the viability of providing low-income housing through filtering. Instead of starting 

with the relationship between housing value and housing age, Rosenthal (2014) measures the 

filtering rate (the quotient of income of an arriving occupant at a later time and that at an earlier 

time) directly and found that despite the low housing rent depreciation rate, the de facto downward 

filtering rate  is rapid in the first 40 years of housing life, and slows thereafter. This dynamic occurs 

because the filtering rate is amplified as the income elasticity of demand (the quotient of change in 
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demand and income) for housing falls below one. As the owner-occupied houses age, they tend to 

transition into the rental sector where filtering accelerates, traditionally becoming homes of low-

income families. Not only does Rosenthal’s work substantiate that filtering is a reliable source of 

housing for low-income families, it also suggests the role of upward household mobility in the 

housing market. Decades ago, Myers (1983, p. 110) noticed this and commented: 

In contrast to the implicit trickledown assumption that households are passive 

actors waiting for hand-me-down homes to fall within their reach, the upward 

mobility concept stresses that households of all classes move vigorously upward in 

search of more desirable housing. If trickledown is a major factor in allocating 

housing, upward mobility meets it at least half-way. 

Filtering theory implies that the distribution of household characteristics plays an important role in 

explaining the dynamics of the housing market. Some researchers (Arnott et al., 1983; Jones, 1978) 

have examined the influence of household status and preferences on the housing market. After 

studying residential relocation in Windsor, Canada, Dzus and Romsa (1977) conclude that the 

upward filtering of households directly relates to income, which is the outcome of stage-in-life cycle 

rather than socio-economic status per se. Households residing in ‘better’ housing were generally 

further along in their life cycles. Jones (1978) also suggests that rather than analyzing the 

gentrification process from a single snapshot in a household’s life experience, the time span for 

understanding housing processes should be expanded to the family life cycle. Myers (1983) 

integrates the household life cycle with the filtering process and confirms the importance of both in 

explaining American housing market dynamics. Rosenthal (2008) investigates American 

neighborhood census data and finds that both the filtering and household life cycle contribute to 

neighborhood economic status change; the former manifests itself via regular, but long-term, cycles 

of neighborhood decline and renewal (several decades), while the latter affects neighborhood status 

in the short run (i.e. decadale). In particular, young households (aged 15 to 29) have a significant 

negative impact on neighborhood change, while the middle-aged (aged 30 to 55) boost a 

neighborhood’s economic status.   

However, although the household life cycle factor appears in filtering theory, working from a top-

down perspective cannot address the problem of the role of individual factors (for instance, 

household income, life cycle of household). Thus, Kristof (1972) suggests that no conclusion about 

the effectiveness of filtration as a mechanism is warranted until the relevant exogenous factors (i.e. 

household characteristics) are thoroughly scrutinized. This argument re-emphasizes the importance 
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of both supply- and demand-side explanations in the development of an adequate account of 

gentrification. 

2.2.3 Household life cycle theory 

Delving into the aggregate effects of population aging on the housing market can inform the study of 

individual household life cycles in gentrification. Although studies of the impacts of demographic 

change on housing prices have increased in recent years, there is a debate revolving around two 

questions: does population aging affect the dynamics of the housing market? And, if so, to what 

extent? 

A consensus is gradually emerging about the importance of population aging, and this is that the 

household life cycle constitutes a significant impetus to the housing market whose dynamics are 

rationalized by the searching and preference matching behavior of households in the housing 

market (Arnott, 1989; Devisch, Timmermans, Arentze, & Borgers, 2009; Krainer, 2001; Krainer & 

Leroy, 2002; Wheaton, 1999; Williams, 1995). Besides economic matching, other factors such as 

culture are also being considered by scholars. However, Kendig (1984) believes the move from 

renting to owner occupation through the life cycle are better explained by economic advancement 

than by preference. 

The second issue stems from the longstanding controversy over the degree of household life cycle 

influence. This debate was started by Mankiw and Weil (1989), who forecast the impending real 

estate price increase in the US housing market as an outcome of the aging of those born in the baby 

boom. This forecast triggered a heated debate over the methodology and conclusions of their 

research. Levin, Montagnoli and Wright (2009) provide a useful review of the subsequent literature. 

Opponents against Mankiw and Weil (Alperovich, 1995; Engelhardt & Poterba, 1991; Green & 

Hendershott, 1996; Hamilton, 1991; Holland, 1991; Pitkin & Myers, 1994; Swan, 1995; Woodward, 

1991) argue that the omission or underestimation of the influence of factors other than aging is 

problematic. However, proponents believe that household life cycle factors (e.g. child-bearing, 

children leaving home) exert a vital influence on housing market dynamics, and are second only to 

purely economic factors (e. g. household income) (Gober, 1992; Levin et al., 2009; Nijkamp, Van 

Wissen, & Rima, 1993; Pitkin, 1990). Investigating the relationship between housing price and the 

aging of baby boomers in the U.S.A., Myers and Ryu (2008) suggest that the progression of baby 

boomers into adulthood fueled urban sprawl and gentrification, as well as escalating house prices.  
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In any case, it seems clear that demand is an important component of any theory of housing market 

dynamics and hence of gentrification, and it is important and valuable to consider the relationship 

between household life cycle and gentrification. 

Different from the research of aggregate effect of population aging on the housing market, previous 

demand-side gentrification studies are mainly based on the individual-gentrifier level. Ley (1981, 

1996)believes that the counter-cultural urban artists, especially the Hippies, contribute to the 

gentrification of Canadian central cities. The risk-oblivious youth pacify new gentrification frontiers 

prior to the settlement of the mainstream middle class. Caulfield (1989, 1994) holds similar views on 

the 1970s and 1980s gentrification in Toronto. He believes that gentrifiers’ affection for Toronto’s 

dilapidated city neighborhood is rooted in their desire to elude the mundane routines of suburbia. 

Castells (1983) and Knopp (1990, 1992) investigate the influence of gay concentration on 

gentrification. Rose (1984, 1989) identifies the importance of both single women professionals and 

dual-earner families in gentrification due to their preference for central-city convenience and 

amenities. Taylor (1992, 2002)studies the black gentrification in Harlem, New York. The black middle 

class initiates the gentrification in this historically black community, which paves the way for further 

gentrification by the wealthier, white middle class. Bridge (1995, 2001a, 2001b) links the 

gentrification esthetic − exterior and/or interior of gentrified housing –with prior education of 

gentrifiers. In his point of view, gentrification is a process of conversion of architectural esthetic 

capital into price in the housing market. Bridge’s research has an affinity with that of Sharon Zukin. 

Zukin (1987, 1989) suggests that the public heritage and culture preservation stimulates 

gentrification in central cities. Cultural validation helps valorize gentrifiers’ housing investment, and 

campaign on behalf of historic property eases the transition. Butler & Robson (2003)attribute the 

inner London gentrification to a middle-class ‘copy strategy’ (p. 27), that is, to live amongst like-

minded people. They observe that middle-class gentrifiers with children prefer neighborhoods with 

middle-class schools, which plays a vital role in class reproduction. This individual-based strand of 

gentrification in human geography, emphasizing the motivations and actions of ‘pioneer’ gentrifiers 

(particularly students, artists and ‘Hippies’), is criticized because the working class and/or the 

developers and financiers are sidelined as epiphenomena (Butler & Robson, 2003; Hamnett, 2003; 

Smith, 1996).  

Ostensibly, the two aforementioned lines of demand-side research are different: population aging is 

from the aggregate perspective, while gentrifier is from the individual perspective. However, their 

descriptions generally tally with each other: young households are usually in their fledgling career 

but more open-minded and risk-oblivious/risk-prone. Thus, they are more willing to adventure a 
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decrepit but affordable neighborhood than the middle class, who usually are further along in their 

life cycles and incline to pursue a stable lifestyle. Once the young age cohort pacify the turbulent 

gentrification frontiers, other gentrifiers such as the middle class follow. This provide an alternative 

explanation why students and ‘Hippies’ can be ‘pioneer’ gentrifiers and the middle-class tends to be 

risk-averse in gentrification. Admittedly, the population-aging explanations do not match all the 

interpretations of gentrifiers’ motives. Due to the remarkable consistency between both 

explanations, the abstract models in this thesis will combine both and simulate gentrification from 

an individual population aging perspective – household life cycle theory. This is further discussed in 

Section 2.4. 

2.2.4 The relationship between the three theories 

Smith’s rent gap theory regards gentrification as a process of accumulating and competing capital 

among different urban areas. The rent gap arises from the depreciation of houses, which is the 

essence of filtering theory (Lowry, 1960). Setting aside the question of whether filtering processes 

actually provide reasonable housing for low-income households, Smith (1979, p. 545) admits that as 

a universal phenomenon in housing markets, filtering almost always precedes gentrification. 

Accordingly, the relationship between filtering theory and rent gap theory is one of cause and effect 

(Smith, 1996). Taken together, rent gap and filtering theory can account for one key facet of 

gentrification: housing deterioration and rehabilitation. 

On the demand-side, household life cycles can help account for the relocation of households, which 

is another important aspect of gentrification. Mankiw and Weil (1989) suggest that gentrification is 

the outgrowth of household aging that activates household changes, such as location, wealth, 

preference, and so forth. Thus, it is justified  to suggest that a satisfactory gentrification theory 

needs to include both supply-side and demand-side explanations, and that any model of the process 

should consider both aspects (Hamnett, 1991; Pacione, 2005).  

2.3 Gentrification modelling review 

Tightly coupled with cellular automata (CA), agent-based modelling (ABM) provides a possible 

bottom-up solution to the provide-supply problem by representing endogenous individual 

interactions. The long-standing critique of micro simulation is that it places excessive emphasis on 

pattern and empirical observation, but pays insufficient attention to rigorous theoretical support. 

Gentrification theories covering both demand- and supply-side perspectives can provide the 

conceptual foundation for a CA, and one which, at least in part, solves the problem of the weak link 

between transition rules and urban theory commented on by Torrens and O'Sullivan (2001).  
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On the demand side, Jackson et al. (2008) model gentrification with an emphasis on the choices of 

individuals drawn to urban amenities. In their model they represent four classes of agents (including 

professionals, college students, non-professionals, and elderly), who relocate following a set of 

simple rules (Figure 2.1). Although the model does not consider racial preference, two findings in 

their model capture the complexity and emergent nature of urban residential dynamics: 

1. There is a “tipping point” based on the ability to pay rent of the “non-professional” class. A 

minor increase in the non-professional’s rent paying abilities causes a disproportionate 

(44%) increase in their average population size. 

2. The impact of the rent paying ability of the professional class on populations of other classes 

is indirect. 

 

Figure 2.1 Decision rules for each agent class, with the rules at the top given the highest priority 
during a search for a location, and those at the bottom given the lowest. 
From "Agent-based simulation of urban residential dynamics and land rent change in a gentrifying 
area of Boston", by Jackson, J., Forest, B., & Sengupta, R., 2008, Transactions in GIS, 12(4), 475-491, 
p. 480. 

On the supply side, although there is a vigorous debate (Badcock, 1989, 1990, 1993; Bourassa, 1993; 

Bourassa & Badcock, 1990; Clark, 1988, 1992, 1995; Hammel, 1999b; Hamnett, 1991; Ley, 1987) over 

the rationality of the rent gap concept, some scholars do attach importance to the interactions 

between different localities. An irregular space Rent-Gap CA coupled with ABM is described by 

O'Sullivan (2002) with the aim of simulating gentrification dynamics in Hoxton, inner East London. 

Over a 60-year simulation period, there are five phases: stable owner-occupation, onset of decline, 

partial recovery, unstable rental, gentrification (Figure 2.2). It shows that the number of owner-
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occupied properties and rental properties are susceptible to the global neighborhood status. When 

the neighborhood is salubrious, the number of owner-occupied properties peaks and the number of 

rental properties minimizes; when properties become under-maintained, the number of owner-

occupied properties diminishes, while the numbers of rental properties and for-sale properties 

fluctuate. The dynamic cycle of the local housing market culminates with gentrification. This 

research illustrates the potential of combining CA, rent gap theory and ABM in simulating the 

dynamics of the housing market.  

 

Figure 2.2 Temporal dynamics of the simulated summary data of dilapidation and gentrification in 
Hoxton, inner East London. 
From "Toward micro-scale spatial modeling of gentrification", by O'Sullivan, D., 2002, Journal of 
Geographical Systems, 4(3), 251-274, p. 269. 

Based on regular CA, Wu (2003) suggests that development decisions are made as per the difference 

of developing intensity between an individual site and its neighborhood. If one site fulfils a threshold 

condition, then investment in that site increases and hence a new niche for its neighbors is created, 

eventually activating a possible avalanche of domino effects. Hence, Wu explores the frequency 

distribution of gentrification under various parameter combinations of rent gap and additional 

investment after gentrification. He finds that the investment increment should be 4 to 20 times 

higher than the rent gap to consist of large and small gentrification at all scales (for instance, 𝛼𝛼 =

10.0, 𝛾𝛾 = 0.005 in Figure 2.3). 
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Figure 2.3 Frequency distribution of the size of gentrification. 𝜶𝜶 represents additional investment 
after gentrification, 𝜸𝜸 for rent gap. 
From "Simulating temporal fluctuations of real estate development in a Cellular Automata city", by 
Wu, F., 2003, Transactions in GIS, 7(2), 193-210, p. 204. 

Diappi and Bolchi (2008) scrutinize the impact of variations of neighborhood, threshold rent gap and 

the amount of capital invested per step. They find that neighborhood size barely influences 

gentrification process. As the threshold rent gap increases (particularly after it is greater than 0.8), 

the cycle of renewal becomes longer and the oscillation amplitude of the average capitalized rent 

increases (Figure 2.4). The average capitalized rent varies more significantly as the amount of capital 

invested per step augments (Figure 2.5).  
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Figure 2.4 The effect of different threshold rent gaps (𝜹𝜹) on the average capitalized rent. 
From " Smith's rent gap theory and local real estate dynamics: A multi-agent model", by Diappi, L., & 
Bolchi, P., 2008, Computers, Environment and Urban Systems, 32(1), 6-18, p. 14. 

 

Figure 2.5 Range of oscillations of the average rent for different amount of capital invested per 
step. 
From " Smith's rent gap theory and local real estate dynamics: A multi-agent model", by Diappi, L., & 
Bolchi, P., 2008, Computers, Environment and Urban Systems, 32(1), 6-18, p. 15. 
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Tsang and Leung (2011) integrate rent gap theory and financial economics with CA to simulate urban 

redevelopment and new development in Hong Kong (Figure 2.6). Only the redevelopment rules (rule 

1 and its subrules) are presented here: 

Rule 1: If build-up value is smaller than potential ground rent, then rent gap appears and 

redevelopment is likely to take place. It includes three subrules: the Rule 1(A), the Rule 1(B) and the 

Rule 1(C). 

Rule 1(A): If the Rule 1 is fulfilled and the probability of finding a state at a site is greater than a 

threshold value, then redevelopment occurs.  

Rule 1(B): If both the Rule 1 and the Rule 1(A) are fulfilled, then choose the land use state with the 

highest probability at a site. 

Rule 1(C): If the Rule 1 is not satisfied, then redevelopment does not happen.  

 

Figure 2.6 Flow diagram of Tsang and Leung’s model. 
From "A theory-based Cellular Automata for the simulation of land-use change", by Tsang, S. W., & 
Leung, Y., 2011, Geographical Analysis, 43(2), 142-171, p. 151. 
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The limitations of these models revolve around either a supply-side or a demand-side approach. 

Hence, other researchers strive to account for the hiatus via combining both supply-side and 

demand-side approaches. Ma et al. (2013) simulated the effect of encouraging households to move 

from suburban to run-down downtown areas in a Japanese city via ABM and CA. For households that 

are unsatisfied with current locations and can afford to move with or without the housing allowance 

from the above-mentioned policy (Figure 2.7), the utility of potential relocation sites are estimated 

as being based on 18 housing attributes (e.g. floor area, amenity, policy publicity on both global and 

neighborhood level and stochastic factors). Households then choose housing with a corresponding 

utility according to the preferences of their life cycle stages. As a tentative effort to evaluate 

gentrification policy, their model does not involve how gentrification develops and occurs.  

 

Figure 2.7 Decision process for household relocation. 
From "Agent-based simulation of residential promoting policy effects on downtown revitalization", 
by Ma, Y., Shen, Z. J., & Kawakami, M., 2013, Jasss-the Journal of Artificial Societies and Social 
Simulation, 16(2). 

By introducing gentrifiers and gentrifiable properties that implement demand-side and supply-side 

explanations respectively, Torrens and Nara (2007)discuss the ramifications of four scenarios on the 

housing market: without either gentrifiers and gentrifiable properties (base scenario), with only 
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gentrifiers (demand scenario), with only gentrifiable properties (supply scenario) and with both 

gentrifiers and gentrifiable properties (demand-supply scenario).  

Semboloni (2008) simulates gentrification grounded in micro-economy theory (Alonso-Muth theory) 

of residential location both from demand and supply-side perspectives, associated with segregation 

dynamics. In his model, two types of agent are considered: developers (ranging from large real-

estate corporations to individual landlords) specializing in providing and rehabilitating houses, and 

households who bid for properties and renovate their house at a certain probability. As with 

transition rules, there are two factors: the household’s bid price and the household’s evaluation of 

potential housing. The former of these is calculated on the basis of the household’s income, 

accessibility cost (embracing shopping cost and commuting cost) and possible rejuvenating cost. If 

the household is reluctant to buy a house that requires refurbishment, the developer is assumed to 

carry out the necessary rehabilitation. The second factor is determined jointly by floor space, the 

quality of the property (deterioration extent), neighborhood density, the tolerance of the household 

in question to neighbors with different income levels, and accessibility cost. It is worth emphasizing 

that the tolerance factor is integrated into the evaluation equation as a segregation factor. Finally, 

the household can calculate the gain, which is the difference between a household’s property 

evaluation and its bid price, in order to decide whether to bid for the house and to renovate it after 

the deal. Properties are only assigned to the highest bidders. Semboloni (2008) concludes that there 

is a close relationship between gentrification and segregation. He performs two experiments by 

assigning two extreme values to the tolerance of households: all households being tolerant and all 

households being intolerant (Figure 2.8). Compared with the case of all intolerant households, 

tolerant households facilitate gentrification, but dilute income segregation.  
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Figure 2.8 Spatial distribution of inhabitants by income with two extreme tolerances. High income 
households: red colored, low income: blue colored. Left: all the households are intolerant; right: 
all are tolerant. 
From "Segregation and gentrification as emerging phenomena from the real estate market", by 
Semboloni, F., 2008, Paper presented at the 48th Congress of the European Regional Science 
Association, Liverpool, p. 10. 

As a springboard for Section 2.4, this section only reviews previous models generally to identify the 

hiatus. Since Chapter Two and Three have been submitted as a paper for peer-review, some more 

detailed comments on previous models will be made in Chapter Three to inform the abstract model.  

2.4 Research gap 

Previous endeavors by gentrification modelers have improved the understanding of micro 

gentrification simulation. However, they are still far from perfect. Only one-sided models are 

insufficient to simulate gentrification. As a potential remedy, the hybrid models above (i.e. the 

supply-demand models) are valuable attempts to build well-rounded gentrification models. 

However, such agent decision-making comes at the cost of simplicity. For instance, Semboloni’s 

(2008)model requires nine parameters to represent this process, possibly compounding the difficulty 

of unpacking the intricacies of gentrification. Another by-product of agent decision-making is the 

utility function of agent is difficult to validate. A possible solution is the household life cycle 

discussed in Section 2.2.3. Household life cycle theory is likely to simplify and generalize the 

gentrification model by linking the household life stages to gentrifier’ motives. At present, few 

research has integrated household life cycle theory into gentrification simulation. Hence, the first 

objective (Section 1.2) aims to fill the void. And due to data scarcity, the gentrification theory is not 

thoroughly evaluated in previous research. Moreover, current gentrification pattern analyses are 
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mainly descriptive and lack quantitative analysis. In this sense, the second and third objectives in 

Section 1.2 aim to evaluate gentrification theory with empirical data and analyze the fundamental 

spatial dynamics of gentrification more rigorously.   

2.5 Conclusion 

This chapter reviewed three gentrification theories (i.e. rent gap theory, filtering theory and 

household life cycle theory), which provide the theoretical foundation for CA and ABM. Filtering and 

rent gap theory, whose relationship is cause and effect, delineate housing dynamics: housing 

deterioration and rehabilitation, respectively. Household life cycle theory analyzes the role of 

household life cycle in shaping the housing market. Meanwhile, the review of previous gentrification 

models suggests that there is a need for a simple gentrification model, covering demand-side and 

supply-side factors.   
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3 An Abstract Model of Gentrification1 

3.1 Introduction 

This chapter introduces an abstract gentrification model grounded in rent gap theory, filtering 

theory and household life cycle theory. Section 3.2 describes the model structure: model entities, 

state variables and scale (Section 3.2.1) and model processes (Section 3.2.2); Section 3.3 shows the 

preliminary findings of the model and Section 3.4 points out the direction of follow-up work. 

3.2 Model description 

The model consists of cellular automaton (CA)  (Batty, 2005) and agent-based model (ABM) 

components(Benenson & Torrens, 2004). One cell in the model represents a housing unit in reality 

and the model space, which is wrapped horizontally and vertically, is 100 × 100 cells, representing 

part of a larger urban area. Each time step in the model represents one year and the model runs for 

500 steps. This time frame, by no means, suggests de facto or simulated gentrification requires 500 

years to occur. Instead, this long running step is merely for the convenience of assessing system 

behavior. Given the abstract nature of the model, it can set the stage for the simulation in a realistic 

empirical setting in the future. Therefore, this thesis needs to explore variability of the system 

dynamics on various model parameter settings, and then identify their relative importance (refer to 

the first objective in Section 1.2). This entails a relatively long simulation step for a reliable 

estimation. 

Initially, the rent value of all cells is set in the range (1.00, 100.00) randomly. The rent values are 

then smoothed to produce an autocorrelated surface, by repeated localized averaging of the rent 

values among each cell’s Moore neighbors (i.e. eight neighboring cells in the grid). Subsequently, 

households are assigned to the housing cells by applying the probabilistic household-move 

procedure including household exit procedure and household entry procedure (elucidated in Section 

3.2.2). The age of each household is set randomly from the corresponding age cohort. 

3.2.1 Entities, state variables and scale 

There are two entities in the model: households and housing, represented by agents and cells 

respectively. In previous works, the household life cycle has been represented as an agent-based 

model, with a succession process from each life cycle stage to the next. For example, Torrens (2001, 

2007) proposes a ABM with three household life cycle stages: young, middle and senior stages. 

Fontaine and Rounsevell (2009) and Ma et al. (2013) divide agent life cycles into five stages: (1) 

1 Chapters Two and Three have been submitted as a paper for peer-review.  
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when a child leaves his/her parents; (2) when a new couple is formed; (3) when a couple has 

children; (4) when all children have left the family home; and (5) when members of a household 

retire. In our model, we adopt the simpler three-stage household life cycle considering the age of a 

notional head of household as a proxy for the life cycle stage, which in turn drives major changes in 

housing preferences and income of the household. The age of the head of household ranges from 18 

to 75, with 18 – 35 categorized as ‘young’, 36 – 55 as ‘middle-aged’ and 56 – 75 as ‘old’. 

Meanwhile, the housing rent 𝑟𝑟 is also divided into three categories: ‘run-down’, ‘affordable’ and 

‘expensive’. The range of rents in each category is determined with respect to the overall 

distribution of rents in the model, with the mid-range affordable category within half a standard 

deviation either side of the mean rental value, and the run-down and expensive housing below and 

above this range respectively (Table 3.1). There are only two statuses for a cell: occupied or vacant. 

A housing unit may contain one and only one household when it is occupied. If the household 

relocates without another household moving in, the housing unit becomes vacant. 

Table 3.1 Housing rent categories* 

Housing Type Rental value range 

Run-down 𝑟𝑟 ≤ µ𝑟𝑟 −
𝜎𝜎𝑟𝑟
2

 

Affordable µ𝑟𝑟 −
𝜎𝜎𝑟𝑟
2

< 𝑟𝑟 < µ𝑟𝑟 +
𝜎𝜎𝑟𝑟
2

 

Expensive 𝑟𝑟 ≥ µ𝑟𝑟 +
𝜎𝜎𝑟𝑟
2

 

*µ𝑟𝑟and 𝜎𝜎𝑟𝑟  are the mean and standard 
deviation of all housing unit rental values 
respectively. 

Household movement dynamics arise from decisions by existing households to exit the model and 

from the types of household (young, middle-aged or old) that replace existing households. The 

propensity of households to exit the model is determined by age (Nijkamp et al., 1993). There is a 

general social tendency that households gradually amass wealth, start a family and settle down into 

middle age, followed by children leaving home and retirement in later years. Based on a 1990 U.S. 

Census one-percent sample, Fox (2000) studies the relationship between income and age, 

suggesting that household economic capacity generally increases into middle age and dwindles after 

that. Moreover, according to Muth’s observation and analysis (1969), the housing expenditure of 

middle-aged households exceeds that of old households due to their desire for more space, while 

the old spend more than the young, probably because a better living environment is beneficial to 

health. Based on these observations and assumptions, there is an approximate matching process 
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between housing rent level and household life cycle stage: run-down for the young, affordable for 

the old and expensive for the middle-aged. Independent of any economic drivers for relocation, 

young households move most frequently (Muth, 1969). Old households are the least likely to move 

due to physical condition and due to emotional ties with current places. Therefore, household 

mobility diminishes with age in our model.  

Although the household life cycle clearly affects the housing market (see Myers and Ryu, (2008)), it is 

also apparent that many other factors, such as differences in education between different age 

cohorts (Green & Hendershott, 1996), cause variation in the housing market, rather than simple 

aging per se. If multiple factors, including mobility, are involved in household moving decisions, a 

deterministic one-to-one match between household age and dwelling is overly restrictive. 

Accordingly, a probabilistic household dynamic is employed to represent the complexity and 

uncertainty of the household decision process. When housing units become dilapidated below the 

preferred level of the middle-aged or are renovated beyond the affordability of the young, both 

types of household are more likely to relocate, with exit matching probability 𝐼𝐼𝑥𝑥 (10% ≤ 𝐼𝐼𝑥𝑥 ≤

100%). 𝐼𝐼𝑥𝑥 is the probability for one household leaving her current abode, which is not suitable for 

her age, for a new one commensurate with her present life situation. The higher the exit matching 

probability is, the more susceptible the household type is to housing category change. Note that the 

lower bound of 𝐼𝐼𝑥𝑥, i.e. 10 percent, is the general probability of exit. Senior households are assumed 

to be less sensitive to the fluctuation of housing market and are less likely to move, so their mobility 

in any housing type is equal to the general probability of exit of 10 per cent (Table 3.2a). On the 

other hand, although run-down vacant housing is the preferred housing type for young households, 

and expensive for the middle-aged, it is possible for other types of household to occupy such 

housing. For affordable vacant housing units, the occupancy probability ratio of three household 

types is approximately equal. Consequently, vacant run-down and expensive housing are assigned to 

young and middle-aged households respectively with an entry matching probability 

𝐼𝐼𝑦𝑦(33.3% ≤ 𝐼𝐼𝑦𝑦 ≤ 66.7%) while others are evenly assigned (Table 3.2b). The difference between the 

exit matching probability and the entry matching probability is that the former is for the households 

intending to move while the latter is for the vacant housing. 
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Table 3.2a Household exit matching probability 𝑷𝑷𝒙𝒙 matrix 

 Rent level 

Household Type Run-down Affordable Expensive 

Young 10% 10% 𝐼𝐼𝑥𝑥 
Middle-aged 𝐼𝐼𝑥𝑥 10% 10% 
Old 10% 10% 10% 

 

 

Table 3.2b Household entry matching probability 𝑷𝑷𝒚𝒚 matrix* 

 Rent Level 

Household Type Run-down Affordable Expensive 

Young 𝐼𝐼𝑦𝑦 33.3% 66.7% − 𝐼𝐼𝑦𝑦 
Middle-aged 66.7% − 𝐼𝐼𝑦𝑦 33.3% 𝐼𝐼𝑦𝑦 
Old 33.3% 33.4% 33.3% 

*The household entry matching probability 𝐼𝐼𝑦𝑦 refers to the 
relative probability of occupation by a particular household type 
of a particular vacant housing rent level. Hence, the sum of each 
row or column is one. 

This approach allows us by varying the settings of household exit matching probability 𝐼𝐼𝑥𝑥 and entry 

matching probability 𝐼𝐼𝑦𝑦 to explore a range of model configurations from strong matching of 

household types with housing categories (high values of 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦) to much weaker matching (low 

values). More specifically, if both 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦 are set to the low end of their range, then the relocation 

process is completely random with respect to the allocation of household types to housing rent 

levels; if 𝐼𝐼𝑥𝑥 is set to the high end of its range, young households exit housing that become expensive, 

while middle-aged households similarly deterministically leave run-down housing; if 𝐼𝐼𝑦𝑦 is set to the 

high end of its range, then young households will occupy newly available run-down housing 2/3 of 

the time, and old households 1/3 of the time, while middle-aged households will never occupy these 

housing; meanwhile, middle-aged households will occupy 2/3 of available expensive housing, and 

old households 1/3. A difficulty with this approach is determining appropriate probabilities due to a 

scarcity of data. Thus, to examine the impact of different household-entry and exit probabilities, we 

sweep the parameter space of both 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦 in Section 3.3. 

There are two processes in the model’s housing rent dynamics: deterioration and gentrification. 

Housing rental value may fall unevenly, giving rise to disparities in the rent between a housing unit 
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and its surroundings, and potentially creating a niche for gentrification. Earlier models (Diappi & 

Bolchi, 2008; O'Sullivan, 2002; Tsang & Leung, 2011; Wu, 2003) have also represented housing 

dynamics in this way. 

As a simple CA-ABM model combining both supply- and demand-side theories, our model switches 

the influence of households from the decision to renovate (gentrify) to the depreciation process. 

Each age cohort is characterized by a housing deterioration rate, and the difference between each 

housing deterioration rate is the key parameter linking housing life cycle and household life cycle to 

combine supply-side and demand-side theories. Thus, housing occupied by young households 

degrades faster than that occupied by other household types, since we may expect the majority to 

be tenants and many young house owners may have a tight budget for the upkeep and maintenance 

of housing; old households maintain their dwellings more frequently than the young, but less so 

than the middle-aged. These model characteristics yield spatially heterogeneous patterns of housing 

rental values that pave the way for gentrification events.  

The housing deterioration rate is the ratio of rent reduction between two consecutive years to the 

rent in the previous year (Eq. 3.1). There are three housing deterioration rates (𝑅𝑅) for the three age 

cohorts. The middle-aged deterioration rate (𝑅𝑅𝑀𝑀) is the baseline or benchmark value, while the rate 

for young (𝑅𝑅𝑌𝑌) and old (𝑅𝑅𝑂𝑂) households are calculated as below. Housing rent depreciates 

proportionally with the deterioration rate. The typical value of 𝑅𝑅𝑀𝑀 is 0.005, which is close to the 

estimate by Margolis (1982) and Coulson & Bond (1990) (Section 2.2.2). Stochastic disturbance is 

added to the extent that three distributions of deterioration rate can overlap each other (Table 3.3 

and Figure 3.1). 

𝒓𝒓𝒕𝒕 = 𝒓𝒓𝒕𝒕−𝟏𝟏(𝟏𝟏 − 𝑹𝑹) Eq. 3.1 

𝑹𝑹𝑶𝑶 = 𝑬𝑬𝑹𝑹𝑴𝑴 Eq. 3.2 

𝑹𝑹𝒀𝒀 = 𝒋𝒋𝑬𝑬𝑹𝑹𝑴𝑴 Eq. 3.3 

where 𝑗𝑗 and 𝑘𝑘 are introduced to calculate 𝑅𝑅𝑌𝑌 and 𝑅𝑅𝑂𝑂 based on 𝑅𝑅𝑀𝑀, representing the old 

deterioration rate disparity and the young deterioration rate disparity, respectively. Since 𝑗𝑗 and 𝑘𝑘 

are greater-than-one constants, they are set as two and three, respectively. It is noteworthy that the 

typical mean value of 𝑅𝑅𝑀𝑀, 𝑗𝑗, 𝑘𝑘 and the three standard deviations (Table 3.3)are set as per the 

empirical data. Section 5.2.2 will clarify this (Table 5.1).  

Increasing the disparity will speed up the appearance of rent gaps and the overall model dynamics, 

while reducing it will reduce the speed of the model. Due to space limitations in this chapter, a more 
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thorough investigation of the effect of this parameter is not reported here, but will be carried out in 

Chapter Five.  

Table 3.3 State variables of household* 

Household Type Age Housing Deterioration Rate 

Young [18, 35] 𝑁𝑁(𝜇𝜇 = 0.03,𝜎𝜎 = 0.015) 
Middle-aged [36, 55] 𝑁𝑁(𝜇𝜇 = 0.005,𝜎𝜎 = 0.003) 

Old [56, 75] 𝑁𝑁(𝜇𝜇 = 0.015,𝜎𝜎 = 0.008) 

*𝑁𝑁(𝜇𝜇,𝜎𝜎) is the normal distribution with mean 𝜇𝜇 and 
standard deviation 𝜎𝜎. 

 

Figure 3.1 Comparison of deterioration rate distributions. 

In measuring rent gap, Smith (1996, p. 60) proposes that capitalized ground rent is calculated at the 

level of land parcel and potential rent−“highest and best use”, which depends on the location of land 

on the metropolitan scale. However, Hammel (1999b) argues that the neighborhood probably 

determines the potential rent because, in deprived neighborhoods, redevelopment of some sites is 

unlikely despite the high metropolitan potential land value there. This train of thought is also 

reflected in micro simulation of urban development. Some scholars (Diappi & Bolchi, 2008; Tsang & 

Leung, 2011) claim that potential rent depends on the proximity of the city center and other 

facilities, such as highway interchanges, transit stops, employment sub-centers and other amenities. 

Meanwhile, others (O'Sullivan, 2002; Semboloni, 2008; Wu, 2003) use the average rent of a 

neighborhood as the potential rent. Since it seems that both the neighborhood level and the 

metropolitan level mold the potential rent, two potential rents are considered in our model: the 

neighborhood potential rent (�̅�𝑟𝑛𝑛), which is the mean rent of the Moore neighborhood for the cell in 
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question, and the metropolitan potential rent (�̅�𝑟𝑚𝑚), which is a function of cell location, for example, 

the distance to city center, shopping center, train station, bus stop and so on. Since the simulation 

extent size is close to part of a larger urban area, the metropolitan potential rent (�̅�𝑟𝑚𝑚) is presumed to 

be constant, which is the maximum rent after model initialization for all housing units.First, the rent 

gap is calculated as the difference between the rent of the cell in question and �̅�𝑟𝑛𝑛, so run-down 

housing close to higher rent neighborhoods have a greater chance of renovation. When renovation 

occurs, the new level of rent is then set equal to a value, between �̅�𝑟𝑛𝑛 and �̅�𝑟𝑚𝑚, which are the lower 

bound and upper bound respectively, represented in the equation below. 

𝒊𝒊𝒊𝒊 
𝟏𝟏
𝟖𝟖 �

𝒓𝒓�𝒏𝒏 − 𝒓𝒓
𝒓𝒓�𝒏𝒏

� ≥ 𝒈𝒈 𝒕𝒕𝒕𝒕𝒕𝒕𝒏𝒏 𝒓𝒓𝒕𝒕+𝟏𝟏 = 𝒓𝒓�𝒏𝒏 + 𝑵𝑵�
𝒓𝒓�𝒎𝒎 − 𝒓𝒓�𝒏𝒏

𝟐𝟐 ,𝜶𝜶� Eq. 3.4 

where 𝑟𝑟𝑡𝑡+1 is the new level of rent, 𝑔𝑔is the threshold rent gap which is a model input parameter, 

while the comparison variable is a local rent gap calculated as in Wu’s model(2003), and 

𝑁𝑁 ��̅�𝑟𝑚𝑚−�̅�𝑟𝑛𝑛
2

,𝛼𝛼� is the rent offset from the local Moore neighborhood mean, normally distributed with 

a mean value �̅�𝑟𝑚𝑚−�̅�𝑟𝑛𝑛
2

 and a standard deviation α. Theoretically, �̅�𝑟𝑛𝑛 is smaller than �̅�𝑟𝑚𝑚because of the 

housing deterioration in the community. There are two pivotal variables in this calculation: rent gap 

threshold (𝑔𝑔) and rent offset (0 ≤ 𝑁𝑁 ��̅�𝑟𝑚𝑚−�̅�𝑟𝑛𝑛
2

,𝛼𝛼� ≤ �̅�𝑟𝑚𝑚 − �̅�𝑟𝑛𝑛). Obviously, because 0 ≤ 1
8
− 𝑟𝑟

8�̅�𝑟𝑛𝑛
≤

0.125, 𝑔𝑔ranges from 0 to 0.125. To guarantee new rent falling between �̅�𝑟𝑛𝑛 and �̅�𝑟𝑚𝑚, the stochastic 

rent offset is curbed to between 0 and �̅�𝑟𝑚𝑚 − �̅�𝑟𝑛𝑛. The new rent after revitalization needs to cover the 

range of affordable and expensive rent categories to be closer to reality, so the standard deviation 𝛼𝛼 

is set to 10 by trial and error. 

3.2.2 Process overview and scheduling 

Processes in the model are listed below in their annually executed order: household aging, 

household exit, household entry, housing deterioration and housing renovation. Figure 3.2illustrates 

the relationship between components of three theories. Processes are in italic capital characters. 

The dashed lines connecting household life cycle and the housing deterioration process represent 

how age cohorts affect the pace of housing dilapidation. A pseudo code of the processes is provided 

to help readers understand the model.  
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Figure 3.2 Top level relationships between gentrification theories and model processes. 

Pseudo code for each process is as follows: 

Household aging:  

for all agents:  

𝑎𝑎𝑔𝑔𝑎𝑎 ← 𝑎𝑎𝑔𝑔𝑎𝑎 + 1 

 

Household exit: 

for all agents:       

      if((𝑟𝑟 ∈ Expensive and age ∈ Young) or (𝑟𝑟 ∈ Run-down and age ∈ Middle-aged)): 

with probability 𝐼𝐼𝑥𝑥 

                  move out  

      else: 

with probability 0.1: 

                  move out  
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Household entry: 

for all vacancies:       

𝑃𝑃 ← 𝑈𝑈(0,1) # 𝑈𝑈(0,1) represents a uniform distribution between zero and one. 

if (𝑃𝑃 ≤ 0.67):    # decide between young and middle-aged household  

if (𝑟𝑟 ∈ Expensive):     

if (𝑃𝑃 ≤ 0.67 − 𝐼𝐼𝑦𝑦):                          

                        generate a Young household 

else: 

generate a Middle-aged household 

            if(𝑟𝑟 ∈ Affordable):    

if (𝑃𝑃 ≤ 0.33): 

                        generate a Young household     

else: 

generate a Middle-aged household   

if (𝑟𝑟 ∈ Run-down):     

if (𝑃𝑃 ≤ 𝐼𝐼𝑦𝑦): 

                        generate a Young household     

else: 

generate a Middle-aged household  

else: 

generate an Old household  

 

Housing deterioration: 

for all cells: 

𝑟𝑟 ← 𝑟𝑟 ∗ (1 − 𝑅𝑅𝑎𝑎𝑑𝑑𝑎𝑎𝑟𝑟𝑑𝑑𝑑𝑑𝑟𝑟𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑟𝑟𝑎𝑎𝑑𝑑𝑎𝑎) 

 

Housing renovation: 

for all cells: 

if1
8
��̅�𝑟𝑛𝑛−𝑟𝑟

�̅�𝑟𝑛𝑛
� ≥ 𝑔𝑔: 

𝑟𝑟 ← �̅�𝑟𝑛𝑛 + 𝑁𝑁(�̅�𝑟𝑚𝑚−�̅�𝑟𝑛𝑛
2

, 10)  
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3.3 Preliminary results 

There are three independent variables in the model: the household exit matching probability 𝐼𝐼𝑥𝑥 

(10% ≤ 𝐼𝐼𝑥𝑥 ≤ 100%), the household entry matching probability 𝐼𝐼𝑦𝑦 (33.3% ≤ 𝐼𝐼𝑦𝑦 ≤ 66.7%) and the 

threshold rent gap 𝑔𝑔, which is hereinafter referred to as the rent gap (0 < 𝑔𝑔 < 0.125, refer to Eq. 

3.4), while the rent gap of an individual cell is referred as the local rent gap. As per the rent gap 

theory, when the local rent gap of a housing unit exceeds the threshold rent gap (𝑔𝑔), it is more likely 

to be renovated. To systematically analyze the impact of each parameter, three series of three-

dimensional plots containing 600 parameter sample value combinations (10 × 12 × 5, in which 𝐼𝐼𝑥𝑥 

has 10 samples, 𝐼𝐼𝑦𝑦 for 12 samples and 𝑔𝑔 for 5 samples. The number of samples is defined 

empirically.) are shown in Figures 3.3, 3.4 and 3.5, representing the mean renovation events, the 

mean Moran’s I index of rental autocorrelation (O'Sullivan & Unwin, 2010) and the mean proportion 

of neighboring-like households. Figure 3.3 is the mean number of housing units that exceed the rent 

gap threshold and renovate, i.e. the mean renovation events; the mean rental Moran’s I in Figure 3.4 

is calculated from the map of rental value; Figure 3.5 is the average proportion of households in the 

same life cycle stage (young, middle, old) among eight neighbors for all households, i.e. the mean 

proportion of neighboring-like households.  

Apparently, the wider the threshold rent gap 𝑔𝑔 is, the less renovation events are. The vertical scale 

in Figure 3.3 is reduced as 𝑔𝑔 increases. Conversely, larger 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦 tend to facilitate renovation. 

However, when 𝑔𝑔 is extremely small, for example 0.01, renovation are so frequent that most 

housing are salubrious and expensive. Under this circumstances, if the entry and exit matching 

probabilities (𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦) are very high, the majority of households will be the middle-aged, leading to 

lack of deterioration rate disparity for further renovation. Consequently, when 𝑔𝑔 is 0.01, renovation 

events peak not at the highest 𝐼𝐼𝑥𝑥, but at around 𝐼𝐼𝑥𝑥 = 0.6. 

With various combinations of rent gap and entry and exit probabilities (i.e. 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦), there are 

broadly two types of housing renovation dynamic: spatially scattered or disjoint renovation events 

and spatially connected events that form gentrification ‘waves’, initially triggered by isolated housing 

renovation, giving rise to the more segregated rental Moran’s I and like-neighbor proportions. In 

fact, the rental pattern is mainly determined by the rent gap, while the entry and exit matching 

probabilities regulate the speed of renovation or gentrification without a fundamental rental pattern 

alteration. Generally, a higher rent gap can generate a more segregated rental pattern. Figure 3.4 

suggests that when the rent gap exceeds approximately 0.07, the Moran’s I surface becomes above 

0.3, an approximate empirical threshold for the segregated pattern (O'Sullivan & Unwin, 2010). 

Below 0.07, the majority of renovation is isolated events, and the more scattered renovation events 
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are, the lower Moran’s I is and vice versa. This can explain why the trend of renovation events in 

Figure 3.3 is opposite to that of Moran’s I in Figure 3.4 before 0.07, while consistent with it after 

0.07. The extreme case is when there is no match between households and housing at a 0.12 rent 

gap (𝐼𝐼𝑥𝑥 = 10% and 𝐼𝐼𝑦𝑦 = 33.3%), either renovation or gentrification ceases and Moran’s I drops 

near to zero. Moreover, as is clear from Figure 3.5, there is a positive association between matching 

probabilities and the like-neighbor proportion: the higher matching probabilities are, the stronger 

the spatial exclusion is.  

 

Figure 3.3 Mean renovation events in the model parameter space. Note that the vertical scale on 
these figures are different. 
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Figure 3.4 Mean rental value Moran’s I in the model parameter space. 

 

Figure 3.5 Mean like-neighbor proportion in the model parameter space. 
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Because of the predominant role of rent gap in the dynamics of gentrification, we further the 

exploration by varying the rent gap with 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦 fixed at 80% and 50% respectively. With an 

increasing rent gap, the average rental Moran’s I increases, indicating that the rent pattern becomes 

more strongly spatially structured, with regions of high and low rent clearly segregated (Figure 3.6). 

When the rent gap is over 0.07, not only does Moran’s I increase further, it exhibits more variability 

over time. This is due to a gentrification boom and bust cycle at high rent gaps. At lower rent gaps 

there is no cyclic gentrification pattern, and the Moran’s I is both lower and less variable over time. 

 

Figure 3.6 Box plot of all rental Moran’s I at last 250 steps. 

Three rent gap settings were sampled to examine this effect more closely: low (0.01), medium (0.06) 

and high (0.1). The numbers of renovation events, rental Moran’s I and like-neighbor proportions are 

plotted in Figures 3.7, 3.8and 3.9. Since the first renovation after initialization occurs at different 

times (higher rent gap needs more time to reach the threshold), all time series figures below start 

approximately before the first renovation event at the high rent gap.  
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Figure 3.7 Dynamics of the renovation events at low, medium and high threshold rent gap levels. 

 

Figure 3.8 Dynamics of the rental Moran’s I at low, medium and high threshold rent gap levels. 

The dashed lines in Figure 3.7 represent all renovation events, while the solid lines show the number 

of renovation events that occurred as part of “chain reactions” – that is, spatially adjacent and 

temporally consecutive renovation events. These renovation events thus happened in the Moore 

Neighborhood of a cell that was renovated in the immediately previous time step. At low and 

medium rent gaps, the potential capital value arising from rent disparity between neighbors is 

realized as a result of general renovation events. A relatively large proportion of renovation events 

are spatially disjoint, leading to a significant gap between the dashed and solid lines. Moran’s I at 

both these rent gap levels is relatively low (Figure 3.8), indicating that the rent pattern is not strongly 
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spatially structured. At the higher rent-gap level, larger differences between rental values in 

different regions of the model can build up over time, but, once a single site is renovated, renovation 

of neighboring sites is likely to be triggered in a spatially contagious process. This results in almost all 

renovation events being part of chain reactions of renovations or gentrification ‘waves’, and also 

leads to higher Moran’s I values. Thus, a higher rent gap produces greater spatial organization of the 

system. The chain-reaction effect produces periodic spatially coordinated dynamics more consistent 

with the observation of neighborhood-level gentrification: the phenomenon of gentrification only 

exists as a neighborhood-level occurrence, and in this model a certain minimum level of the critical 

rent gap that triggers site-level renovation is required for such coordinated spatial dynamics to 

develop. It is noteworthy that at very low 𝑔𝑔, the ratio of renovation events in chain reactions to all 

events is only high (Figure 3.7) because renovation happens almost everywhere all the time, 

therefore this is not really spatially organized gentrification, but simply a high level of randomly 

distributed renovation activity.   

The dynamics of like-neighbor proportions at low and medium rent gaps are chaotic and show little 

variation over time. That at a low rent gap is higher than that at a medium rent gap (Figure 3.9), 

which is out of kilter with rental Moran’s I. A possible avenue of explanation is that the like-neighbor 

proportion is a mean local index, which is sensitive to both local and global dynamics. Hence, there is 

a discrepancy between them in measuring the mixed pattern. As a high rent gap starts to prevail in 

the gentrification dynamics, the distinct cyclic pattern of like-neighbor proportion present with a 

larger variation. The proportion surges after the gentrification wave begins, then drops down and 

levels off at a relatively low value during the gentrification lull period. The interpretation of Figure 

5.5 in Section 5.3 will expand on the erratic dynamics of like-neighbor proportions in Figure 3.9. 
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Figure 3.9 Dynamics of the mean-like neighbor proportion at low, medium and high threshold rent 

gap levels. 

Since the new rent level after renovation varies between �̅�𝑟𝑛𝑛 and �̅�𝑟𝑚𝑚 and can move a site from one 

rental category to another (e.g. run-down to expensive), the constitution of rental category change 

can illuminate on the gentrification pattern (Table 3.4). As the rent gap increases, rental disparities 

before and after gentrification widen, leading to an increase in the proportion of gentrification 

events from the run-down class to the expensive. Correspondingly, other transitions are reduced: 

changes from the run-down to the affordable and within the same category decline significantly, 

while changes from affordable to expensive are rare in all scenarios (this is because an affordable 

property is unlikely to have a rental value very different from its neighbors, and hence to meet the 

rent-gap threshold for renovation). At low rent gaps, highly proactive renovation activity maintains 

most houses in good condition and the upkeep of scattered dilapidated housing is unlikely to trigger 

avalanches of further gentrification. The overall outcome is more mixed rental value patterns at 

lower rent gaps. 

Table 3.4 Renovation constitution of rental category change 

  Category Change 

Rent Gap 
Threshold, g 

 Run-down to 
Affordable (%) 

Run-down to 
Expensive (%) 

Affordable to 
Expensive (%) 

Within the Same 
Category (%) 

Low  145,896 (32.3%) 266,060 (58.8%) 2,010 (0.4%) 38,307 (8.5%) 
Medium  10,433 (15.3%) 56,971 (83.7%) 92 (0.1%) 576 (0.8%) 
High  1,689 (6.1%) 25,922 (93.7%) 32 (0.1%) 24 (0.1%) 
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The spatial dynamics of rental values and household distribution at three rent gaps are shown in 

Figures 3.10, 3.11, 3.12 and 3.13 using snapshots at times 120, 130, 140 and 150, over which span 

the first relatively complete gentrification wave at high rent gap occurs (Figure 3.7). These 

sequences show how the spatial patterns evolve. In Figure 3.10, the randomly distributed rental 

values are associated with a relatively low Moran’s I below 0.3, meaning there are weak correlations 

among neighboring housing units. The rent configuration in Figure 3.11 is also fragmented but 

slightly more structured. The lower overall rental values are evident and result from the reduced 

amount of renovation activity. 

 

Figure 3.10 Rental value maps at the low threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟏𝟏. 
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Figure 3.11 Rental value maps at the medium threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟎𝟎. 

A much more strongly clustered rental value pattern is evident at high rent gap (Figure 3.12) and is 

distinct from the other cases. Spatially coherent ‘waves’ of gentrification starting at boundary 

regions between low- and high-rent areas spread into low-rent regions until they are completely 

renovated. In this process, the neighborhood-scaled potential rent impinges on the rent gap, 

therefore resulting in wave-like gentrification dynamics, while the metropolitan potential rent 

affects the new rent after renovation. This is consistent with empirical (albeit qualitative and 

anecdotal) observation: gentrification often begins not in the center of run-down districts where the 

rent gap based on metropolitan potential rent is likely to be the greatest, but at the edge of better-

off regions which have the largest local rent gap, for example, mixed working-class and poor 

neighborhoods near downtown. For example, in Chicago, gentrification started not in the South 

Side, but in the Near North Side before advancing into the poorer west of downtown (Lees et al., 

2008). Meanwhile, the property price in gentrified areas more often than not climbs rapidly, a 

reflection of the true metropolitan potential rent. Figure 3.13 displays how gentrification wave 

shapes the trends of household distribution. Young and middle-aged households move with the 

rental change in space, forming a vague segregation pattern: both types predominate in areas of 

their corresponding rent categories. 
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Figure 3.12 Rental value maps at the high threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟏𝟏. 

 

Figure 3.13 Household age distribution maps at the high threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟏𝟏. 
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To appreciate the spatial dynamics of gentrification fully, renovation events within a time span are 

tracked in Figures 3.14, 3.15 and 3.16. Any two gentrified cells spatially adjacent and temporally 

consecutive are linked together, forming a ‘trail’ of renovations. The earlier the renovation is, the 

darker the color. Isolated renovations are not shown on these maps. Because of differences in 

gentrification frequency and pattern, similar numbers of renovation events over different time 

windows are shown, to allow comparison across the three rent gap levels. Since the total 

gentrification events at a high rent gap from time step 120 to 150 (mapped in Figure 3.12) is 4598, 

approximately the same number of events occur at a medium rent gap from time step 120 to 151 

(5614 events), and from time step 120 to 122 at the low rent gap (4397 events). As we move from a 

low to a high rent gap, the spatial gentrification pattern becomes more extensively connected. At 

the high rent gap, chain reactions of renovation are evident, forming avalanche or wave patterns 

that shape the spatial structure of the system.  

 

Figure 3.14 Renovation event tracks at the low threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟏𝟏. 
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Figure 3.15 Renovation event tracks at the medium threshold rent gap𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟎𝟎. 

 

Figure 3.16 Renovation event tracks at the high threshold rent gap𝒈𝒈 = 𝟎𝟎.𝟏𝟏. 

Connected sequences of gentrification events from 100 to 130 at the high rent gap are also shown in 

Figure 3.17 as a spatio-temporal plot, where the vertical Z axis represents time. Initially, several 

scattered spots are renovated (green links). But these renovation events do not necessarily presage 

a large-scale gentrification since some of them ‘die out’. When a gentrification avalanche or wave 

does develop, it only rehabilitates a proportion of the whole model space, while other locations that 

depreciate later are renewed in subsequent cycles. Given sufficient time, all housing units are 
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renovated. The outcome of spatio-temporal wave-like gentrification is regions of similar rental 

values (as seen in the Moran’s I statistics and in Figure 3.12), which may also lead to a strong spatial 

structure of different age cohorts. 

 

Figure 3.17 Spatio-temporal gentrification at the high threshold rent gap𝒈𝒈 = 𝟎𝟎.𝟏𝟏. 

3.4 Conclusions 

The model we present investigates how various patterns emerge from the interaction of two 

interconnected individual succession processes: the household life cycle and the housing life cycle. 

While our model is very abstract it appears to capture important qualitative features of 

gentrification sufficiently well to merit further exploration. 

In summary, provided there is some degree of coupling between housing rent levels and household 

type (as a result of high 𝐼𝐼𝑥𝑥 and 𝐼𝐼𝑦𝑦 settings), then a variety of spatial dynamics of gentrification and 

rental-value patterns is observed, depending on the rent gap threshold. At low rent gap thresholds, 

renovation occurs throughout the system at high rates, with only weak spatial structure, leading to a 

spatially mixed rental-value distribution. As the threshold rent gap increases to a high level, 

renovation becomes more concentrated in specific areas, resulting in more strongly structured and 

segregated rental-value patterns, as a result of spatially and temporally connected waves or 

avalanches of renovation events, which may be considered to be neighborhood gentrification. At the 

same time, closer investigation shows that gentrification waves are initiated at the boundary of 

more run-down areas neighboring higher-rent areas, in accordance with empirically observed 

gentrification.  
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Further research is clearly required. First, an exploration of the various parameters that have been 

given set values in this chapter would assist in understanding any effects they may have on the 

gentrification patterns; in particular it is important to determine over how wide a range of levels of 

the parameters, gentrification wave effects and socioeconomic segregation are observed. Second, 

parameterizing the model in a realistic empirical setting is required to establish that it can produce 

plausible outcomes of potential relevance to understanding the dynamics of real-world settings. 

Both of these will be discussed in Chapter Five. 

 

  

43 

 



4 Gentrification Theory Evaluation 
4.1 Introduction 

This chapter aims to establish the empirical foundation for the rent gap aspect and the household 

life cycle aspect of the simulation model developed in this thesis. As one of the key issues in rent gap 

theory, measuring rent gaps empirically is notoriously difficult. In those data that are available, such 

as house sale data, it is difficult to distinguish ground rents from housing prices and, what is 

potentially more problematic, housing prices are influenced by other factors driving the real-estate 

market, such as mortgage interest rate (Lees et al., 2008). Thus, this chapter will consider in some 

depth potential methods for estimating the rent gap. The other focus of the chapter is the mutual 

relationship between gentrification and household-age-cohort population shifts. In this chapter, 

section 4.2 introduces the empirical data; section 4.3 summarizes the background of the study area; 

section 4.4 endeavors to find whether there is a threshold rent gap beyond which gentrification is 

more likely to occur and compares two different rent gaps used in previous studies: the rent gap 

based on the same scale and one based on different scales; the last section investigates the possible 

impact of population income on gentrification and any age structure change during the process.   

4.2 Property data and census data 

Two datasets are used in this chapter: property data and census data. The former, which is derived 

from the Auckland Council, contains land value, improvement value, capital value and annual value 

for three years: 2002, 2005 and 2011. It is important to note that these data are the outputs of a 

property-value-appraisal model from a mass survey process, and are not de facto market values (all 

monetary units in this chapter are in New Zealand dollars). Definitions of all values are retrieved 

from the webpage of the Auckland City Council (2014) as follows: 

Land Value (𝐿𝐿𝐼𝐼): “The assessment of the probable price that would have been paid for the bare land 

as at the date of the last council valuation. It includes development work such as drainage, retaining 

walls and levelling, but disregards any buildings or other improvements to a property.” 

Improvement Value (𝐼𝐼𝐼𝐼): “This figure is the difference between the capital value and the land value. 

It represents the added value given to the land by any buildings or other structures, and any 

landscaping.” 

Capital Value (𝐶𝐶𝐼𝐼): “Capital value is the total value of the land including improvements. This is the 

probable price that would have been paid for the property if it had sold at the date of the last 

general valuation.” 
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Annual Value (𝐴𝐴𝐼𝐼): “The annual value is based on the higher of the estimated gross annual rental 

income less 20 per cent (or 10 per cent for vacant land) or 5 per cent of the property's capital value. 

To assess the annual value we calculate the following: The first calculation estimates how much the 

property could be rented for in one year, minus 20 per cent to cover normal property expenses (or 

minus 10 per cent for vacant land).” 

The key source of uncertainty in the property data is the systematic error in value estimation, which 

can be mitigated by using relative values, and all the indices reported in this chapter are expressed in 

this way.  

The census data is furnished by Statistics New Zealand. There are five levels of geographic unit in the 

census data (in ascending order of size): meshblock, area unit, ward, territorial authority and 

regional council area. To maintain the confidentiality of individual respondents, low-level census 

data (e.g. at the meshblock level) are randomly rounded, adding uncertainties into the census at that 

level. The area-unit-level census data of 2001, 2006 and 2013 are used in this chapter instead of 

meshblock data. 

4.3 Study area background 

Point Chevalier was selected as the study area. Located in the west of Auckland City, Point Chevalier 

abuts Westmere, St. Lukes and Mount Albert. Although it was once a rural area, it has gradually 

become built-up as a result of subdivision and building during two post-war booms (Greig, 2013). 

Two road arteries connect Point Chevalier with Auckland CBD: Meola Road (the red line in Figure 

4.1) and the North-Western Motorway, which lies to the south of the area.  
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Figure 4.1 Point Chevalier and its vicinity. 

Gentrification is a multidimensional process. Davidson and Lees (2005) summarize its characteristics 

into four aspects: reinvestment of capital, social upgrading of a locale by an influx of well-off groups, 

direct or indirect displacement of low-income households, and aesthetic and functional 

enhancement. In this section, these four facets are regrouped as two, i.e. capital reinvestment and 

household relocation, both of which are explored to demonstrate the existence of gentrification in 

this area. 

One potential means of judging whether housing reinvestment has happened is via change in the 𝐼𝐼𝐼𝐼. 

The proportion difference in 𝐼𝐼𝐼𝐼 (𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼) is used as the indicator of reinvestment (Eq. 4.1). 

𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰 =
𝑰𝑰𝑰𝑰𝟐𝟐
𝑪𝑪𝑰𝑰𝟐𝟐

−
𝑰𝑰𝑰𝑰𝟏𝟏
𝑪𝑪𝑰𝑰𝟏𝟏

 Eq. 4.1 

where the subscript 1 and 2 represent the first and second measurement time, respectively, and the 

𝐼𝐼𝐼𝐼 and the 𝐶𝐶𝐼𝐼 are the improvement and capital values (see definitions above), respectively. 

Theoretically, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 > 0 means that the 𝐼𝐼𝐼𝐼 has risen more rapidly than expected on the basis of 

changes in the 𝐶𝐶𝐼𝐼. Since land value is expected to be either maintained or appreciate,𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 > 0 is a 

potential barometer of housing reinvestment and vice versa. Admittedly, the theoretical threshold of 
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zero is arbitrary (if logical) and so it is necessary to compare the theoretical threshold 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 and the 

empirically estimated data (see Section 4.4). Figures 4.2  and 4.3 depict the 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 of residential 

properties, mainly containing apartments, multi-unit flats and houses etc., between 2002 and 2005 

and between 2005 and 2011. Due to the neo-liberal policies adopted by New Zealand governments 

since the mid-1980s, which have led to an increase in entrepreneurial state activities and a free flow 

of capital and labor, so facilitating reinvestment (Murphy, 2008), Auckland underwent extensive 

housing restoration from 2002 to 2011. Regeneration in Point Chevalier was sparse during the 

period 2002-2005 but was more prevalent in the second period. Meanwhile, as the first area in New 

Zealand to have fast broadband laid, the urban infrastructure was upgraded in 2007. For instance, 

storm water and sewers have been separated and renovated (Brader, 2014). From deterioration to 

reinvestment, this suburb mirrors the ramifications of neo-liberalism.  

 

Figure 4.2 𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰 of residential properties in Auckland between 2002 and 2005. 
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Figure 4.3 𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰 of residential properties in Auckland between 2005 and 2011. 

Meanwhile, a significant increase in the immigrant and non-immigrant population fueled demand in 

the property market (Table 4.1). The ‘usually resident’ population in Auckland increased from 2001 

to 2013, with the percentage of immigrants rising from 36% to 42%. In the meantime, the 

population of Point Chevalier increased from 7431 (2001) to 7632 (2006) to 8163 (2013). Faster-

than-average income rises in Point Chevalier potentially further stimulated the brisk property market 

there. A comparison of the median income of households residing in private dwellings (Table 4.2) in 

Point Chevalier with that of Auckland as a whole, suggests that typical household income increased 

more rapidly in Point Chevalier than Auckland as a whole, initially, and that this continued to 

accelerate from 2006 to 2013. The income pattern in Point Chevalier bears some relation to changes 

in income structure (Figure 4.4). Between 2001 and 2013, the proportion of high-income households 

($100,000 and more) grew, with a commensurate decline in low-income households ($0 - $20,000 

and $20,000 - $30,000 annual income). Such a dynamic suggests household turnover between two 

disparate income groups. This pattern provides clear evidence that Point Chevalier has experienced 

replacement of low-income families by more affluent ones, a vital hallmark of gentrification and one 

of its most controversial aspects. The population dynamics of the two income categories ($30,000 - 

$50,000 vs. $70,000 - $100,000) differ: the population percentage of the former dips and then levels 

off while the latter increases, followed by a fall.   
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Table 4.1 Usually resident population in Auckland* 

 2001 2006 2013 
New Zealander 214152 217473 223884 

Overseas 118281 146460 162996 
*Usually resident population is “a count of all people who usually live, and are present, in New 
Zealand on a given census night. This count excludes visitors from overseas and excludes residents 
who are temporarily overseas on census night” (Statistics New Zealand).  

Table 4.2 Median Income ($) of families in occupied private dwellings* 

 2001 2006 2013 
Point Chevalier 66,592 83,300 93,633 

Auckland Region 55,540 63,400 64,184 
Ratio (Point Chevalier/Auckland Region) 1.20 1.31 1.46 

*All median incomes are CPI-adjusted to the 2006 price level. 

 

Figure 4.4 Household annual income structure dynamics in Point Chevalier. 

From both productive and consumptive perspectives, that is, capital reinvestment and household 

relocation respectively, what happened in Point Chevalier from 2002 to 2011 is very likely to be 

gentrification. Similarly to other Auckland suburbs, this area witnessed the vicissitudes of the 

economy. After the ‘first-wave’ of gentrification commenced in Ponsonby from the 1970s onwards 

(Latham, 2003), the process spread across Grey Lynn and Westmere (Morris, 2010), setting the 

scene for gentrification in Point Chevalier. As a sought-after coastal Auckland suburb, but one that 

remained more affordable than Westmere and Grey Lynn (Newey & Hart, 2008), gentrification in 

Point Chevalier occurred against a backdrop of a favorable governmental policy environment and 

strong housing demand. 
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4.4 Gentrification and rent gap 

4.4.1 Research status of rent gap 

The essence of rent gap theory (Smith, 1996) is that if the difference between the potential ground 

rent and the actual ground rent of a property capitalized under its present land use is sufficiently 

large, gentrification will occur. While its simplicity and intuitive nature is attractive, the difficulty in 

quantifying the rent gap has attracted considerable comment and debate (Bourassa, 1993; Bourassa 

& Badcock, 1990). More than three decades have passed since rent gap theory was first proposed, 

but there are few quantitative analyses of gentrification. For instance, neoclassical urban theory 

postulates that land value gradually declines with distance from the central city (i.e. distance 

attenuation), forming a concave-shaped land-value curve. This land-value valley is the sudden trough 

in the curve seen somewhere near the city center, suggesting the possible existence of urban blight 

(Hoyt, 1933). Following this train of thought, Kary (1986) observed land-value valleys preceded 

gentrification in some inner city areas in Toronto and demonstrated the legitimacy of Smith’s 

reasoning. On the other hand, Yung & King (1998) found a lack of relationship between land-value 

valley and periods of gentrification in Melbourne (1967-1991). Smith and DeFilippis (1999) used 

property tax arrears as the analogue of rent gap to map gentrification. Instead of identifying an exact 

rent gap, these studies can only indicate whether there was a rent gap prior to gentrification. Other 

scholars (Badcock, 1989; Clark, 1988; Hammel, 1999a; Hamnett & Randolph, 1984; Ley, 1986) tried 

to calculate rent gap by quantitative figurative. However, lack of useful data to measure rent gaps is 

still a stumbling block impeding the quantitative analysis of gentrification. No wonder Lees et al. 

comment:  

Remarkably, the long history of multivariate quantitative analysis that was so 

pervasive in urban geography in the 1960s, and that persists today in urban 

economics and regional science, has been rare in gentrification research. There are 

almost no multivariate studies.(2008, p. 68) 

Encouragingly, Porter (2010) managed to identify land-value valleys in New York City using hedonic 

regression models and concluded that there were two land-value valleys at different distances from 

the CBD. As the first valley narrowed the second expanded, which matches Smith’s delineation of 

uneven spatial development or “locational seesaw” (Smith, 1996, p. 84) – capital revitalizes the 

areas it flows in, consigning those it flows out of to dilapidation. Since Porter’s study cannot estimate 

accurate rent gaps, it remains important to assess rent gap theory using a rigorous and fine-grained 

quantitative test.  
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Outside the geographic literature, an equivalent of Smith’s rent gap − profit gap (Brueckner, 1980) 

has been studied for decades in the hedonic model of housing value (see Section 2.2). As an 

important supplement to Smith’s rent gap, the empirical validation of profit gap seems to support 

rent gap. Rosenthal & Helsley (1994) and Dye & McMillen (2007) find that single-family detached 

housing are demolished and redeveloped when the land price for new development exceeds the 

price of developed land by the cost of demolition. Munneke (1996) and McGrath (2000) further 

confirm the validity of their conclusion on commercial and industrial property. These works only 

verify profit gap in one snapshot and on an aggregated level. Shimizu et al. (2010) analyzed the 

individual redevelopment/conversion probability from offices into housing in Tokyo during Japan’s 

asset bubble burst. First, the parameters of office and housing rent regression functions, including 

location and other housing attributes, were estimated from available historical transaction records 

respectively; second, both functions were used to measure the theoretical building rents (including 

the office rent before conversion and the housing rent after); subsequently, the profit gap of 

individual buildings were computed as the difference between housing rent and office rent after 

deducting destruction and reconstruction costs. Last, a panel probit regression was conducted 

between redevelopment probability and the profit gap. Results suggest that the profit gaps of 

redeveloped buildings are larger than those that remained, and that the redevelopment probability 

rises significantly when the profit gap is greater than zero. A possible drawback in their work is that 

the housing rent after redevelopment was employed to calculate profit gap which is, again, used to 

predict the probability of redevelopment. In other words, the analysis is post hoc ergo propter hoc. 

The most direct and cogent evidence supporting the link between rent gap and gentrification so far 

is from Charles (2013). Encompassing, among other things, the ratio of property value to the average 

value of US census tracts (the equivalent of Smith’s rent gap), Charles proves the negative 

relationship between the ratio and the redevelopment probability by logistic regression.  

A bewildering variety of proxies is used in previous research to estimate the rent gap/profit gap on 

the individual scale, the neighborhood scale and the metropolitan scale. The individual scale pertains 

to the land parcel itself, the neighborhood scale to the land parcel and surrounding lots and the 

metropolitan scale to adjacent regions and neighboring suburbs. These rent gaps can be classified 

into two types − the rent gap estimated using actual and potential ground rents at the same scale 

(𝑅𝑅𝑅𝑅𝑠𝑠) and the one based on different scales (𝑅𝑅𝑅𝑅𝑑𝑑) (Table 4.3). Interestingly, earlier gentrification 

research (Badcock, 1989; Hammel, 1999a; Hamnett & Randolph, 1984; Ley, 1986) tended to 

compare actual and potential ground rent at the same scale, individual or metropolitan, either 

because data were at the same scale or because data quality could not support analysis across 

51 

 



different scales. On the other hand, thanks to growing computational power, 𝑅𝑅𝑅𝑅𝑑𝑑 has been used in 

the implementation of Cellular Automata (CA) for gentrification simulation (O'Sullivan, 2002; 

Semboloni, 2008; Tsang & Leung, 2011; Wu, 2003).  

Table 4.3 Summary review of previous direct measurements of rent gaps* 

Author(s) Actual Ground 
Rent 

Scale of Actual 
Ground Rent Potential Ground Rent 

Scale of 
Potential 

Ground Rent 

Hamnett & 
Randolph (1984) 

Annual rental 
income of a 

property 
Individual 

Sale value of individual 
property for owner-

occupation 
Individual 

Ley (1986) House-value of 
inner city Metropolitan House-value of suburbs Metropolitan 

Clark (1988); 
Hammel (1999a) 

Nominal tax values 
of land deflated by 

CPI 
Individual 

Price of undeveloped 
land just before 

development 
Individual 

Badcock (1989) 
Average regional 
house price of all 

types 
Metropolitan Average regional price 

of vacant lots Metropolitan 

O'Sullivan (2002); 
Semboloni (2008); 

Wu (2003);  

Rent of individual 
housing unit Individual 

Average rent of eight 
cells surrounding the 

central cell 
Neighborhood 

Diappi & Bolchi 
(2008); Tsang & 

Leung (2011) 

Build-up value of 
individual site Individual Asset pricing calculated 

by its location Metropolitan 

Shimizu et al. 
(2010) 

Rent before 
redevelopment Individual Rent after 

redevelopment Individual 

Charles (2013) Individual property 
value Individual Average property value 

of US census tract Neighborhood 

* The indirect measurements of rent gap are excluded. For example, Rosenthal & Helsley (1994), Dye 
& McMillen (2007), Munneke (1996) and McGrath (2000) predict housing redevelopment by judging 
whether the price of vacant land for new development equals that of the developed land.  

In this thesis, the actual and potential ground rent of 𝑅𝑅𝑅𝑅𝑠𝑠 areon the individual level, while those of 

𝑅𝑅𝑅𝑅𝑑𝑑 are on the individual and neighborhood level respectively due to the importance of the 

neighborhood scale in shaping gentrification (Hammel, 1999b). 𝑅𝑅𝑅𝑅𝑠𝑠 is suitable for realistic/irregular 

landscape since it obviates the difficulty of defining an appropriate neighborhood of a property and 

consequently improves the accuracy of the threshold rent gap. Due to the natural consistency 

between the concept of 𝑅𝑅𝑅𝑅𝑑𝑑 and the neighborhood of regular CA, 𝑅𝑅𝑅𝑅𝑑𝑑 is prevalent in the abstract 

gentrification models. For instance, belonging to the category of 𝑅𝑅𝑅𝑅𝑑𝑑, the rent gap in the abstract 

models of this thesis (𝑔𝑔, Chapters Three and Five) uses the average rent of eight abutting cells as the 

potential rent of the central cell. Therefore, Section 4.4.2will evaluate rent gap theory via 𝑅𝑅𝑅𝑅𝑠𝑠, that 

is, conducting logistic regression between gentrification and 𝑅𝑅𝑅𝑅𝑠𝑠 and then computing the threshold 

𝑅𝑅𝑅𝑅𝑠𝑠 of Point Chevalier. However, to evaluate the abstract model against the empirical gentrification 

pattern of Point Chevalier (Chapter Six) entails the conversion between threshold 𝑅𝑅𝑅𝑅𝑠𝑠 and threshold 
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𝑔𝑔. Section 4.4.3 will construct a parallel of 𝑔𝑔 (i.e. 𝑅𝑅𝑅𝑅𝑑𝑑) for Point Chevalier, then investigate the 

quantitative relationship between 𝑅𝑅𝑅𝑅𝑠𝑠 and 𝑅𝑅𝑅𝑅𝑑𝑑 and infer the threshold 𝑅𝑅𝑅𝑅𝑑𝑑 by the threshold 𝑅𝑅𝑅𝑅𝑠𝑠, 

deduced in Section 4.4.2. 

4.4.2 Gentrification and rent gaps on the same scale (𝑹𝑹𝑹𝑹𝑹𝑹) 

Following previous research (Badcock, 1989; Clark, 1988; Hammel, 1999a; Hamnett & Randolph, 

1984), 𝑅𝑅𝑅𝑅𝑠𝑠 is defined as: 

𝑹𝑹𝑹𝑹𝑹𝑹 =
𝑳𝑳𝑰𝑰
𝑰𝑰𝑰𝑰

 Eq. 4.2 

where 𝐿𝐿𝐼𝐼 and 𝐼𝐼𝐼𝐼 are the individual land and improvement value, respectively.  

𝑅𝑅𝑅𝑅𝑠𝑠 is positively related to the rent gap in Smith’s theory: the larger 𝑅𝑅𝑅𝑅𝑠𝑠 is, the greater Smith’s rent 

gap is and the more possible renovation occurs and vice versa. The assumption in calculating the 𝑅𝑅𝑅𝑅𝑠𝑠 

is that individual land value can approximate the individual/metropolitan level of potential rent. 

Euclidean distance, a measure of the similarity of two sets of variables (Johnson & Wichern, 2007), is 

used to justify this assumption. To alleviate possible systematic error by valuation model and 

inflation, values in two years are first relativized by mean value of whole Auckland city. 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝑅𝑅𝑎𝑎𝑎𝑎𝑑𝑑 𝑅𝑅𝑑𝑑𝑅𝑅𝑑𝑑𝑎𝑎𝑑𝑑𝐸𝐸𝑎𝑎 = �∑ �𝐼𝐼𝑖𝑖𝑡𝑡𝑅𝑅 − 𝐼𝐼𝑖𝑖𝑡𝑡′
𝑅𝑅 �2𝑛𝑛

𝑖𝑖=1  (𝑑𝑑 ∈ Point Chevalier) 

𝑰𝑰𝒊𝒊𝒕𝒕𝑹𝑹 = 𝑰𝑰𝒊𝒊𝒕𝒕
𝑰𝑰𝒕𝒕���

 and 𝑰𝑰𝒊𝒊𝒕𝒕′𝑹𝑹 = 𝑰𝑰𝒊𝒊𝒕𝒕′
𝑰𝑰𝒕𝒕′����  Eq. 4.3 

Where: 𝐼𝐼𝑖𝑖𝑡𝑡𝑅𝑅  is the relative value of 𝑑𝑑th property at year 𝑑𝑑, 𝐼𝐼𝑖𝑖𝑡𝑡′𝑅𝑅  for the one at year 𝑑𝑑′, 𝐼𝐼𝑖𝑖𝑡𝑡 for the 

absolute value of 𝑑𝑑th property at year 𝑑𝑑, 𝐼𝐼𝑡𝑡�  for the mean value of whole Auckland city at year 𝑑𝑑.  

If the assumption (i.e. substituting land value for the individual/metropolitan level of potential rent) 

is tenable, the distance between land values before and after gentrification would be relatively small 

while that between the improvement values would be larger due to either housing deterioration or 

renovation. In both phases (2002-2005 and 2005-2011) (Table 4.4), the distances of 𝐿𝐿𝐼𝐼 are 10.93 

and 11.07 respectively, smaller than that of 𝐼𝐼𝐼𝐼 in the same time; whereas the distance of 𝐼𝐼𝐼𝐼 from 

2005 to 2011 is the longest because of gentrification in Point Chevalier, agreeing with the 

assumption. Consequently, land value is, at least in this case, a reliable proxy for 

individual/metropolitan potential rent; note that land value does not involve the neighborhood 

level.  
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Table 4.4 Means and distances of the𝑰𝑰𝑰𝑰 and 𝑳𝑳𝑰𝑰 of Point Chevalier 

Distance of relative 𝑰𝑰𝑰𝑰 between 2002 and 2005 17.81 
Distance of relative 𝑰𝑰𝑰𝑰 between 2005 and 2011 30.41 
Distance of relative 𝑳𝑳𝑰𝑰 between 2002 and 2005  10.93 
Distance of relative 𝑳𝑳𝑰𝑰 between 2005 and 2011 11.07 

 

From 2002 to 2011, there are 1,663 residential properties from different residential subsets such as 

apartment, multi-unit flats and houses etc. in Point Chevalier. Across the two periods (2002-2005 

and 2005-2011), four possible situations are: deterioration in the first period followed by renovation 

in the second (DR), deterioration in both periods (DD), renovation in the first period followed by 

deterioration in the second (RD) and renovation in both periods (RR). Properties in situation RR 

should be treated as one phase from 2002 to 2011 due to the dependency/autocorrelation between 

change from 2002-2005 and 2005-2011. Properties in other situations (DR, DD and RD) are treated 

as two independent samples. Therefore, the number of samples included in the analysis depends on 

the threshold 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼. If there are 𝑁𝑁𝛾𝛾 properties belonging to situation RR at the threshold 𝛾𝛾, then the 

total number of samples in the analysis is: �1663 − 𝑁𝑁𝛾𝛾� × 2 + 𝑁𝑁𝛾𝛾 = 3326 − 𝑁𝑁𝛾𝛾.  

 

Figure 4.5 Relationship between 𝑹𝑹𝑹𝑹𝑹𝑹 and 𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰. The dashed line at 0 is the theoretical threshold 
𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰. 

Figure 4.5 shows the relationship between 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 and 𝑅𝑅𝑅𝑅𝑠𝑠 with the theoretical threshold 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼, 𝛾𝛾 =

0, superimposed. Two clusters of points can be observed in Figure 4.5: one is mostly above the 

theoretical threshold  𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 with larger 𝑅𝑅𝑅𝑅𝑠𝑠, the other below the dashed line with relatively smaller 

𝑅𝑅𝑅𝑅𝑠𝑠. Figure 4.5 displays a pattern that refurbished properties 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 > 0 tend to have greater 𝑅𝑅𝑅𝑅𝑠𝑠, 
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viz. a larger rent gap in terms of Smith. A logistic regression can be established between 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 and 

𝑅𝑅𝑅𝑅𝑠𝑠 as: 

𝐏𝐏𝐏𝐏(𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰 > 𝜸𝜸|𝑹𝑹𝑹𝑹𝑹𝑹) =
𝟏𝟏

𝟏𝟏 + 𝒕𝒕−(𝜶𝜶+𝜷𝜷∗𝑹𝑹𝑹𝑹𝑹𝑹) Eq. 4.4 

Where: 𝛾𝛾 is the inferred threshold 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼, 𝛼𝛼 for the intercept and 𝛽𝛽 for the slope of 𝑅𝑅𝑅𝑅𝑠𝑠.  

The logistic regression analysis allows an empirical determination of the optimal 𝛾𝛾 and its associated 

𝛼𝛼 and 𝛽𝛽. The entire possible 𝛾𝛾 range was tested based on the performance of McFadden's pseudo 𝑟𝑟2 

(McFadden, 1974), which is an analogue to the conventional 𝑟𝑟2and is used in assessing the goodness 

of fit of logistic regression models (it is appropriate in this case as the model structure was constant). 

The pseudo 𝑟𝑟2falls in the range 0-1 and can be interpreted as the percentage of deviance in the data 

explained by the logistic regression model. Meanwhile, to cross check the logistic regression model 

above, another independent calibration-validation approach was adopted. First, a logistic regression 

(Eq. 4.4) was built on only 80 per cent of the data (the randomly selected training set); and then the 

predictive accuracy of the regression is measured on the other 20 per cent of the data (the test set) 

via Cohen’s kappa coefficient (Cohen, 1960), whose maximum is one. The agreement between the 

model and the test set increases with Cohen’s kappa coefficient.  

 

Figure 4.6 Changes in Mcfadden’s pseudo 𝒓𝒓𝟐𝟐 and Cohen’s kappa coefficient with different 
threshold 𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰s (𝜸𝜸). The dashed line at 𝜸𝜸 = −𝟎𝟎.𝟏𝟏𝟐𝟐𝟏𝟏 is the estimated best-fit threshold 𝜸𝜸; the 
dashed line at 𝜸𝜸 = 𝟎𝟎 is the theoretical threshold. 

Figure 4.6 shows that McFadden's pseudo 𝑟𝑟2 varies consistently with Cohen’s kappa coefficient and 

both are maximized (approximately 0.58 for McFadden's pseudo 𝑟𝑟2 and 0.81 for Cohen’s kappa 
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coefficient) when γ is around -0.125. Regression coefficients at the estimated threshold of -0.125 are 

given in Table 4.5 (𝑝𝑝 values of both coefficients suggest that they are significant). The logistic 

regression function can be transformed as below (Eq. 4.5) and it is easy to show that when 𝑅𝑅𝑅𝑅𝑠𝑠 =

−𝛼𝛼
𝛽𝛽

, Pr(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 > 𝛾𝛾) = 0.5. That is to say, the threshold 𝑅𝑅𝑅𝑅𝑠𝑠 is −𝛼𝛼
𝛽𝛽
≈ 1.66. 

Table 4.5 Results of logistic regression when 𝛄𝛄 = −𝟎𝟎.𝟏𝟏𝟐𝟐𝟏𝟏 

 Estimate 𝒑𝒑 value 
𝜶𝜶 -5.26 < 2 × 10−16 
𝜷𝜷 3.17 < 2 × 10−16 

 

𝐏𝐏𝐏𝐏(𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰 > −0.125) =
𝟏𝟏

𝟏𝟏 + 𝒕𝒕𝟏𝟏.𝟐𝟐𝟎𝟎−𝟑𝟑.𝟏𝟏𝟏𝟏∗𝑹𝑹𝑹𝑹𝑹𝑹
 Eq. 4.5 

 

The regression confirms the tendency of gentrification for properties with 𝑅𝑅𝑅𝑅𝑠𝑠 above the threshold 

value. As land is a non-renewable resource whose value is expected to increase or at least be 

constant, gentrification is the outcome of accruement of 𝐼𝐼𝐼𝐼 outpacing that of 𝐿𝐿𝐼𝐼. If this is not the 

case, an expanding rent gap develops in two possible forms. The first occurs when housing 

value/capitalized rent slowly depreciates; generally, it is hard to discern this slow process. The 

second alternative is a stable or even mildly increasing capitalized rent that is outpaced by swift 

appreciation of potential rent (Hammel, 1999a). Rosenthal (2008) also finds that at low threshold 

rent gaps, housing is demolished due to its economic obsolescence, even if it remains physically 

sound. This tends to occur in areas experiencing sharp increases in land prices. High threshold rent 

gaps possibly correspond to the situation that housing is torn down and rebuilt because of its 

decrepit status. In Point Chevalier from 2002 to 2011 (Figure 4.7), the values of some, albeit only a 

few, houses that were not gentrified did not fall. In addition, since 𝐼𝐼𝐼𝐼 values are model outputs, a 

binning effect, in which some 𝐼𝐼𝐼𝐼 values at the second measurement time are grouped with similar or 

even identical values, can be observed (Figure 4.7). 
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Figure 4.7 Comparison of 𝑰𝑰𝑰𝑰 values of individual properties in a period without gentrification 
(𝑰𝑰𝑰𝑰𝑷𝑷𝑰𝑰 ≤ −𝟎𝟎.𝟏𝟏𝟐𝟐𝟏𝟏) in Point Chevalier. 𝑰𝑰𝑰𝑰 is adjusted to the price level of 2005. Red dots represent 
those properties whose 𝑰𝑰𝑰𝑰 values in the latter year are greater than or equal to those in the 
former year. The dashed line is 𝒚𝒚 = 𝒙𝒙. 

4.4.3 Relationship between two rent gaps: 𝑹𝑹𝑹𝑹𝑹𝑹 and 𝑹𝑹𝑹𝑹𝑹𝑹 

𝑅𝑅𝑅𝑅𝑑𝑑 is a parallel of 𝑔𝑔.By comparing the threshold 𝑅𝑅𝑅𝑅𝑑𝑑 with the threshold 𝑔𝑔, we can tell whether the 

model simulation results mirror the empirical patterns in Point Chevalier (Chapter Six). Since 𝑔𝑔 =
1
8
��̅�𝑟𝑛𝑛−𝑟𝑟

�̅�𝑟𝑛𝑛
� (Section 3.2.1), 𝑅𝑅𝑅𝑅𝑑𝑑is likewise calculated as follows: 

𝑹𝑹𝑹𝑹𝑹𝑹 = 𝟏𝟏 −
𝑨𝑨𝑰𝑰
𝑨𝑨𝑰𝑰����

 Eq. 4.6 

where 𝐴𝐴𝐼𝐼 is the annual value (refer to its definition in section 4.2) and 𝐴𝐴𝐼𝐼 is the average annual 

value of the neighborhood of the housing unit in question.  

Due to the difficulties in converting 𝐴𝐴𝐼𝐼 across different housing types to comparable values, only 

single-unit housing was selected for 𝑅𝑅𝑅𝑅𝑑𝑑calculation here. Neighborhood is defined as those 

residential blocks – formed by spatially abutting residential properties – within a certain distance of 

the residential block where the focal property in question sits; note that the minimum neighborhood 

of any property is the residential block to which it belongs. For a sufficiently detached property, its 

minimum residential block is itself. The scarcity of data and variation of spatial configuration render 

it virtually impossible to discover the most suitable radius for a given neighborhood. Thus, a series of 

radii ranging from 0 to 300 meters will be explored in Figure 4.8. 
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Figure 4.8 Scatterplot of 𝑹𝑹𝑹𝑹𝑹𝑹 against 𝑹𝑹𝑹𝑹𝑹𝑹 with different neighborhood radii; note that the origin is near the upper left corner instead of the 
lower left corner.There are approximately two point clusters in all scatterplots: cluster one within the red dashed crescent and cluster two 
within the red dashed ellipse. Cluster two is regarded as outliers, whose influence should be minimized in regression later. 
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In Figure 4.8, 𝑅𝑅𝑅𝑅𝑑𝑑 is apparently positively related to 𝑅𝑅𝑅𝑅𝑠𝑠 (and to Smith’s rent gap). The difference of 

rent gap estimation between the approach of 𝑅𝑅𝑅𝑅𝑑𝑑 and that of 𝑅𝑅𝑅𝑅𝑠𝑠 is the scale of the potential rent: 

the scale of 𝑅𝑅𝑅𝑅𝑑𝑑 is on the neighborhood level, while that of 𝑅𝑅𝑅𝑅𝑠𝑠 is on the individual level, which is 

less affected by neighborhood. Hammel (1999b) points out that neighborhood probably plays an 

important role in the potential rent because in deprived neighborhoods redevelopment of some 

sites is unlikely, despite high individual/metropolitan potential land value there. Conversely, these 

poor neighborhoods at the edge of better-off regions, which have the largest local rent gap, often 

enjoy more renovation opportunities. It possibly explicates the existence of cluster two in Figure 4.8. 

For two properties with similar 𝑅𝑅𝑅𝑅𝑠𝑠, one is close to the epicenter of an urban blight, while the other 

is near the boundary between a dilapidated area and a salubrious area. 𝑅𝑅𝑅𝑅𝑑𝑑 of the former is likely to 

be lower than that of the latter, leading to cluster 2 in Figure 4.8. What is more, the former property 

is more often than not run-down, explaining why cluster 2 tends to concentrate around high 𝑅𝑅𝑅𝑅𝑠𝑠 

(𝑅𝑅𝑅𝑅𝑠𝑠 > 2), that is, around dilapidated properties. Accordingly, as outliers, cluster two interferes in 

the relationship between 𝑅𝑅𝑅𝑅𝑑𝑑 and 𝑅𝑅𝑅𝑅𝑠𝑠 and its influence should be minimized. 

Figure 4.8 suggests that the relationship between 𝑅𝑅𝑅𝑅𝑑𝑑 and 𝑅𝑅𝑅𝑅𝑠𝑠 is barely affected by the variation of 

neighborhood radius. And due to the commonality between the curved pattern of cluster one and 

the lower-right part of 𝑦𝑦 = − 1
𝑥𝑥
, the reciprocal of 𝑅𝑅𝑅𝑅𝑠𝑠 is plotted against 𝑅𝑅𝑅𝑅𝑑𝑑 with the radius at 300 

meters (Figure 4.9) for the convenience of interpretation. Clusters one and two in Figure 4.8 are 

transformed into two clusters in Figure 4.9, including a swathe of points approximately inside the 

dashed ellipse (corresponding to cluster one in Figure 4.8) and a smaller group below cluster one 

(corresponding to cluster two in Figure 4.8). Cluster one in Figure 4.9 suggests a negative linear 

relationship between 𝑅𝑅𝑅𝑅𝑑𝑑 and the reciprocal of 𝑅𝑅𝑅𝑅𝑠𝑠.  
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Figure 4.9 Scatter plot of 𝟏𝟏/𝑹𝑹𝑹𝑹𝑹𝑹 against 𝑹𝑹𝑹𝑹𝑹𝑹 with neighborhood radius of 300 meters. Cluster one 
in the red dashed ellipse approximately reflects the true relationship between 𝑹𝑹𝑹𝑹𝑹𝑹 and 𝑹𝑹𝑹𝑹𝑹𝑹. As 
the outlier cluster, cluster two lies underneath cluster one. The two red lines, both of which help 
to determine the coefficient space of the demarcation line, have the same slope, -1, and intercepts 
1 and 0 respectively. 

To minimize the adverse effect of cluster two, a demarcation line is employed to separate both point 

clusters, and subsequently a linear regression is conducted on cluster one. More specifically, a 

demarcation line is first selected from a reasonable coefficient space (including the intercept and the 

slope), and a corresponding linear regression is conducted with points above the demarcation line. 

After iterating the coefficient space of the demarcation line, the optimal regression satisfying a 

predetermined condition will be selected as the quantified relationship between𝑅𝑅𝑅𝑅𝑑𝑑 and 𝑅𝑅𝑅𝑅𝑠𝑠. 

 It is evident in Figure 4.9 that the possible intercept of the demarcation line falls between zero and 

one and that the upper boundary of the demarcation line slope should be smaller than zero, due to 

the negative relationship between 𝑅𝑅𝑅𝑅𝑑𝑑 and 1/𝑅𝑅𝑅𝑅𝑠𝑠 (Table 4.6). At the same time, the major axis of 

the red dashed ellipse with which an acceptable demarcation line should be approximately parallel, 

is less steep than the two red lines in Figure 4.9. Hence, minus one is set at the lower boundary of 

the demarcation line slope.  

Table 4.6 Coefficient space of the demarcation line 

Parameters of Demarcation Line Value Range 
Intercept [0, 1] 

Slope [-1, 0] 
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With an interval of 0.01 for both the intercept and the slope, the coefficient space of the 

demarcation line is looped through and linear regression is conducted on the point set above each 

demarcation line. The point count in regression and 𝑟𝑟2 of regression at each demarcation line are 

plotted in Figure 4.10. Except in the right corner of the parameter space, optimization of regression 

(𝑟𝑟2) is penalized by reducing the point count in regression. A balance can be struck by finding out the 

maximum 𝑟𝑟2 under the condition that at least a certain proportion of points are included in 

regression. The minimum point proportion here is set at 60 per cent. Under the circumstances, the 

optimum results are listed in Table 4.7 and the demarcation line as well as the regression line are 

plotted in Figure 4.11. Both reveal that the demarcation line can satisfactorily separate both point 

clusters and the regression line fits the trend in cluster one well.    

 

Figure 4.10 Point count and 𝒓𝒓𝟐𝟐 of linear regression with different demarcation lines. If the point 
number is less than or equal to 3, the regression is suppressed with point count and 𝒓𝒓𝟐𝟐 set to zero. 

Table 4.7 Optimum results when point proportion in regression is greater than 60% 

Point Count in Regression 2796 (60.17%) 𝒓𝒓𝟐𝟐 of Regression 0.70 
Intercept of Demarcation Line 0.40 Intercept of Regression 0.47 *** 

Slope of Demarcation Line -0.69 Slope of Regression -0.52 *** 
*** represents coefficients are significant at 0 level. 
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Figure 4.11 Scatterplot with the demarcation line and the regression line. 

The regression function between 𝑅𝑅𝑅𝑅𝑑𝑑 and 𝑅𝑅𝑅𝑅𝑠𝑠 in Point Chevalier is below Eq. 4.7. Thus, the 

threshold 𝑅𝑅𝑅𝑅𝑑𝑑 corresponding to the threshold 𝑅𝑅𝑅𝑅𝑠𝑠 in Point Chevalier is 0.47 − 0.52/1.66 ≈ 0.16.  

𝑹𝑹𝑹𝑹𝑹𝑹 = 𝟎𝟎.𝟒𝟒𝟏𝟏 − 𝟎𝟎.𝟏𝟏𝟐𝟐/𝑹𝑹𝑹𝑹𝑹𝑹 Eq. 4.7 

This section endeavors to evaluate rent gap theory with the attempts of Badcock et al. (1989; 1988; 

1999a; 1984) as a starting point. Although Badcock’s research (1989) corroborated the existence and 

reduction of a rent gap in Adelaide from 1970 to the early 1980s, Lees et al. (2008) argued that his 

study was compromised by his measurements being based on the average price of land parcel and 

housing of different sizes and types, and they suggested that tracking rent gaps of the same parcels 

over time would be beneficial. There is another drawback that may undermine his conclusions. He, 

reasonably, posited that the vacant land value was, to some extent, equivalent to the potential 

ground rent, but did not substantiate this. In the fine-grained study presented here, individual 

residential properties are carefully investigated over three measurements in Point Chevalier. The 

crux of the problem of rent gap theory is how to measure potential ground rent (Sýkora, 1993); the 

suitability of substituting land value for potential rent is demonstrated a priori and the threshold 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 and the threshold 𝑅𝑅𝑅𝑅𝑠𝑠 are inferred from the data. The findings, in the case of Point Chevalier, 

seem to support the rent gap theory, although clearly studies from other cities all over the world are 

needed to further evaluate the theory. Moreover, the relationship between 𝑅𝑅𝑅𝑅𝑑𝑑 and 𝑅𝑅𝑅𝑅𝑠𝑠 is 

investigated, providing a potential approach with which to indirectly estimate the more appropriate 

proxy of real rent gap - 𝑅𝑅𝑅𝑅𝑑𝑑 with limited data, which is conducive to urban micro simulation.  
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4.5 Gentrification and age-cohort population dynamics 

Households impact the process of gentrification by their income and associated life-styles. Figure 

4.12 implies that in Auckland the younger cohort (20 – 34 years old) earn less than the middle-aged 

(34 – 54 years old), hence the young is assumed to spend less on house maintenance. Compared to 

the old, young households are more likely to live in rented housing, which causes more rapid 

deterioration of housing condition (Muth, 1969). Consequently, it is safe to assume that the rate of 

housing deterioration of properties occupied by the young age cohort is greater than that of the old, 

which is again faster than that of the middle-aged.  

 

Figure 4.12 Weekly income distribution of age cohorts in Auckland. 

Meanwhile, the abstract model presented in Chapter Three assumes that gentrification alters the 

population structure due to increases in rent, forcing less wealthy groups out. A comparison of the 

age structures at 2001, 2006 and 2013 in Point Chevalier (Figure 4.13) suggests that as the relatively 

financially vulnerable age cohort, the number of young households (20 – 34 years old) declined in 

Point Chevalier after gentrification. In contrast, the middle-aged population (35 – 54 years old) 

gradually grew. The population of the old (55 years old plus) did not change substantially, indicating 

their relative lack of mobility. The figure confirms that the cut-off points in household demography 

used in the abstract model agree with the dynamics of the real population structure.  

These analyses justify the link between the household life cycle and the housing life cycle: age 

cohorts with various income levels incur different deterioration rates, which contribute to the 

increase of a rent gap; in turn, when the rent gap reaches a critical value, housing value significantly 
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increases and changes the household age structure in gentrified areas. Together with section three, 

the chapter evaluates interaction among three components – the household life cycle, the housing 

life cycle and the rent gap, paving the way for a more sophisticated model as presented in the next 

chapter. 

 

Figure 4.13 Population structure change in Point Chevalier after removing national population 
changing trends. To avoid the impact from national population shift, the population proportions of 
each three-year age cohort are divided by corresponding national proportions, yielding a 
population proportion ratio. Note that there is a 10.5 hectare retirement community – Selwyn 
Village – in Point Chevalier, which probably accounts for the peak in the 65+ class (The Selwyn 
Foundation, 2013).  
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5 An Enhanced Gentrification Model and Sensitivity Analysis 
5.1 Introduction 

The fixed-rent-gap model in Chapter Three is grounded in three theories − the lifecycle of housing, 

the lifecycle of households and the rent gap – and uses these to develop a simulation of the spatial 

dynamics of gentrification. The dynamics of gentrification in Point Chevalier support these theories 

(see Chapter Four). As a starting point, the fixed-rent-gap model can be improved by the 

representation of the gentrification process and its parameterization. In this chapter, Section 5.2 

finalizes the fixed-rent-gap model based on the empirical data of Point Chevalier; Section 5.3 

explores the parameter space of the refined model to analyze its typical patterns and Section 5.4 

discusses commonalities and dissimilarities between the two models. 

5.2 Review of the fixed-rent-gap gentrification model 

There are four vital components in the fixed-rent-gap model presented in Chapter Three: (1) the 

initialization of rental patterns, (2) the entry and exit probabilities between types of housing and 

households which includes entry matching probability and exit matching probability, (3) the housing 

depreciation rates incorporating the middle-aged depreciation rate, old and young depreciation 

disparity and (4) the critical condition of gentrification encompassing threshold rent gaps and new 

rent rates after renovation. Besides the entry and exit probabilities, which was elaborated on in 

Chapter Three, the rest will be reassessed in this section. 

5.2.1 Rent gap and new rent after renovation 

In the fixed-rent-gap gentrification model, any housing unit whose individual rent gap exceeds a 

fixed threshold is renovated. The rent gap range in this model remains the same, that is, between 0 

and 0.125 (refer to Chapter Three). The logistic regression in the previous chapter suggests that 

although McFadden's pseudo 𝑟𝑟2 maximizes when 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 is around -0.125, it is not very sensitive to 

other 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 values around -0.125, denoting the existence of a threshold rent-gap range in 

determining gentrification. Thus, besides the threshold rent gap, a rent-gap shift is introduced into 

the simulation so that the threshold rent gap is able to vary randomly within a range at each tick 

(equation below). This is the main distinction between the fixed-rent-gap model and the variable-

rent-gap model discussed here. Despite the fact that a rent gap variation range can be estimated 

from empirical data, its theoretical range (from zero to 0.125) will be explored to investigate the 

influence of rent gap variation extent.  

The new rent after renovation in the fixed-rent-gap model is set at �̅�𝑟𝑛𝑛 + 𝑁𝑁 ��̅�𝑟𝑚𝑚−�̅�𝑟𝑛𝑛
2

, 10�, where �̅�𝑟𝑛𝑛 is 

the neighborhood potential rent (mean rent of immediate eight neighbors), �̅�𝑟𝑚𝑚 for the metropolitan 
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potential rent, which is the maximum rent after model initialization for all housing units in the 

model, and 𝑁𝑁(𝜇𝜇, 𝛿𝛿) for rent increment. As a substitute for a normal distribution, a uniform 

distribution is considered in the parameter space sweeping to evaluate the impact of different rent 

increment distributions on model dynamics. Accordingly, the rent gap theory can be rephrased as: 

if 𝟏𝟏
𝟖𝟖
�𝒓𝒓�𝒏𝒏−𝒓𝒓

𝒓𝒓�𝒏𝒏
� ≥ 𝑼𝑼[𝒎𝒎𝒎𝒎𝒙𝒙(𝒈𝒈−∆𝒈𝒈,𝟎𝟎),𝒎𝒎𝒊𝒊𝒏𝒏(𝒈𝒈+ ∆𝒈𝒈,𝟎𝟎.𝟏𝟏𝟐𝟐𝟏𝟏)] 

then 𝒓𝒓𝒕𝒕+𝟏𝟏 = 𝒓𝒓�𝒏𝒏 + 𝑵𝑵�𝒓𝒓�𝒎𝒎−𝒓𝒓�𝒏𝒏
𝟐𝟐

,𝟏𝟏𝟎𝟎� or 𝒓𝒓𝒕𝒕+𝟏𝟏 = 𝑼𝑼(𝒓𝒓�𝒏𝒏, 𝒓𝒓�𝒎𝒎) 
Eq. 5.1 

where 𝑟𝑟𝑑𝑑+1 is the new rent, with𝑔𝑔for the threshold rent gap, ∆𝑔𝑔 for the rent gap variation,𝑈𝑈(𝛼𝛼,𝛽𝛽) 

for the uniform distribution with lower bound 𝛼𝛼 and upper bound 𝛽𝛽. 𝑚𝑚𝑎𝑎𝑃𝑃(𝑔𝑔 − ∆𝑔𝑔, 0) and 𝑚𝑚𝑑𝑑𝑑𝑑(𝑔𝑔 +

∆𝑔𝑔, 0.125) curb the rent gap variation, so the rent gap always falls in the theoretical range (between 

0 and 0.125).  

5.2.2 Housing depreciation rates 

The housing depreciation rate can be estimated in terms of housing value change. Two housing 

values, including 𝐴𝐴𝐼𝐼 and 𝐼𝐼𝐼𝐼, are germane to the depreciation rate; note that because 𝐴𝐴𝐼𝐼 is derived 

from 𝐶𝐶𝐼𝐼,  both are approximately equivalent in measuring the depreciation rate. Similar to the fixed-

rent-gap model, the depreciation rate is defined as: 

𝒓𝒓 = 𝟏𝟏 − (
𝑰𝑰𝟐𝟐
𝑰𝑰𝟏𝟏

)
𝟏𝟏
𝒏𝒏 Eq. 5.2 

Where: 𝑟𝑟 is the housing depreciation rate, 𝐼𝐼𝑖𝑖 for the housing value at 𝑑𝑑th time and 𝑑𝑑 for the time 

span between two times.  

After inflation adjustment, both the 𝐴𝐴𝐼𝐼 and the 𝐼𝐼𝐼𝐼 of residential properties are used to estimate the 

distribution of 𝑟𝑟. To attain a more accurate and comprehensive distribution and to avoid skewed 

estimation from a short time period, data across whole Auckland area from only 2002 and 2011 are 

used. Since the aggregated depreciation rate distribution can be regarded as the additive probability 

of various household types, it is decomposed into three normal distributions, corresponding to the 

depreciation rates of three age cohorts (young, middle-aged and old), by an additive density mixture 

model (Shalizi, 2013).     

𝒊𝒊(𝒓𝒓;𝜽𝜽) = �𝝀𝝀𝑬𝑬𝒊𝒊𝑬𝑬(𝒓𝒓;𝜽𝜽𝑬𝑬)
𝟑𝟑

𝑬𝑬=𝟏𝟏

 Eq. 5.3 

where 𝑓𝑓(𝑟𝑟;𝜃𝜃) is the probability density of the overall depreciation rate, 𝜃𝜃 is the parameter set of the 

distribution function, 𝑘𝑘 indexes the age cohorts, 𝑓𝑓𝑘𝑘(𝑟𝑟;𝜃𝜃𝑘𝑘) is the counterpart of each age cohort and 

𝜆𝜆𝑘𝑘 is the weight of the mixing probability satisfying ∑ 𝜆𝜆𝑘𝑘3
𝑘𝑘=1 = 1.  
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The parameters were estimated with package “mixtools” (Benaglia, Chauveau, Hunter, & Young, 

2009) in R (version 3.1.0) (R Core Team, 2012). Three components of the overall depreciation rate 

distributions from 𝐴𝐴𝐼𝐼 and 𝐼𝐼𝐼𝐼 are listed in Table 5.1. QQ plots (Figure 5.2) suggest that both mixture 

models fit the empirical distribution acceptably. 

Table 5.1 Decompositions of the depreciation rate distributions by 𝑨𝑨𝑰𝑰 and 𝑰𝑰𝑰𝑰 

 

 

 

Figure 5.1 The aggregated depreciation rate distribution by 𝑨𝑨𝑰𝑰 (left) and 𝑰𝑰𝑰𝑰 (right) and their 
mixing components. The gray areas and red dashed lines are the histograms and kernel density 
estimates of the aggregated distributions, respectively; the black solid lines are the three mixing 
components. 

Component Weight (𝝀𝝀) Mean (𝝁𝝁) Standard Deviation (𝜹𝜹) 
𝑨𝑨𝑰𝑰 

1 0.392 0.004 0.002 
2 0.447 0.012 0.006 
3 0.161 0.027 0.015 

𝑰𝑰𝑰𝑰 
1 0.271 0.013 0.007 
2 0.652 0.037 0.017 
3 0.077 0.076 0.037 
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Figure 5.2 QQ plots between the empirical depreciation rate cumulative density of 𝑨𝑨𝑰𝑰 or 𝑰𝑰𝑰𝑰 and 
that of the fitted three-component mixing distribution. 

The depreciation distributions calculated from the 𝐼𝐼𝐼𝐼 are conservative estimations and do not 

consider the ameliorating effect of land value appreciation, so those estimated from the 𝐴𝐴𝐼𝐼 are 

more appropriate approximates. However, according to the method of calculation of 𝐴𝐴𝐼𝐼 (see 

Section 4.2), the significant increase of 𝐿𝐿𝐼𝐼 may counteract part of the real housing depreciation, 

leading to the underestimation of depreciation rates. This explains why the empirical depreciation 

rate distribution by 𝐼𝐼𝐼𝐼 has a wider range than that of 𝐴𝐴𝐼𝐼, and the means of three components by 𝐼𝐼𝐼𝐼 

are greater than their counterparts in 𝐴𝐴𝐼𝐼. Therefore, real depreciation rates should be somewhere 

between the results of the two estimates. Instead of an absolute depreciation rate value, it is the 

depreciation disparity between different age cohorts that exerts a significant influence on local rent 

gaps. Hence, similarly to the deterioration relationship in the fixed-rent-gap model, the mean 

depreciation rates of the young and the old cohorts are expressed by the product of the middle 

depreciation rate and a multiplier.  

𝑹𝑹𝑶𝑶 = 𝑬𝑬𝑹𝑹𝑴𝑴 Eq. 5.4 

𝑹𝑹𝒀𝒀 = 𝒋𝒋𝑬𝑬𝑹𝑹𝑴𝑴 Eq. 5.5 

where 𝑅𝑅𝑀𝑀 is the mean middle-aged depreciation rate, 𝑅𝑅𝑂𝑂 for the old, 𝑅𝑅𝑌𝑌 for the young; 𝑘𝑘 and 𝑗𝑗 are 

greater-than-one multipliers.  

Observing all depreciation rates from 𝐴𝐴𝐼𝐼 and 𝐼𝐼𝐼𝐼, we can find that 𝑅𝑅𝑀𝑀 is in the range [0.004, 0.013] 

and that  𝑘𝑘 and 𝑗𝑗 are between two and three. In the parameter spaces of 𝑅𝑅𝑀𝑀 and both multipliers, 

(0.005, 0.01, 0.015) and (2, 3) are sampled respectively. The corresponding sampling values of 𝑅𝑅𝑂𝑂 
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and 𝑅𝑅𝑌𝑌 are (0.01, 0.015, 0.02, 0.03, 0.045) and (0.02, 0.03, 0.04, 0.045, 0.06, 0.09, 0.135) 

respectively, both of these ranges covering those from the empirical data well. Table 5.1 also shows 

that there is a positive relationship between mean depreciation rate and its standard deviation, that 

is, the higher the mean depreciation rate is, the greater the variation around it. Coupling standard 

deviation with the mean depreciation rate helps to reduce the size of the model parameter space. 

To this end a linear regression was conducted based on six pairs of 𝜇𝜇 and 𝛿𝛿. With a 𝑟𝑟2 of 0.99, the 

linear function 𝛿𝛿 = 0.0007 + 0.4741 × 𝜇𝜇 was employed to represent the association between the 

standard deviation and the mean depreciation rate.   

5.2.3 Initial rental pattern setting 

The initialization process of the fixed-rent-gap is as follows: first, the rent of each housing unit is 

stochastically set within (1.00, 100.00); then each housing unit gives 10 per cent of its rent to its 

eight neighbors who share it equally. Analogous with the chemical diffusion process, the process 

generates a spatially autocorrelated rental pattern consistent with the first law of geography: 

“everything is related to everything else, but near things are more related than distant things” 

(Tobler, 1970, p. 236). The larger the number of diffusion is, the more strongly autocorrelated the 

initial rental pattern is. To better appreciate the influence of autocorrelation intensity to 

gentrification pattern, two diffusion strengths are evaluated: 10 and 50, corresponding to weak and 

strong initial spatial autocorrelation, respectively.  

5.3 Sensitivity analysis of the variable-rent-gap gentrification model 

Sensitivity analysis, “the study of how the uncertainty in the output of a model (numerical or 

otherwise) can be apportioned to different sources of uncertainty in the model input” (Saltelli, 

Tarantola, Campolongo, & Ratto, 2004, p. 45), is conducted to assess how much a model’s 

parameterization effects the resultant patterns. A simple method is to use the output percentage 

change as the sensitivity index (𝑆𝑆𝐼𝐼, expressed symbolically as below) (Bauer & Hamby, 1991; Hamby, 

1994) when varying one input parameter within its entire possible value range, and then to identify 

the sensitivity of parameters by ranking their sensitivity indexes.   

𝑺𝑺𝑰𝑰 =
𝑰𝑰𝒎𝒎𝒎𝒎𝒙𝒙 − 𝑰𝑰𝒎𝒎𝒊𝒊𝒏𝒏

𝑰𝑰𝒎𝒎𝒎𝒎𝒙𝒙
 Eq. 5.6 

Where: 𝐼𝐼𝑚𝑚𝑚𝑚𝑥𝑥  and 𝐼𝐼𝑚𝑚𝑖𝑖𝑛𝑛 represent the maximum and minimum outputs within the whole input 

range.  

As for the fixed-rent-gap model, the dynamics of the model are monitored by three state variables: 

the mean rental Moran’s I, the mean like-neighbor proportion and the mean renovation events. 
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Considering that the first renovation after initialization occurs at a different time under different 

parameter conditions (e.g. renovation takes more time to occur at a higher rent gap with a lower 

depreciation rate), and the mean values of state variables are calculated from measurements 

between 250 ticks and 500 ticks, during which any parameter combinations able to trigger 

gentrification do so. The mean of the output list is used to calculate the 𝑆𝑆𝐼𝐼. In this section, outputs 

(viz. three state variables) at different parameter combinations will be investigated and their 𝑆𝑆𝐼𝐼 will 

be calculated and ranked. 

There are nine input model parameters in the variable-rent-gap gentrification model (Table 5.2). 

Among them, the diffusion steps aim to evaluate the uncertainty at a systematic level; the middle-

aged depreciation rate, the old and young depreciation disparities are for the impact of housing life 

cycle; the rent gap, the rent gap variation and the rent increment distribution are for the influence of 

rent gap and the exit and entry matching probability for the effect of household lifecycle. Since 

household and housing life cycles and rent gap are not independent, these parameters cannot be 

completely separated. Hence, the parameter category in Table 5.2 only reflects the dominant aspect 

of each process represented in the model. 

Table 5.2 Model input parameter space and sampling values* 

Parameter Category Model Parameter Possible Value Range Sampling Values 
Initialization Diffusion Steps - 10, 50 

Housing Life cycle 
Middle-aged Depreciation Rate Approx. (0.004, 0.013) 0.005, 0.01, 0.015 

Old Depreciation Disparity Approx. (2, 3) 2, 3 
Young Depreciation Disparity Approx. (2, 3) 2, 3 

Rent Gap 

Rent Gap (0, 0.125) 0.01, 0.04, 0.07, 0.1, 0.12 

Rent Gap Variation (0, 0.125) 0, 0.01, 0.03, 0.05,  
0.07, 0.09, 0.12 

Rent Increment Distribution - Uniform, Normal 

Household Life cycle Exit Matching Probability (0.1, 1) 0.1, 0.6, 1 
Entry Matching Probability (0.33, 0.66) 0.33, 0.5, 0.66 

* Since there is no value range for the diffusion steps and the rent increment distribution, 10 and 50 
are sampled, representing weak and strong autocorrelation and uniform and normal distributions 
for two common distributions.  

Across the parameter space above, there are 2 × 3 × 2 × 2 × 5 × 7 × 2 × 3 × 3 = 15,120 

parameter combinations. The probabilistic property of the model entails repetition of each 

combination. With each parameter set replicated five times, the total number of model simulations 

is 75,600. Table 5.3 summarizes the outcomes of the sensitivity analysis. It is obvious from the total 

rank (mean rank across all three state variables) that the rent gap, the rent gap variation, the 

middle-aged depreciation rate and the old depreciation disparity are the four most sensitive model 

parameters; these parameters relate to housing and household factors. When the three state 
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variables are considered individually, the sensitivity ranks differ: for mean Moran’s I for rent, the 

four most sensitive variables are the rent gap variation, the rent gap, the young depreciation 

disparity and the old depreciation disparity; for the mean like-neighbor proportion they are the exit 

matching probability, the rent gap, the rent increment distribution and the middle-aged 

depreciation rate. However, it is noteworthy that for the mean like-neighbor proportion, the 𝑆𝑆𝐼𝐼 

values of the rent increment distribution and the middle-aged depreciation rate are significantly 

lower than that of the exit matching probability and the rent gap. This indicates that these 

parameters may be not so important to the mean like-neighbor proportion, despite their ostensibly 

high ranks. For mean renovation events, the most four sensitive parameters are the rent gap, the 

middle-aged depreciation rate, the rent gap variation and the old depreciation disparity. Relatively 

high sensitivity ranks for housing life cycle and rent gap categories suggest the importance of each. 

On the other side, the four most insensitive parameters in total rank are the strength of the spatial 

autocorrelation at initialization (diffusion number), the entry matching probability, the young 

depreciation disparity and the rent increment distribution. Excepting the young depreciation 

disparity, the other three parameters all have a low impact on at least two state variables. 
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Table 5.3 Sensitivity indexes and their ranks in three state variables* 

Parameter Value 
 Mean Moran’s I Mean Like-neighbor Proportion Mean Renovation Events Overall 

Rank  Mean SD 𝑆𝑆𝐼𝐼 Rank Mean SD 𝑆𝑆𝐼𝐼 Rank Mean SD 𝑆𝑆𝐼𝐼 Rank 

Diffusion Steps 
10  0.1706 0.0738 

0.0137 9 
0.3715 0.017 

0.0009 9 
542 437 

0.0299 8 9 
50  0.173 0.0756 0.3711 0.0168 558 460 

Middle-aged 
Depreciation Rate 

0.005  0.1944 0.0829 
0.1319 5 

0.3686 0.0137 
0.0076 4 

393 350 
0.2994 2 3 0.01  0.1688 0.0704 0.3714 0.0168 560 433 

0.015  0.1521 0.0634 0.3738 0.0193 697 498 
Old Depreciation 

Disparity 
2  0.1842 0.083 

0.1345 4 
0.3706 0.0159 

0.0036 7 
495 415 

0.1824 4 4 
3  0.1594 0.063 0.372 0.0178 605 474 

Young Depreciation 
Disparity 

2  0.19 0.0859 
0.1922 3 

0.371 0.0161 
0.0015 8 

520 435 
0.1026 6 7 

3  0.1535 0.0558 0.3716 0.0176 580 460 

Rent Gap 

0.01  0.1343 0.0374 

0.3701 2 

0.3772 0.0217 

0.0254 2 

1143 536 

0.7907 1 1 
0.04  0.1536 0.0596 0.3732 0.0173 617 219 
0.07  0.1667 0.0698 0.3704 0.0151 446 239 
0.1  0.191 0.078 0.3682 0.0136 305 218 

0.12  0.2132 0.0905 0.3676 0.0134 239 212 

Rent Gap Variation 

0  0.2513 0.0805 

0.5433 1 

0.3722 0.0183 

0.0043 6 

471 607 

0.2927 3 2 

0.01  0.2186 0.0799 0.3714 0.0182 557 722 
0.03  0.1859 0.0667 0.3706 0.0167 499 461 
0.05  0.1609 0.058 0.3706 0.0162 521 364 
0.07  0.1416 0.0464 0.371 0.016 557 284 
0.09  0.1294 0.0323 0.3713 0.0161 579 215 
0.12  0.1147 0.0213 0.372 0.0165 666 157 

Rent Increment 
Distribution 

Uniform  0.18 0.0714 
0.0918 8 

0.3698 0.0149 
0.0083 3 

593 507 
0.146 5 6 

Normal  0.1635 0.077 0.3728 0.0185 507 377 
(Continued on next page) 
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(Continued from previous page) 

Parameter Value 
 Mean Moran’s I Mean Like-neighbor Proportion Mean Renovation Events Total Rank 
 Mean SD 𝑆𝑆𝐼𝐼 Rank Mean SD 𝑆𝑆𝐼𝐼 Rank Mean SD 𝑆𝑆𝐼𝐼 Rank  

Exit Matching 
Probability 

0.1  0.1848 0.0833 
0.1167 7 

0.3524 0.0026 
0.0933 1 

537 446 
0.0354 7 5 0.6  0.1672 0.0699 0.3728 0.0063 557 452 

1  0.1632 0.0683 0.3887 0.0121 556 449 

Entry Matching 
Probability 

0.33  0.1842 0.0848 
0.1273 6 

0.3713 0.0176 
0.0062 5 

546 449 
0.0149 9 8 0.5  0.1704 0.072 0.3701 0.0167 551 449 

0.66  0.1607 0.064 0.3725 0.0162 554 448 
* SD stands for stand deviation. 𝑆𝑆𝐼𝐼 is calculated by mean state variable. The total rank is the rank of mean sensitivity rank of three state 
variables. The smaller the rank is, the more sensitive the variable is. Bold 𝑆𝑆𝐼𝐼 values are those smaller than the largest one of the same 
state variable by at least an order of magnitude.  

Table 5.4 Parameter space for plotting 

Parameter Value(s) 
Diffusion Steps in Initialization 50 

Rent Increment Distribution 𝑁𝑁 �
�̅�𝑟𝑚𝑚 − �̅�𝑟𝑛𝑛

2
, 10� 

Exit Matching Probability 0.6 
Entry Matching Probability 0.5 

Rent Gap 0.01, 0.04, 0.07, 0.1, 0.12 
Rent Gap Variation 0, 0.01, 0.03, 0.05, 0.07, 0.09, 0.12 

Middle-aged Depreciation Rate 0.005, 0.01, 0.015 
Old Disparity 2, 3 

Young Disparity 2, 3 
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Since parameters related to the housing life cycle and rent gap categories are consistently more 

important than those related to the household life cycle and initialization categories (except for the rent 

increment distribution), an overview of the influence of the former two on model patterns is presented 

before a detailed scenario analysis (Section 5.4). The less sensitive parameters are fixed (Table 5.4) for 

these graphical evaluations (Figures 5.3, 5.4 and 5.5).  

In Figure 5.3, given certain depreciation rates, the number of renovation events declines with increasing 

rent gap. With low rent-gap variation, a low rent gap can further increase the frequency of renovation 

events. Large rent gap variation compensates for the difficulty of renovation caused by a large rent gap 

and also augments renovation events. With the same rent gap and rent gap variation, a higher overall 

depreciation rate tends to drive more renovation events, because a faster rate of deterioration reduces 

the time taken to reach the threshold rent gap.  

In Figure 5.4, with relatively low depreciation disparity, large rent gap and low rent gap variation result 

in a more segregated rental pattern, as indicated by a higher Moran’s I. This trend is blurred by higher 

overall depreciation rates, which possibly exceed the threshold rent gap only by depreciation disparity 

within a small neighborhood, and pre-empt large-scale gentrification. Especially when the middle-aged 

depreciation rate, the old and young depreciation disparity are high (the last subplot in Figure 5.4), the 

peak in mean Moran’s I plunges with largest rent gap and lowest rent gap variation.  

The dynamics of the mean like-neighbor proportion are intricate (Figure 5.5). Basically, renovation 

events and Moran’s I impinge on household pattern from the local and global levels, respectively. In the 

first case, as a local similarity measuring index, the mean like-neighbor proportion is sensitive to local 

renovation dynamics. Unless rent gap is zero, instead of completely random distribution, the rental 

pattern is locally spatially correlated and its magnitude depends on the rent gap, the rent gap variation 

and the depreciation rates. At a very low, but non-zero, rent gap with a large number of renovation 

events, household similarity in a neighborhood is likely to be a little higher. This explains why the mean 

like-neighbor proportion rises where renovation events peak at the corner of lower rent gap and lower 

rent gap variation; note that this kind of increase in the local like-neighbor proportion is independent of 

Moran’s I, which is a global measure. Meanwhile, a global pattern change, for example the variation of 

rental Moran’s I, affects the mean like-neighbor proportion because of the link between household 

income level and the age of the household head. Hence there is spike of the mean like-neighbor 

proportion where Moran’s I spikes. As the broadening depreciation disparities encroach on the influence 
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of separation by rent gap, this peak subsequently lowers and eventually disappears. Likewise, the 

explanation of Figure 5.5  rationalizes the erratic dynamics of like-neighbor proportions in Figure 3.9. A 

generally high like-neighbor proportion at low rent gap is induced by a large number of locally spatially 

correlated renovation events; while a high like-neighbor proportion at high rent gap is due to the 

segregated rental pattern.  
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Figure 5.3 Dynamics of mean renovation events (z axis) in the model parameter space. 𝑹𝑹𝑴𝑴, 𝑬𝑬 and 𝒋𝒋 are 
middle-aged depreciation rate, old depreciation disparity and young depreciation disparity 
respectively (refer to Section 5.2.2 for their definitions). 
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Figure 5.4 Dynamics of mean rental Moran’s I (z axis) in the model parameter space. 

77 

 



 

Figure 5.5 Dynamics of mean like-neighbor proportion (z axis) in the model parameter space.
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Mutual interactions among model parameters generate complicated dynamics across the parameter 

space. After investigating three state variables (renovation events, Moran’s I and the like-neighbor 

proportion) through sensitivity analysis, the model outcomes can be generally classified into two 

groups: segregated and mixing patterns. Conditions for a spatial differentiation are stringent: a 

relatively high rent gap, a low rent gap variation, a relatively strong link between household and 

housing type and comparatively low depreciation disparities between different age cohorts. 

Depending on their sensitivities, any of the aforementioned conditions can weaken or even break 

the spatial structured dynamics.  

5.4 Scenario analysis 

Similarly to the fixed-rent-gap model (refer to Section 3.2), this section first explores three spatial 

patterns exhibited by the variable-rent-gap model: integration, transition and segregation by varying 

the rent gap value. And then by comparing the three spatial patterns of the variable-rent-gap model 

with those of the fixed-rent-gap model, this section endeavors to identify the difference of spatial 

pattern between both models. 

In Figure 5.6, three corresponding phases are the mixed phase (low rental Moran’s I and rent gap 

lower than 0.03), the transition phase (medium rental Moran’s I and rent gap between 0.03 and 

0.09) and the concentrated phase (high Moran’s I and rent gap greater than 0.09). Three rent gap 

settings (one model run for each rent gap) − 0.01 (low rent gap), 0.06 (medium rent gap) and 0.1 

(high rent gap) − were assessed to represent integration, transition and segregation scenarios 

respectively. In fact, to evaluate the influence of the rent gap variation, which is the major difference 

between the fixed-rent-gap model and the variable-rent-gap model, all model parameters other 

than the rent gap variation are the same (Table 5.5). Among them, the middle-aged depreciation 

rate, the old depreciation disparity, the young depreciation disparity and the standard deviations of 

three depreciation rates are set as per the empirical housing depreciation rates in Point Chevalier 

(Section 5.2.2); others are randomly set.  
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Figure 5.6 Box plot of rental Moran’s I at last 250 steps. 

Table 5.5 Parameter space for scenario analysis 

Parameter Value(s) 
Diffusion Steps in Initialization 50 

Rent Increment Distribution 𝑁𝑁 �
�̅�𝑟𝑚𝑚 − �̅�𝑟𝑛𝑛

2
, 10� 

Exit Matching Probability 0.8 
Entry Matching Probability 0.5 

Rent Gap 0.01, 0.06, 0.1 
Rent Gap Variation 0.02 

Middle-aged Depreciation Rate 0.005 
Old Depreciation Disparity 3 

Young Depreciation Disparity 2 
SD of Middle-aged Depreciation Rate Distribution* 0.003 

SD of Old Depreciation Rate Distribution 0.008 
SD of Young Depreciation Rate Distribution 0.015 

*SD stands for standard deviation. 

Renovation events, rental Moran’s I and the like-neighbor proportion are shown in Figures 5.7 , 5.8 

and 5.9 (cf. Figures 3.7, 3.8 and 3.9 in Chapter Three, respectively). The dynamics of renovation 

events at the three rent gap settings are somewhat similar to those seen in the fixed-rent-gap 

model, that is, sporadic renovation blips without a distinct pattern and a large proportion of events 

occurring outside chain reactions. Differences across the three are the amplitude and frequency of 

the renovation pulses and the proportion of the events in non-chain reactions, which are not 

fundamental in this model. For convenience, only the renovation dynamics at the high rent gap (0.1) 

are shown in Figure 5.7. Unlike the fixed-rent-gap model, in which renovation dynamics at a high 

rent gap are cyclic and regular, the variable-rent-gap model behaves more variably because of rent-
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gap variation (especially at low rent gap values). Therefore, the dynamics of Moran’s I in the 

variable-rent-gap model (Figure 5.8) are less organized than those in the fixed one. However, a 

higher rent gap still exhibits more spatial coalescence and a greater proportion of renovation events 

occurring as part of a chain reaction. Synergistically affected by both Moran’s I and renovation 

events, the dynamics of the like-neighbor proportion (Figure 5.9) at three rent-gap settings are 

similar, other than during the first gentrification wave at high rent-gap values, when spatially 

coordinated gentrification predominates.  

 

Figure 5.7 Dynamics of renovation at high threshold rent gap levels (𝒈𝒈 = 𝟎𝟎.𝟏𝟏). The blue dashed 
line represents all renovation events, while the red solid line shows the number of renovation 
events that occurred as part of “chain reactions” – that is, spatially adjacent and temporally 
consecutive renovation events. These renovation events thus happened in the Moore 
neighborhood of a cell that was renovated in the immediately previous time step. The time span 
between 100 and 130 (two black vertical dashed lines) is used in a snapshot analysis later in the 
chapter. 

81 

 



 

Figure 5.8 Dynamics of rental Moran’s I at low, medium and high threshold rent gap levels (one 
model run for each rent gap). 

 

 

Figure 5.9 Dynamics of the mean like-neighbor proportions at low, medium and high threshold 
rent gap levels (one model run for each rent gap). 

Compared with the rental category change in the fixed-rent-gap model, the change at a low rent gap 

is more evenly distributed (Table 5.6), while category changes at a medium and high rent gap stay 

close. When the rent gap becomes wider, the proportion of gentrification events from the run-down 

class to the expensive increases, in contrast with the decline in other category changes. Although 

rent-gap variation transforms the temporal pattern of renovation, the structure of rental category 
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change, which remains almost intact at a medium and high rent gap, does not reflect the full 

gentrification shift.  

Table 5.6 Renovation constitution of rental category changes (the variable-rent-gap model vs. the 
fixed-rent-gap model)* 

  Category Change 

Rent Gap 
Threshold 

 Run-down to 
Affordable 

Run-down to 
Expensive 

Affordable to 
Expensive 

Within the Same 
Category 

Shannon 
Weaver Index 

(𝐻𝐻) 

Low  25.1% 
(cf. 32.3%) 

22.9% 
(cf. 58.8%) 

5.3% 
(cf. 0.4%) 

46.8% 
(cf. 8.5%) 

1.20 
(cf. 0.91) 

Medium  18.0% 
(cf. 15.3%) 

78.6% 
(cf. 83.7%) 

0.5% 
(cf. 0.1%) 

2.9% 
(cf. 0.8%) 

0.63 
(cf. 0.48) 

High  6.3% 
(cf. 6.1%) 

93.3% 
(cf. 93.7%) 

0.1% 
(cf. 0.1%) 

0.3% 
(cf. 0.1%) 

0.26 
(cf. 0.25) 

* The numbers in parentheses are for the fixed-rent-gap model (Table 3.4). Refer to Table 3.1for 
rental categorization standard. The Shannon Weaver Index (Shannon, 1948) is used to measure how 
evenly the  rental category change are distributed. 𝐻𝐻 = −∑ 𝑝𝑝𝑖𝑖 ln𝑝𝑝𝑖𝑖𝑛𝑛

𝑖𝑖=1 , where 𝑝𝑝𝑖𝑖 is the proportion of 
the 𝑑𝑑th-typed rental category change. Its value increases when evenness increases.  

 

Figure 5.10 Rental value maps at a low threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟏𝟏. The rental Moran’s I at four 
times are 0.14, 0.16, 0.11 and 0.23 respectively. 
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Figure 5.11 Rental value maps at a medium threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟎𝟎. The rental Moran’s I at 
four times are 0.19, 0.22, 0.22 and 0.22 respectively. 

 

Figure 5.12 Rental value maps at a high threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟏𝟏. The rental Moran’s I at four 
times are 0.35, 0.45, 0.46 and 0.47 respectively. 
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Figures 5.10, 5.11 and 5.12 show snapshots of the rental map over the period of the first relatively 

complete gentrification wave under a high rent gap; note that this period is highlighted in Figures 

5.7, 5.8 and 5.9. The higher the threshold rent gap, the more structured the rent configuration is, 

which is consistent with the evolution of spatial patterns in the fixed-rent-gap model. At a high 

threshold rent gap, spatially connected gentrification starts at the border between salubrious and 

decrepit regions and spreads into run-down areas. The dynamics of the rental pattern show little 

difference with those produced in the fixed-rent-gap model. However, renovation event tracks 

(Figures 5.13, 5.14 and 5.15), links of any two renovation events happening in chain reaction, do 

differentiate one model from the other. Generally, renovation tracks in the variable-rent-gap model 

are less concentrated and connected than their counterparts in the fixed model. Particularly at high 

threshold rent gap values, the gentrification waves or avalanche caused by chain reactions of 

renovation in the fixed-rent-gap model are fragmented into smaller waves by fluctuations in the 

threshold rent gap (Figure 3.16 v.s. Figure 5.15). Rental exclusion stems from the spatial aggregation 

of these small waves. As threshold rent gap varies over a wider extent, wave size and clustering 

degree become smaller and weaker, resulting in rental integration.   

 

Figure 5.13 Renovation event tracks at a low threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟏𝟏. Due to different 
renovation frequencies, 4,149 events from tick 100 to 102 are mapped, approximately the same as 
number of events (4,637) at a high rent gap from tick 100 to 130. The earlier the renovation is, the 
darker the color. Isolated renovation events, i.e. those not in a chain reaction, are not shown on 
this map. 
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Figure 5.14 Renovation event tracks at a medium threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟎𝟎. 4,950 events from 
tick 100 to 119 are mapped. 

 

Figure 5.15 Renovation event tracks at a high threshold rent gap 𝒈𝒈 = 𝟎𝟎.𝟏𝟏. 4,637 events from tick 
100 to 130 are mapped. 

5.5 Conclusion 

Setting the model parameters against empirical data, this chapter systematically investigates the 

relative importance of the model parameters by sensitivity analysis and answers the question in the 

first objective (Section 1.2). Generally, the rent gap is the most important factor, while the entry and 

exit matching probabilities are less vital. Comparison between the renovation dynamics of the fixed-
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rent-gap model and those of the variable-rent-gap model reveals similarities between corresponding 

scenarios. For instance, the rental configuration becomes segregated as the threshold rent gap 

increases. However, a non-trivial difference between the two is that rental separation in the 

variable-rent-gap model comes from the clustering of the small renovation waves, instead of from a 

few large-scale gentrification avalanches. The ‘spatio-temporal renovation breakdown’ is caused by 

the rent gap variation (Figure 5.7). Nevertheless, the descriptive interpretation of the renovation 

pattern is far from being sufficient. The following chapter further evaluates the simulation results of 

the variable-rent-gap model vis-à-vis an actual gentrification pattern in Point Chevalier, via a 

rigorous quantitative analysis at both global and local scales.  
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6 Gentrification Pattern Analysis 

6.1 Introduction 

Similarly to gentrification theory, the spatial pattern of gentrification also triggers debate, which 

focuses on whether gentrification is implicated in income and/or ethnic segregation. For instance, 

Freeman (2009) investigates the relationship between gentrification, neighborhood diversity and 

metropolitan segregation in the US due to race and class respectively, and finds that gentrification 

does not decrease neighborhood-level diversity. Conversely, however, Atkinson (2008) and Lees 

(2008) are skeptical about the potential for gentrification policies to increase social mixing. Using 

data from 23 large American cities, Wyly and Hammel (2004) find intensified segregation in 

gentrified neighborhoods. Some other researchers (Andersson & Turner, 2014; Harding, 2000; Walks 

& Maaranen, 2008) draw a similar conclusion, based on evidence from some North American and 

European cities. Recently, some scholars (Diappi & Bolchi, 2008; O'Sullivan, 2002; Semboloni, 2008) 

endeavor to fill the lacunae via micro gentrification simulation.  

Although these efforts to simulate the gentrification process provide valuable insights into the 

spatial nature of gentrification, a rigorous pattern analysis is still lacking, especially of the 

relationship between gentrification and social mixing. It remains unclear whether gentrification 

induces ethnic segregation. Notwithstanding the variable-rent-gap model does not address this issue 

directly since the model is aged-based instead of ethnic/racial-based, it is potential to shed a light on 

the relationship between gentrification and ethnic segregation. This chapter first assesses the 

credibility of model outcomes, and then, if the model is reliable, discusses the complicated 

relationship between gentrification and social segregation, using evidence from the model 

simulation. The model is evaluated via comparing the model simulation results with the pattern in 

Point Chevalier from global and local perspectives, respectively. Note that this dissertation revolves 

around the building and evaluation of an abstract micro gentrification model, which will provide a 

springboard for more realistic models in the future. Thus, instead of building a model in a realistic 

empirical setting, the patterns of the variable-rent-gap model are directly compared with those in 

Point Chevalier.  

Since there are three pattern phases (i.e. the mixed pattern, the transition pattern and the 

concentrated pattern) across the threshold rent gap range (Figure 5.6), comparing the spatial 

patterns yielded by the model with those seen in Point Chevalier entails converting the threshold 

rent gap, as estimated for Point Chevalier (𝑅𝑅𝑅𝑅𝑑𝑑 = 1 − 𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴����

, see Chapter Four), to the threshold rent 

gap used in the model (𝑔𝑔 = 1
8
��̅�𝑟𝑛𝑛−𝑟𝑟

�̅�𝑟𝑛𝑛
�, see Chapter Five). Obviously, 𝑅𝑅𝑅𝑅𝑑𝑑 is eight times larger than its 
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counterpart in the micro simulation model. Since 𝑅𝑅𝑅𝑅𝑑𝑑 in Point Chevalier is 0.16 (see Chapter Four), 

the corresponding 𝑔𝑔 should be around 0.16
8

= 0.02, which belongs to the mixed pattern phase 

(Figure 5.6). Hence, patterns at three model threshold rent gaps – 0.02, 0.06 and 0.1, representing 

low, medium and high rent gap respectively – are selected and analyzed vis-à-vis the pattern of Point 

Chevalier.  

This chapter is structured as follows: Section 6.2 will identify the similarities with and differences 

from the global rental patterns produced by the model simulation and that observed in Point 

Chevalier; Section 6.3 continues to delve into the local pattern of both, and Section 6.4 summarizes 

the key findings of the chapter and discusses the relationship between gentrification and social 

segregation.  

6.2 Global pattern analysis 

The global Moran’s I is used as the global pattern measure. The model simulation shows that the 

pattern of the annual value 𝐴𝐴𝐼𝐼in Point Chevalier (corresponding to the rental pattern of the model) 

is supposed to be mixed (Section 6.1). However, in Table 6.1, the global Moran’s I of 𝐴𝐴𝐼𝐼 is high, 

suggesting a conspicuous separation. In contrast, the global Moran’s I of the improvement value (𝐼𝐼𝐼𝐼) 

is significantly lower than those of the land value (𝐿𝐿𝐼𝐼), the capital value (𝐶𝐶𝐼𝐼) and the annual value 

(𝐴𝐴𝐼𝐼). This is possibly because the segregated 𝐿𝐿𝐼𝐼 pattern generated by housing locations is strongly 

influenced the 𝐶𝐶𝐼𝐼 and 𝐴𝐴𝐼𝐼. For example, properties in the northern part of Point Chevalier are 

generally more expensive than those in the south (Figure 6.1); this is especially evident in the 

northern coastal area, which, being situated near the coast and conservation land, is the most 

valuable in the region. Without the influence of 𝐿𝐿𝐼𝐼, the pattern of 𝐼𝐼𝐼𝐼 displays low spatial 

autocorrelation. The abstract model presented in Chapter Three and Chapter Five only represents 

the dynamics of housing dilapidation and renovation and assumes a homogeneous geographic 

distribution for all housing. This simplifying assumption explains the discrepancy between the global 

Moran’s I of 𝐴𝐴𝐼𝐼in Point Chevalier and model rent at low 𝑔𝑔; and the assumption also interprets the 

consistency between the patterns of 𝐼𝐼𝐼𝐼 and model rent (Table 6.2).  

Table 6.1 Global Moran’s I of Point Chevalier for three years* 

 2002 2005 2011 
𝑳𝑳𝑰𝑰 0.62 0.57 0.59 
𝑰𝑰𝑰𝑰 0.22 0.24 0.23 
𝑪𝑪𝑰𝑰 0.54 0.56 0.55 
𝑨𝑨𝑰𝑰 0.51 0.54 0.54 

*Only residential properties are included in these analyses. 
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Figure 6.1 𝑳𝑳𝑰𝑰 of Point Chevalier in 2002 and 2011. 

Table 6.2 Global rental Moran’s I of three model simulations at four ticks* 

 Tick 
Rent Gap Threshold, g 100 110 120 130 

0.02 (Low) 0.19 0.13 0.11 0.23 
0.06 (Medium) 0.20 0.22 0.21 0.22 

0.1 (High) 0.36 0.44 0.46 0.46 
* The model rent corresponds to the 𝐴𝐴𝐼𝐼in Point Chevalier. 

To substantiate the argument that the segregated spatial pattern of 𝐿𝐿𝐼𝐼 in Point Chevalier is caused 

by landscape factors, rather than the spatially connected gentrification wave at the high threshold 

rent gap (𝑔𝑔), both the pattern of 𝐿𝐿𝐼𝐼 and the model rental pattern at the high 𝑔𝑔 are compared via 

eigenvector spatial filtering. Recently, the application of eigenvector spatial filtering has burgeoned, 

including in ecological problems (Griffith & Peres-Neto, 2006), the speed of income convergence 

(Cuaresma & Feldkircher, 2013), suicide mortality (Helbich, Blüml, Leitner, & Kapusta, 2013), 

schistosomiasis risk (Schrader et al., 2013), land use (Wang, Kockelman, & Wang, 2013), adverse 

birth outcome (Legerski & Thayn, 2013), rental price (McCord, Davis, Haran, McIlhatton, & McCord, 

2014) and vehicle burglary (Chun, 2014), just to name a few.  

Eigenvector spatial filtering is essentially a regression analysis, which “seeks to transform a spatially 

dependent variable into an independent variable by removing the spatial dependence embedded in 

it” (Griffith, 2003, p. 91). From the misspecification perspective for the spatial regression model 𝑌𝑌 =

𝑋𝑋𝛽𝛽 + 𝜀𝜀∗ with the non-spatial variables 𝑌𝑌 and 𝑋𝑋 and the spatially autocorrelated residual 𝜀𝜀∗, 

eigenvector spatial filtering aims to decompose ε∗ into a white-noise component ε, and a set of 
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orthogonal spatial proxy variables, which jointly exhibit a spatial autocorrelated pattern with respect 

to the underlying spatial structure/the spatial weights matrix 𝑊𝑊 (spatial weights matrix). This set of 

spatial proxy variables should satisfy two conditions (Tiefelsdorf & Griffith, 2007):  

1. Proxy variables are orthogonal and uncorrelated. Orthogonality between two variables 

means the dot product between each is zero. Non-correlation is equivalent to a zero 

Pearson's product-moment correlation coefficient (abbreviated to Pearson’s 𝑟𝑟). 

2. Proxy variables should also be orthogonal to 𝑋𝑋 for an unbiased estimate. Because an 

exogenous variable 𝑋𝑋 is not considered in this chapter, this condition is automatically 

satisfied (i.e. 𝑌𝑌 = 𝜀𝜀∗). 

These two conditions act to remove the spatial correlation in the spatial weights matrix 𝑊𝑊, 

guaranteeing that a linear combination of a suitable subset of proxy variables can approximate the 

misspecification term ε∗, therefore an OLS estimation can be applied to the spatial autoregressive 

model. The spatial weights matrix 𝑊𝑊 adopts Queen’s adjacency (O'Sullivan & Unwin, 2010), that is, 

any two areas sharing either an edge or a corner vertex are deemed adjacent (neighbors). For the 

grid in the CA, a cell’s neighbors are, therefore, the eight immediate cells around it (i.e. the Moore 

neighborhood); for the polygons (residential properties) in Point Chevalier, the study area is divided 

by the centroids of the polygon, so that the spatial weights matrix can be built on the Voronoi 

diagram/Thiessen polygons (Aurenhammer, 1991).  

Sections 6.2.1 and 6.2.2 aim to address two issues: first, how to identify the spatial proxy variables 

satisfying the two criteria listed above and, second, how to select a suitable and parsimonious subset 

of spatial proxy variables 𝐸𝐸𝑘𝑘  for the linear combination approximation of 𝜀𝜀∗. Section 6.2.3 compares 

the spatial structure of 𝐿𝐿𝐼𝐼in Point Chevalier with that of the model at the high 𝑔𝑔.  

6.2.1 Identifying appropriate spatial proxy variables 

To remove the spatial dependency in spatial weights matrix 𝑊𝑊as per the two criteria listed above, 

the eigenvectors of symmetric matrix 𝑀𝑀𝑊𝑊𝑀𝑀 are employed as spatial proxy variables, where the 

projection/centering matrix 𝑀𝑀 = 𝐼𝐼 − 𝒍𝒍(𝒍𝒍′𝒍𝒍)−1𝒍𝒍′ = 𝐼𝐼 − 𝒍𝒍𝒍𝒍′

𝑛𝑛
 (𝐼𝐼 is the 𝑑𝑑 × 𝑑𝑑 identity matrix with ones on 

the main diagonal and zeroes elsewhere, 𝒍𝒍 for the 𝑑𝑑 × 1 vector of all ones, (𝒍𝒍′𝒍𝒍)−1 for the 

normalizing factor that recovers the norm and 𝒍𝒍′ for the transpose of 𝒍𝒍). In the following, the 

orthogonality and non-correlation of these eigenvectors will be proved respectively. They are the 

reworking and reorganization of Griffith’s proof (2003). 
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Property 1: For a symmetric matrix 𝐴𝐴 whose eigenvectors exist, any two eigenvectors are orthogonal 

with each other. 

Proof. Suppose 𝑣𝑣 and 𝑤𝑤 (both dimensions are 𝑑𝑑 × 1) are the eigenvectors of 𝐴𝐴 with distinct 

eigenvalues 𝜆𝜆 and 𝜇𝜇 respectively and 〈𝑣𝑣,𝑤𝑤〉 for the dot product of 𝑣𝑣 and 𝑤𝑤. We have 

𝜇𝜇〈𝑣𝑣,𝑤𝑤〉 = 𝜇𝜇𝑣𝑣′𝑤𝑤 = 𝑣𝑣′𝐴𝐴𝑤𝑤 = (𝐴𝐴𝑣𝑣)′𝑤𝑤 = 𝜆𝜆𝑣𝑣′𝑤𝑤 

∴ (𝜇𝜇 − 𝜆𝜆)𝑣𝑣′𝑤𝑤 = 0 

Because𝜆𝜆 and 𝜇𝜇 are not equal, 𝑣𝑣′𝑤𝑤 = 〈𝑣𝑣,𝑤𝑤〉 = 0. Therefore, eigenvectors𝑣𝑣 and 𝑤𝑤 are orthogonal. In 

𝑀𝑀𝑊𝑊𝑀𝑀, the projection matrix 𝑀𝑀 is apparently symmetric; the undirected spatial weights matrix 𝑊𝑊 

used in this chapter is also symmetric. Property 1 shows that the eigenvectors of 𝑀𝑀𝑊𝑊𝑀𝑀 are 

orthogonal with each other; note that for the directed spatial weights matrix 𝑊𝑊, the eigenvectors of 

𝑀𝑀 1
2

(𝑊𝑊 + 𝑊𝑊′)𝑀𝑀 are spatial proxy variables. 

Property 2: Eigenvectors of 𝑀𝑀𝑊𝑊𝑀𝑀 are orthogonal to 𝒍𝒍. 

Proof. Assume the eigenvector and eigenvalue of 𝑀𝑀𝑊𝑊𝑀𝑀 are𝑣𝑣 and 𝜆𝜆 respectively, we have 

𝑣𝑣′𝒍𝒍 =
(𝑀𝑀𝑊𝑊𝑀𝑀𝑣𝑣)′𝒍𝒍

𝜆𝜆
=
𝑣𝑣′𝑀𝑀𝑊𝑊𝑀𝑀𝒍𝒍

𝜆𝜆
=
𝑣𝑣′𝑀𝑀𝑊𝑊(𝐼𝐼 − 𝒍𝒍𝒍𝒍′

𝑛𝑛
)𝒍𝒍

𝜆𝜆
=
𝑣𝑣′𝑀𝑀𝑊𝑊(𝒍𝒍 − 𝒍𝒍)

𝜆𝜆
= 0 

Thus, 𝑣𝑣 is orthogonal to 𝒍𝒍. 

Property 3: Eigenvectors of 𝑀𝑀𝑊𝑊𝑀𝑀 are uncorrelated. 

Proof. Suppose 𝑣𝑣 and 𝑤𝑤 are eigenvectors of 𝑀𝑀𝑊𝑊𝑀𝑀, the correlation between both is measured by 

Pearson’s 𝑟𝑟 (Tabachnick & Fidell, 2012): 

𝑟𝑟 =
𝑑𝑑∑𝑣𝑣𝑤𝑤 − (∑𝑣𝑣)(∑𝑤𝑤)

�[𝑑𝑑∑𝑣𝑣2 − (∑𝑣𝑣)2][𝑑𝑑∑𝑤𝑤2 − (∑𝑤𝑤)2]
 

According to Property 1 and 2, ∑𝑣𝑣 = 𝒍𝒍′𝑣𝑣 = 0 and ∑𝑣𝑣𝑤𝑤 = 𝑣𝑣′𝑤𝑤 = 0. Hence, the numerator of 

Pearson’s 𝑟𝑟 is zero. That is to say,  𝑣𝑣 and 𝑤𝑤 are independent of each other.  

With these three properties, we have proved that the eigenvectors of 𝑀𝑀𝑊𝑊𝑀𝑀 are not only orthogonal 

but also uncorrelated pairwise, allowing us to decompose spatially correlated variable 𝑌𝑌 into several 

uncorrelated eigenvectors. For continuous data (e.g. rent or housing price), the dependent variable 

can be rewritten as 𝑌𝑌 ≈ 𝜇𝜇𝑌𝑌 + 𝐸𝐸𝑘𝑘𝛽𝛽𝑘𝑘  where 𝜇𝜇𝑌𝑌 is the coefficient vector for constant, 𝐸𝐸𝑘𝑘  for the subset 

92 

 



of the eigenvectors of 𝑀𝑀𝑊𝑊𝑀𝑀, and 𝛽𝛽𝑘𝑘  for the coefficient vector of 𝐸𝐸𝑘𝑘. 𝛽𝛽𝑘𝑘  can be estimated by OLS. It 

should be pointed out that each eigenvector represents a pattern/map that possibly comprises the 

pattern of 𝑌𝑌. In this sense, eigenvector spatial filtering decomposes a spatial configuration into a set 

of basic patterns that correspond to eigenvectors of 𝑀𝑀𝑊𝑊𝑀𝑀. Additionally, this decomposition gives a 

new property to each eigenvalue (Property 4). 

Property 4: If 𝑊𝑊 is row standardized so that the elements in each row sum to one, the Moran’s I of 

each eigenvector of 𝑀𝑀𝑊𝑊𝑀𝑀 is its corresponding eigenvector.  

Proof. Suppose an eigenvector and its corresponding eigenvalue of 𝑀𝑀𝑊𝑊𝑀𝑀 are𝑎𝑎 and 𝜆𝜆 respectively. 

Moran’s I of 𝑎𝑎 is defined as:  

𝑀𝑀𝑑𝑑𝑟𝑟𝑎𝑎𝑑𝑑′𝑅𝑅 𝐼𝐼 =
𝑑𝑑

∑ ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑛𝑛
𝑖𝑖=1

𝑛𝑛
𝑖𝑖=1

∑ ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑛𝑛
𝑖𝑖=1

𝑛𝑛
𝑖𝑖=1 (𝑎𝑎𝑖𝑖 − �̅�𝑎)�𝑎𝑎𝑖𝑖 − �̅�𝑎�

∑ (𝑎𝑎𝑖𝑖 − �̅�𝑎)2𝑛𝑛
𝑖𝑖=1

=
∑ ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑛𝑛

𝑖𝑖=1
𝑛𝑛
𝑖𝑖=1 (𝑎𝑎𝑖𝑖 − �̅�𝑎)�𝑎𝑎𝑖𝑖 − �̅�𝑎�

∑ (𝑎𝑎𝑖𝑖 − �̅�𝑎)2𝑛𝑛
𝑖𝑖=1

 

where 𝑤𝑤𝑖𝑖𝑖𝑖  is the spatial weight between position 𝑑𝑑 and 𝑗𝑗, 𝑎𝑎𝑖𝑖 and 𝑎𝑎𝑖𝑖 for the value of eigenvector 𝑎𝑎 at 

the position 𝑑𝑑 and 𝑗𝑗 and �̅�𝑎 for the average of 𝑎𝑎. Moran’s I can be expressed in terms of centering 

matrix 𝑀𝑀 as: 

𝑀𝑀𝑑𝑑𝑟𝑟𝑎𝑎𝑑𝑑′𝑅𝑅 𝐼𝐼 =
(𝑀𝑀𝑎𝑎)′𝑊𝑊𝑀𝑀𝑎𝑎

(𝑀𝑀𝑎𝑎)′𝑀𝑀𝑎𝑎
 

Here idempotence of 𝑀𝑀 meaning 𝑀𝑀𝑘𝑘 = 𝑀𝑀 for 𝑘𝑘 = 1,2, …. is introduced and proved.  

𝑀𝑀2 = �𝐼𝐼 −
𝒍𝒍𝒍𝒍′

𝑑𝑑
� �𝐼𝐼 −

𝒍𝒍𝒍𝒍′

𝑑𝑑
� = 𝐼𝐼 −

2
𝑑𝑑
𝒍𝒍𝒍𝒍′ +

𝒍𝒍𝒍𝒍′𝒍𝒍𝒍𝒍′

𝑑𝑑2
= 𝐼𝐼 −

2
𝑑𝑑
𝒍𝒍𝒍𝒍′ +

𝒍𝒍𝒍𝒍′

𝑑𝑑
= 𝑀𝑀 

𝑀𝑀𝑘𝑘 = 𝑀𝑀 can be easily deduced from the conclusion above. 

Back to Moran’s I; because of the idempotence and symmetry of 𝑀𝑀, Moran’s I can be transformed 

as: 

𝑀𝑀𝑑𝑑𝑟𝑟𝑎𝑎𝑑𝑑′𝑅𝑅 𝐼𝐼 =
𝑎𝑎′𝑀𝑀(𝑀𝑀𝑊𝑊𝑀𝑀𝑎𝑎)

𝑎𝑎′𝑀𝑀𝑎𝑎
=
𝜆𝜆𝑎𝑎′𝑀𝑀𝑎𝑎
𝑎𝑎′𝑀𝑀𝑎𝑎

= 𝜆𝜆 

Property 4 tells us that the Moran’s I of an eigenvector of 𝑀𝑀𝑊𝑊𝑀𝑀 is its eigenvalue. This conclusion 

will be used in Section 6.2.2.  

6.2.2 Choosing an optimal 𝑬𝑬𝑬𝑬 

There are two eigenvector selection algorithms available to determine a suitable and parsimonious 

subset 𝐸𝐸𝑘𝑘: stepwise regression (Griffith, 2003, p. 104) and the standardized Moran’s I statistic 
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(Tiefelsdorf & Griffith, 2007). The first of these two approaches seeks to select eigenvectors that 

minimize the residual sum of squares 𝜀𝜀∗𝑇𝑇𝜀𝜀∗, or, alternatively, maximize the proportion of explained 

variation, that is, 𝑟𝑟2 = 1 − 𝜀𝜀∗𝑇𝑇𝜀𝜀∗,
𝑦𝑦𝑇𝑇𝑀𝑀𝑦𝑦

. The second aims to minimize the spatial autocorrelation in the 

residuals to a predetermined threshold.  

Since the eigenvectors of 𝑀𝑀𝑊𝑊𝑀𝑀 are mutually uncorrelated, the order of their entry into 𝐸𝐸𝑘𝑘  becomes 

irrelevant. Stepwise regression optimizes the eigenvector combination by striking a balance between 

the goodness of fit and complexity of the model. The procedure is: 

Step 1. There is no eigenvector selected at the inception of the process. To make sure that all 

potential map patterns (i.e. eigenvectors) account for a minimum amount of spatial autocorrelation, 

only those eigenvectors with 𝑀𝑀𝑀𝑀𝑟𝑟𝑚𝑚𝑛𝑛′𝑠𝑠 𝐼𝐼
𝑀𝑀𝑀𝑀𝑟𝑟𝑚𝑚𝑛𝑛′𝑠𝑠 𝐼𝐼𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑚𝑚𝑒𝑒

≥ 0.25 are considered. With Property 4, 

𝑀𝑀𝑀𝑀𝑟𝑟𝑚𝑚𝑛𝑛′𝑠𝑠 𝐼𝐼
𝑀𝑀𝑀𝑀𝑟𝑟𝑚𝑚𝑛𝑛′𝑠𝑠 𝐼𝐼𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑚𝑚𝑒𝑒

= 𝜆𝜆
𝜆𝜆𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑚𝑚𝑒𝑒

≥ 0.25 where 𝜆𝜆 is the eigenvalue of an eigenvector. If 𝜆𝜆 is negative, 

𝜆𝜆𝑒𝑒𝑥𝑥𝑡𝑡𝑟𝑟𝑒𝑒𝑚𝑚𝑒𝑒  is the smallest negative eigenvalue. Conversely, if 𝜆𝜆 is positive, the 𝜆𝜆𝑒𝑒𝑥𝑥𝑡𝑡𝑟𝑟𝑒𝑒𝑚𝑚𝑒𝑒  is the largest 

positive eigenvalue.   

Step 2. The eigenvector not currently selected that has the largest correlation (measured by 

Pearson’s 𝑟𝑟) with 𝑌𝑌 is included in the regression function.    

Step 3. Once an additional eigenvector is included in the regression, individual contributions to the 

regression sum-of-squares is tested by the F-statistic test and Akaike's information criterion (𝐴𝐴𝐼𝐼𝐶𝐶) 

(Johnson & Wichern, 2007).  

As Tiefelsdorf and Griffith mention (2007), stepwise regression neglects the spatial autocorrelation 

in the residuals ε∗ by focusing solely on minimizing the spatial variation, which is not necessarily 

equivalent to the spatial pattern. This observation explains why the candidate eigenvectors are 

those with significant spatial autocorrelation, viz. Moran’s I. Therefore, Tiefelsdorf and Griffith 

proposed a standardized Moran’s I statistic (𝑍𝑍[𝐼𝐼(𝜀𝜀∗)]) to measure the residual’s spatial 

autocorrelation: 

𝒁𝒁[𝑰𝑰(𝜺𝜺∗)] =

𝒚𝒚′𝑴𝑴𝑿𝑿|𝑬𝑬𝑾𝑾𝑴𝑴𝑿𝑿|𝑬𝑬𝒚𝒚
𝒚𝒚′𝑴𝑴𝑿𝑿|𝑬𝑬𝒚𝒚

− 𝑬𝑬[𝑰𝑰(𝜺𝜺∗)]

𝒗𝒗𝒎𝒎𝒓𝒓[𝑰𝑰(𝜺𝜺∗)]
𝟏𝟏
𝟐𝟐

 Eq. 6.1 

where 𝜀𝜀∗ is the residual of autoregressive model, 𝐼𝐼(𝜀𝜀∗) for the Moran’s I of residual equal to 

𝑦𝑦′𝑀𝑀𝑋𝑋|𝐸𝐸𝑊𝑊𝑀𝑀𝑋𝑋|𝐸𝐸𝑦𝑦
𝑦𝑦′𝑀𝑀𝑋𝑋|𝐸𝐸𝑦𝑦

, 𝑦𝑦 for the observation (for example, rent or housing price), 𝑀𝑀𝑋𝑋|𝐸𝐸 = 𝐼𝐼 − 𝐸𝐸𝑘𝑘(𝐸𝐸𝑘𝑘′𝐸𝐸𝑘𝑘)−1𝐸𝐸𝑘𝑘′ , 
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𝐸𝐸[𝐼𝐼(𝜀𝜀∗)] and 𝑣𝑣𝑎𝑎𝑟𝑟[𝐼𝐼(𝜀𝜀∗)] for the expected value and variance of 𝐼𝐼(𝜀𝜀∗) respectively. 𝑀𝑀𝑋𝑋|𝐸𝐸  is supposed 

to be a combined matrix of both exogenous/independent variables 𝑋𝑋 and selected eigenvectors; 

since there is no 𝑋𝑋 in the autoregressive model used here, only eigenvector subset 𝐸𝐸𝑘𝑘  and a constant 

are used.  

First, the Moran’s I of the residuals without any eigenvectors are calculated and this sign determines 

whether eigenvectors with positive or negative eigenvalues are considered as candidates. All 

candidates are iterated and only the eigenvector that reduces 𝑍𝑍[𝐼𝐼(𝜀𝜀∗)] the most are selected in the 

loop. In the meantime, the selected eigenvector is excluded from the candidate set. Second, after 𝐸𝐸𝑘𝑘  

is updated, the values of 𝑍𝑍[𝐼𝐼(𝜀𝜀∗)] and other intermediate variables are changed correspondingly. 

These two steps continue until either 𝑍𝑍[𝐼𝐼(𝜀𝜀∗)] is smaller than a given threshold or the inclusion of 

any candidate eigenvector increases 𝑍𝑍[𝐼𝐼(𝜀𝜀∗)].  

The standardized Moran’s I statistic is adopted to decide the 𝐸𝐸𝑘𝑘  of the spatial pattern of 𝐿𝐿𝐼𝐼 in Point 

Chevalier and a rental pattern produced by the model simulation. The loop termination condition is 

modified for two reasons: first, eigenvector spatial filtering involves many large matrix calculation 

such as eigenvector solving and matrix multiplication. For instance, for a 100 × 100 grid map, the 

size of 𝑀𝑀𝑊𝑊𝑀𝑀 swells to 10,000 × 10,000, growing  exponentially with the size of the grid used. 

Analysis on this scale is CPU-intensive and time-consuming. Second, although the original loop 

termination condition can provide a more precise regression function, the goal of this section is to 

compare the character of the pattern from two different sources and to assess the extent to which 

the spatially ordered 𝐿𝐿𝐼𝐼 pattern in Point Chevalier is an outcome of the natural landscape, as 

opposed to the high threshold rent gap of gentrification. Accordingly, the loop termination condition 

is relaxed so that the search iteration ceases once the residual Moran’s I is smaller than 0.3, an 

empirical threshold for a segregated pattern (O'Sullivan & Unwin, 2010). The algorithm is modified 

from the “SpatialFiltering” function in the “spdep” package (Bivand, 2014) and is implemented on a 

high-performance computing platform − NeSI (New Zealand eScience Infrastructure).  

6.2.3 Comparison between patterns in Point Chevalier and the model 

Table 6.3 lists the eigenvector components of 𝐿𝐿𝐼𝐼 and the model rental patterns at high 𝑔𝑔. The 

location of a land parcel exerts a huge influence on the  𝐿𝐿𝐼𝐼 pattern, so it is logical that its 

constitution of eigenvector is more stable over time than it would be for a pattern of spatially 

coordinated dynamic local processes such as a gentrification wave. As a control group, a series of 

segregated rental patterns from tick 100 to 130 at high values of 𝑔𝑔 (𝑔𝑔 = 0.1see Chapter Five) were 
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also decomposed by eigenvector spatial filtering. The similarity percentage of the two patterns 

(𝑆𝑆𝐼𝐼𝐼𝐼) is used to measure the resemblance between two patterns at different times: 

𝑺𝑺𝑷𝑷𝑷𝑷 =
𝑵𝑵𝑬𝑬𝑬𝑬𝟏𝟏∩𝑬𝑬𝑬𝑬𝟐𝟐

𝒎𝒎𝒊𝒊𝒏𝒏 (𝑵𝑵𝑬𝑬𝑬𝑬𝟏𝟏
,𝑵𝑵𝑬𝑬𝑬𝑬𝟐𝟐

)
 Eq. 6.2 

where: 𝐸𝐸𝑘𝑘𝑖𝑖  is the set of eligible eigenvectors for the pattern at the 𝑑𝑑 th time, 𝑁𝑁𝐸𝐸𝑘𝑘𝑖𝑖  for the eigenvector 

count in 𝐸𝐸𝑘𝑘𝑖𝑖 , 𝑁𝑁𝐸𝐸𝑘𝑘1∩𝐸𝐸𝑘𝑘2  for the common eigenvector count of both 𝐸𝐸𝑘𝑘1  and 𝐸𝐸𝑘𝑘2 .  

The 𝑆𝑆𝐼𝐼𝐼𝐼 of both patterns over time (with a ten-year measurement interval) and the proportion of 

connected renovation events in the model are given in Table 6.4. The model rental pattern suggests 

that the more connected the gentrification dynamics are, the less similar the pattern components 

are between the two time periods. This trend arises because spatially and temporally connected 

renovation events are able to change the basic pattern components, while disjointed ones have less 

of an effect. In terms of spatial regression, the influence of the disjointed renovation events is 

analogous to the aspatial white noise that merely impacts on 𝐸𝐸𝑘𝑘. Because the 𝑆𝑆𝐼𝐼𝐼𝐼 of Point Chevalier 

is 85.29 per cent from 2002 to 2011, close to that of the model from 121 to 130, it is safe to assume 

that the high 𝐿𝐿𝐼𝐼 Moran’s I comes from the location of the properties rather than from spatio-

temporally coordinated gentrification dynamics, otherwise 𝑆𝑆𝐼𝐼𝐼𝐼 would be substantially lower than 

85.29 per cent. The first four common eigenvectors of Point Chevalier between 2002 and 2011 and 

the model between 100 and 110 are displayed in Figures 6.2 and 6.3, respectively. 
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Table 6.3 Pattern decomposition results* 

Time Index of Selected Eigenvectors (𝑬𝑬𝑬𝑬) 
Eigenvector 
Count (𝑵𝑵𝑬𝑬𝑬𝑬) 

 𝑳𝑳𝑰𝑰 Pattern of Point Chevalier  

2002 1, 2, 3, 6, 7, 8, 9, 13, 17, 22, 25, 30, 35, 40, 41, 43, 46, 47, 57, 
58, 63, 66, 67, 75, 84, 85, 91, 98, 109, 112, 114, 128, 177, 201 34 

2005 1, 2, 6, 7, 13, 17, 22, 25, 30, 41, 46, 52, 57, 58, 63, 
66, 67, 75, 82, 84, 85, 88, 91, 112, 114, 126, 134 27 

2011 2, 3, 6, 7, 8, 9, 13, 17, 24, 25, 30, 35, 40, 46, 47, 52, 57, 58, 63, 
66, 67, 75, 84, 85, 88, 91, 109, 112, 114, 118, 128, 134, 177, 201 34 

 Model Rental Pattern at the High 𝒈𝒈  

100 5, 6, 9, 11, 18, 29, 33, 37, 38, 51, 57, 60, 80, 86,  
96, 108, 132, 133, 138, 153, 180, 231, 244, 360, 447 25 

110 
2, 5, 8, 9, 11, 14, 17, 21, 22, 24, 33, 35, 36, 41, 43, 47, 54, 60, 63, 64, 66, 70, 71, 76, 8
0, 94, 95, 96, 97, 99, 102, 105, 106, 113, 125, 127, 136, 147, 151, 153, 158, 163, 166,

 177, 189, 214, 217, 221, 232, 241, 255, 264, 285, 287, 318, 348, 349, 417 
58 

120 
2, 3, 4, 5, 8, 9, 11, 18, 21, 22, 24, 28, 29, 35, 36, 38, 39, 40, 45, 54, 60, 63,  

64, 70, 71, 80, 85, 91, 98, 99, 102, 109, 127, 129, 139, 143, 147, 150,  
151, 181, 198, 202, 225, 229, 232, 241, 264, 267, 280, 287, 348, 349, 416 

53 

130 
3, 4, 5, 8, 9, 11, 18, 21, 22, 23, 24, 28, 29, 33, 35, 36, 37, 38, 39, 40, 45, 54, 57, 60, 6
2, 63, 64, 70, 73, 80, 83, 85, 90, 91, 93, 97, 99, 103, 109, 127, 129, 144, 147, 150, 15

1, 155, 180, 181, 185, 202, 232, 264, 267, 269, 280, 287, 291, 302, 415 
59 

* Eigenvectors are sorted in descending order of eigenvalues and uniquely identified by the 
eigenvector index. The smaller the eigenvector index, the larger its eigenvalue and the greater its 
Moran’s I.  

Table 6.4 The relationship between similarity percentage of pattern (𝑺𝑺𝑷𝑷𝑷𝑷) and the proportion of 
connected renovation events* 

Time Span 𝑺𝑺𝑷𝑷𝑷𝑷 Proportion of Connected Renovation Events 
𝑳𝑳𝑰𝑰 Pattern of Point Chevalier 

2002 - 2011 85.29% − 
Model Rental Pattern 

101 - 110 32.00% 56.61% (1563/2761) 
111 - 120 52.83% 11.69% (151/1292) 
121 - 130 75.47% 5.12% (27/527) 

* Due to data scarcity, the proportion of connected renovation 
events is only for the model simulations.  
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Figure 6.2 The first four common eigenvectors of Point Chevalier between 2002 and 2011. Their 
eigenvalues (Moran’s I) are approximately 0.99, 0.99, 0.98 and 0.98 respectively. Eigenvectors are 
normalized. 
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Figure 6.3 The first four common eigenvectors of the model between tick 100 and 110. Their 
eigenvalues (Moran’s I) are approximately 1.00, 0.99, 0.99 and 0.99 respectively. Eigenvectors are 
normalized. 

Eigenvector spatial filtering reveals that although the 𝐿𝐿𝐼𝐼 pattern of Point Chevalier and the model 

rental pattern are similar in term of Moran’s I, their mechanisms of formation are quite different: 

the former arises from the geographic location of land parcels, while the latter is the outcome of 

spatially connected renovation events. Consequently, to minimize the interference of 𝐿𝐿𝐼𝐼, 𝐼𝐼𝐼𝐼 is 

chosen for gentrification analysis of Point Chevalier. This section has also demonstrated that global 

measures of spatial association, such as global Moran’s I, are insufficient to reveal local processes. In 
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the next section I will compare the model rental pattern and the empirical 𝐼𝐼𝐼𝐼 pattern from the 

perspective of local spatial association.  

6.3 Local pattern analysis 

This section will unpack the local gentrification pattern of Point Chevalier and three model scenarios 

(low, medium and high rent-gap settings) by using Moran’s scatterplots (Anselin, 1996) and local 

Moran’s I (Anselin, 1995), examining whether the model simulation at the low threshold rent gap 

matches the empirical pattern.  

6.3.1 Moran’s scatterplot 

Global Moran’s I is expressed in the matrix notation as: 

𝑰𝑰 = �
𝑵𝑵
𝑺𝑺𝟎𝟎
� 𝒚𝒚′𝑾𝑾𝒚𝒚/𝒚𝒚′𝒚𝒚 Eq. 6.3 

Where: 𝑁𝑁 is the number of observations, 𝑆𝑆0 for the sum of all elements in the spatial weights matrix, 

𝑦𝑦 for the observations in deviations from the mean and 𝑊𝑊𝑦𝑦 for the associated spatial lag.  

When the spatial weights matrix is row-standardized so that the elements in each row sum to one, 

Moran’s I can be reduced to 𝐼𝐼 = 𝑦𝑦′𝑊𝑊𝑦𝑦/𝑦𝑦′𝑦𝑦. The quadratic form of Moran’s I can be transformed as 

the classic regression form 𝑊𝑊𝑦𝑦 = 𝐼𝐼𝑦𝑦, where the spatial-lagged variable 𝑊𝑊𝑦𝑦 is the dependent 

variable, 𝑦𝑦 for independent variable and 𝐼𝐼 for slope. Moran’s scatterplot can visualize the linear 

association between a location’s 𝑦𝑦 and its spatial lag 𝑊𝑊𝑦𝑦(Anselin, 1996) with horizontal and vertical 

axes for 𝑦𝑦 and 𝑊𝑊𝑦𝑦, respectively (Figures 6.4, 6.5 and 6.6). Since the variables are taken as deviations 

from their means, the scatterplot is centered on the origin. There are four quadrants in the scatter 

plot. The upper right and lower left quadrants represent positive spatial correlation (i.e. high-

valued/above-mean locations are surrounded by high-valued neighbors, and low-valued/below-

mean by low-valued); conversely, the upper left and lower right quadrants correspond to negative 

association (viz. high-valued/above-mean locations are surrounded by low-valued/below-mean 

neighbors, and low-valued by high-valued). The quadrant with the densest points can be used to 

infer the dominant local spatial process. Moran’s scatterplot is able to exhibit individual 

rent/housing price against its neighbors (i.e. 𝑦𝑦 vs. its spatial lag 𝑊𝑊𝑦𝑦), assisting in revealing the 

relationship between individual scale and neighborhood scale in the dynamics of gentrification. 

Because of the spatial heterogeneity in urban processes, linear regression inadequately reflects the 

details of the relationship between the dependent variable and the spatial-lagged variable. As an 

approach for smoothing a scatterplot, LOWESS (locally weighted regression scatterplot smoothing) 

100 

 



fits each point to a subset of the data in a low-degree polynomial via weighted least squares, where 

the weight for points near the point in question is larger, and less for those further away (Cleveland, 

1979). Non-parametric regression provides an insight into the goodness of fit of the linear regression 

to the spatially autocorrelated pattern. 

Figures6.4, 6.5 and 6.6 are the Moran’s scatterplots of 𝐼𝐼𝐼𝐼in Point Chevalier at 2002, 2005 and 2011, 

respectively. Points in all three figures are clustered around the origin. However, the 𝐼𝐼𝐼𝐼 pattern 

shows some weak anisotropy with more points falling into the upper right and lower left quadrants, 

and global Moran’s I values are 0.22, 0.24 and 0.23 (Table 6.1). Although some points lie at the 

periphery of point masses, the similarity between regression lines and LOWESS curves suggests that 

the low threshold rent gap in Point Chevalier causes weak positively correlated and relatively 

homogenous gentrification in Point Chevalier.  

 

Figure 6.4 Moran’s scatterplot of 𝑰𝑰𝑰𝑰 in 2002. Global Moran’s I is 0.22. 
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Figure 6.5 Moran’s scatterplot of 𝑰𝑰𝑰𝑰 in 2005. Global Moran’s I is 0.24. 

 

Figure 6.6 Moran’s scatterplot of 𝑰𝑰𝑰𝑰 in 2011. Global Moran’s I is 0.23. 

Three pattern categories in the variable-rent-gap model with threshold rent gaps 0.02 (low), 0.06 

(medium) and 0.1 (high) were evaluated. With the threshold rent gap set to 0.02, the model Moran’s 

scatterplots (Figures 6.7, 6.8, 6.9 and 6.10) are similar to those of Point Chevalier: from tick 100 to 

130, points are clustered around the origin, forming an ellipse-like shape whose major axis goes 

through the upper right and lower left quadrants. The LOWESS curves for Point Chevalier and the 

model at 0.02 differ slightly, in that the former is less smooth, possibly because the abstract model 

takes only main gentrification factors into account, while actual gentrification is influenced by other 

factors. 
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Figure 6.7 Moran’s scatterplot of a low threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟐𝟐) at time 100. Global Moran’s 
I is 0.19. 

 

Figure 6.8 Moran’s scatterplot of a low threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟐𝟐) at time 110. Global Moran’s 
I is 0.13. 
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Figure 6.9 Moran’s scatterplot of a low threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟐𝟐) at time 120. Global Moran’s 
I is 0.11. 

 

Figure 6.10 Moran’s scatterplot of a low threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟐𝟐) at time 130. Global 
Moran’s I is 0.23. 

The Moran’s Scatterplots at the medium threshold rent gap show a distinct clustering of points in 

the lower left quadrant when compared to the low threshold analyses. This structure arises because 

a higher threshold rent gap postpones immediate renovations, giving longer for housing dilapidation 

and hence more opportunity for properties to fall into the lower left quadrant. LOWESS curves 

reflect the local pattern, while the linear regression of Moran’s scatterplot (i.e. global Moran’s I) fails 

to recognize it. The difference of Moran’s Scatterplot between the low and medium threshold rent 

gaps are not very significant. However, LOWESS curve is able to differentiate both patterns since 

there is an obvious inflection point on the LOWESS curve of medium threshold rent gap.  
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Figure 6.11 Moran’s scatterplot of a medium threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟎𝟎) at time 100. Global 
Moran’s I is 0.20. 

 

Figure 6.12 Moran’s scatterplot of a medium threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟎𝟎) at time 110. Global 
Moran’s I is 0.22. 
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Figure 6.13 Moran’s scatterplot of a medium threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟎𝟎) at time 120. Global 
Moran’s I is 0.21. 

 

Figure 6.14 Moran’s scatterplot of a medium threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟎𝟎𝟎𝟎) at time 130. Global 
Moran’s I is 0.22. 

The gentrification waves at the high threshold rent gap stimulate three local patterns: areas of run-

down, affordable and expensive housing neighbored by their own housing types, corresponding to 

cluster one, two and three respectively (Figure 6.15). Centered around the origin with relatively 

smaller local Moran’s I, cluster two reduces a high global Moran’s I exhibited by cluster one and 

three, both of which are mostly in the upper right and lower left quadrants. As more run-down 

houses are rejuvenated into the expensive or affordable category (isolate a few cases and follow 

their trajectory through this space over time), cluster one merges into cluster two and three and 

eventually disappears (Figures6.16, 6.17 and 6.18). In Figures 6.17 and 6.18, mean rent increases and 

housing depreciate, gradually pushing cluster one towards the lower left quadrant. The dichotomy 

between both groups increases the global autocorrelation. More irregular LOWESS curves at the 
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high threshold rent gap suggest that global Moran’s I fails to capture the details of local pattern 

dynamics.  

 

Figure 6.15 Moran’s scatterplot of model rent at a high threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟏𝟏) at time 100. 
Global Moran’s I is 0.36. The red dashed circles identify different point clusters approximately. 

 

Figure 6.16 Moran’s scatterplot of model rent at a high threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟏𝟏) at time 110. 
Global Moran’s I is 0.44. 
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Figure 6.17 Moran’s scatterplot of model rent at a high threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟏𝟏) at time 120. 
Global Moran’s I is 0.46. 

 

Figure 6.18 Moran’s scatterplot of model rent at a high threshold rent gap (𝒈𝒈 = 𝟎𝟎.𝟏𝟏) at time 130. 
Global Moran’s I is 0.46. 

6.3.2 Local Moran’s I 

To identify local patterns of association (hot spots), Anselin (1995) proposed local Moran’s I (𝐼𝐼𝑖𝑖) 

satisfying: 

𝑰𝑰 =
∑ 𝑰𝑰𝒊𝒊𝑵𝑵
𝒊𝒊
𝑵𝑵

 Eq. 6.4 

where 𝐼𝐼𝑖𝑖  is the local Moran’s I of  𝑑𝑑th observation, 𝑁𝑁 for the total number of observations, 𝐼𝐼 for the 

global Moran’s I.  

Equation 6.4 constructs a local autocorrelation measure whose mean is the global Moran’s I. When 

spatial weights matrix is row-standardized, with Equation 6.3 and 6.4, we can get: 
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�𝑰𝑰𝒊𝒊

𝑵𝑵

𝒊𝒊

=
𝑵𝑵
𝒚𝒚′𝒚𝒚𝒚𝒚

′𝑾𝑾𝒚𝒚 Eq. 6.5 

Hence, local Moran’s I (𝐼𝐼𝑖𝑖) is expressed as: 

𝑰𝑰𝒊𝒊 =
𝑵𝑵

∑ 𝒚𝒚𝒊𝒊𝟐𝟐𝑵𝑵
𝒊𝒊

𝒚𝒚𝒊𝒊�𝒘𝒘𝒊𝒊𝒋𝒋𝒚𝒚𝒋𝒋

Ω

𝒋𝒋

 Eq. 6.6 

where ∑ 𝑦𝑦𝑖𝑖2𝑁𝑁
𝑖𝑖  equals 𝑦𝑦′𝑦𝑦, Ω for the neighborhood of 𝑦𝑦𝑖𝑖  and 𝑦𝑦𝑖𝑖  for the 𝑗𝑗th observation in Ω.  

In fact, ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑦𝑦𝑖𝑖Ω
𝑖𝑖  is the spatial-lagged centered observation in Moran’s scatterplot. Points in the 

upper right and lower left quadrants of Moran’s scatterplot have positive local Moran’s I, while 

those in the upper left and lower right quadrants have the negative values. Local Moran’s I can be 

used to measure the gentrification frontier (Smith, 1996, p. 186), which is “a very sharp economic 

line in the landscape. Behind the line, civilization and profit-making are taking their toll; in front of 

the line, savagery, promise and opportunity still stalk the landscape”. For a newly-restored property 

on the gentrification frontier, it is likely that there is a negative local correlation between the 

property in question and its surroundings. Therefore, local Moran’s I can help with the difficult task 

of identifying active renovation locales on the gentrification frontier. Scholars (Evers, 2013; Hammel 

& Wyly, 1996; Heidkamp & Lucas, 2006; Ley, 1992; Schuler, Kent, & Monroe, 1992; Smith, 1996; 

Smith & DeFilippis, 1999; Wyly & Hammel, 1998) have described the spatial extent of gentrification 

and identified gentrification frontier using census tract data. However, this type of data is in itself 

inadequate, because it fails to capture the localized influence of gentrification (Gale, 1979; 

Heidkamp & Lucas, 2006). 

In Table 6.5, it is evident that the local Moran’s I in Point Chevalier is temporally quite stable. The 

spatial configurations of 𝐼𝐼𝐼𝐼 (Figure 6.19) are geographically integrated. Properties with negative 

local Moran’s I, which suggests the possible gentrification frontier, are dispersed and irregularly 

distributed from 2002 to 2011. Properties with weak positive local Moran’s I (below the two sigma 

upper bound) tend to concentrate in the southern part of Point Chevalier, due to homogeneity of 𝐼𝐼𝐼𝐼 

in this area. In contrast, properties with local Moran’s I beyond the two sigma upper bound are 

sprinkled along the coastal region in the northern part of the suburb, where the nature of the 

landscape increases the average housing value.   
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Table 6.5 Statistics of the 𝑰𝑰𝑰𝑰 local Moran’s I in Point Chevalier* 

Year Mean (Moran’s I) Standard Deviation Max Min Upper Bound  
of Two Sigma 

Lower Bound  
of Two Sigma 

2002 0.22 0.83 10.42 -5.40 1.87 -1.45 
2005 0.24 0.78 8.60 -5.72 1.80 -1.32 
2011 0.23 0.78 10.11 -2.35 1.79 -1.33 

* Because local Moran’s I is constructed based on Equation 6.2, i.e. global Moran’s I is the mean of 
local Moran’s I, the second column is also the value of global Moran’s I. The bounds of two sigma are 
values twice the standard deviation from the mean local Moran’s I (viz. global Moran’s I). The two-
sigma rule is usually employed to identify outliers from a distribution.  

 

 

Figure 6.19 Distribution of the local Moran’s I of 𝑰𝑰𝑰𝑰 in Point Chevalier in 2002, 2005, and 2011. In 
the legend, the cutoff points between the first and second categories and between the third and 
fourth categories are the lower and upper bounds of two-sigma rule respectively. This applies to 
Figures 6.20, 6.21 and 6.22. The integrated spatial pattern of 𝑰𝑰𝑰𝑰 indicates a dispersed 
gentrification frontier. 
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Real properties possess different land endowments, which potentially contribute to greater variation 

of the local Moran’s I in Point Chevalier (Table 6.5 vs. Table 6.6) than is observed in the model, which 

assumes a homogeneous landscape. For instance, a more desirable location in some of the northern 

parts of Point Chevalier (Figure 6.19) is more likely to push up their improvement value than 

elsewhere. Spatial clustering of similar properties with improvement values higher than the average 

leads to larger local Moran’s I in Point Chevalier than those in the model simulation at the low 

threshold rent gap. Likewise, although disjointed renovations also generate a blended rental pattern, 

spatially heterogeneous natural endowments act to intensify the contrast. Other than being much 

less variable (i.e. the lower standard deviation of local Moran’s I), the model simulations at the low 

threshold rent gap are consistent with the observed patterns of Point Chevalier, in terms of the 

mixed local Moran’s I configuration (Figure 6.20). This outcome confirms that the variable-rent-gap 

model at the low threshold rent gap can adequately simulate the empirical gentrification pattern of 

Point Chevalier. The statistics (Table 6.7) and spatial distribution (Figure 6.21) of the local Moran’s I 

at the medium threshold rent gap are not substantially different from those of the low threshold 

rent gap.    

Table 6.6 Statistics of the local Moran’s I at a low threshold rent gap 

Tick Mean (Moran’s I) Standard Deviation Max Min Upper Bound  
of Two Sigma 

Lower Bound  
of Two Sigma 

100 0.19 0.52 5.66 -3.54 1.23 -0.85 
110 0.13 0.46 4.59 -3.23 1.04 -0.79 
120 0.11 0.45 4.72 -2.59 1.01 -0.78 
130 0.23 0.56 6.57 -3.44 1.35 -0.88 
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Figure 6.20 Distribution of the local Moran’s I at a low threshold rent gap at time 100, 110, 120 and 
130 (from left to right, up to down). 

Table 6.7 Statistics of the local Moran’s I at a medium threshold rent gap 

Tick Mean (Moran’s I) Standard Deviation Max Min Upper Bound  
of Two Sigma 

Lower Bound  
of Two Sigma 

100 0.20 0.51 3.99 -2.31 1.22 -0.83 
110 0.22 0.54 5.94 -2.26 1.31 -0.86 
120 0.21 0.54 5.02 -3.31 1.29 -0.86 
130 0.22 0.52 3.66 -1.82 1.27 -0.83 
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Figure 6.21 Distribution of the local Moran’s I at a medium threshold rent gap at time 100, 110, 
120 and 130 (from left to right, up to down). 

At a high threshold rent gap, not only does global Moran’s I increase considerably, the standard 

deviation of local Moran’s I reflects the increased polarization of rental groups (Table 6.8). 

Compared with the spatial pattern of local Moran’s I at low and medium threshold rent gaps, Figure 

6.22 shows a significantly higher proportion of housing with positive local Moran’s I, because of the 

connected nature of gentrification. As the abundance of houses with negative local Moran’s I drops, 

they aggregate into narrow strips (the light blue strip in the black ellipse). These possible 
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gentrification frontier indicators lie on or close to the border between salubrious and run-down 

areas.    

Table 6.8 Statistics of the local Moran’s I at a high threshold rent gap 

Tick Mean (Moran’s I) Standard Deviation Max Min Upper Bound  
of Two Sigma 

Lower Bound  
of Two Sigma 

100 0.36 0.88 13.14 -2.22 2.11 -1.40 
110 0.44 0.66 4.60 -1.81 1.76 -0.87 
120 0.46 0.56 5.08 -2.13 1.58 -0.66 
130 0.46 0.55 4.58 -2.50 1.57 -0.64 
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Figure 6.22 Distribution of the local Moran’s I at a high threshold rent gap at time 100, 110, 120 
and 130 (from left to right, up to down). The light blue strip in the black ellipse of the first figure is 
one of possible gentrification frontiers. 

6.4 Conclusion 

In this chapter, the variable-rent-gap gentrification model is evaluated against the gentrification 

pattern in Point Chevalier. Model simulation suggests that gentrification in the study area with a 

threshold rent gap (𝑅𝑅𝑅𝑅𝑑𝑑) 0.02 should not exhibit strong spatial association. However, the global 

Moran’s I for the 𝐿𝐿𝐼𝐼 and 𝐼𝐼𝐼𝐼 differ: the former shows a strong segregation, while the latter suggests 

the opposite. Analysis by eigenvector spatial filtering suggests that the clustering of 𝐿𝐿𝐼𝐼 is probably 

caused by land location rather than gentrification per se, and that 𝐼𝐼𝐼𝐼 is a more appropriate metric to 
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use for gentrification analysis. Local spatial association analysis confirms that the dynamics of local 

gentrification in Point Chevalier mirror those of the low threshold rent gap: first, the Moran’s 

scatterplot of 𝐼𝐼𝐼𝐼 in Point Chevaliershare obvious affinities with that of the variable-rent-gap model; 

second, local Moran’s I of Point Chevalier suggests that the gentrification frontiers in Point Chevalier 

is scattered, which also agrees with that of the variable-rent-gap model. The evaluation based on the 

global and local levels substantiates the model’s credibility, at least in this study area.  

The characteristics of gentrification can be divided into two aspects: capital reinvestment and 

household relocation (Davidson & Lees, 2005). The former affects social segregation in gentrification 

via the rental pattern, while the latter operates via household preference for a certain neighbor 

type. The model simulates how capital reinvestment shapes the rental pattern; and the outcome 

indicates that a different threshold rent gap is able to lead to either a mixed or segregated rental 

pattern. This provides a possible explanation of the dissonance at the beginning of this chapter − 

some scholars observe intensified segregation after gentrification, while others do not. In a 

gentrifying study area with a low threshold rent gap, social segregation possibly barely increases 

because of the mixed rental pattern; whereas social segregation is likely to intensify in an area with a 

high threshold rent gap, due to a segregated rental pattern. It is noteworthy that gentrification is not 

the sole urban process molding rental patterns and household preferences. Therefore, to decide 

whether gentrification incurs social segregation in a study area, the possible relevant interfering 

factors are better filtered out.   
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7 Conclusion and Discussion 

7.1 Objectives review 

As a complex geographic process, gentrification can be represented in two facets: complicated 

process (i.e. a theory explaining intricate drivers and the relationship between them) and 

complicated pattern (i.e. the spatial dynamics of gentrification). Hence, this thesis built an abstract 

micro gentrification model, which integrates rent gap theory, filtering theory and household life 

cycle theory, to simulate the gentrification process; and then the spatial nature of gentrification was 

unpacked. This doctoral research will culminate with the assessment of the three objectives in 

Section 1.2. 

1) The relevant importance of different factors of gentrification within an abstract micro 

simulation model: The model is built grounded in three theories (Chapter Three) − rent gap theory, 

filtering theory and household life cycle theory. Households in different life stages have different 

affordability and they tend to reside in those places where rent is commensurate with their income 

level. Meanwhile, households at different life stages cause different amounts of wear and tear, 

leading to rent gaps between houses. Once the rent gap of a housing unit exceeds a certain 

threshold value, renovation occurs in this unit and subsequently creates a niche for its neighboring 

units.  

After setting the model parameters against empirical data, sensitivity analysis in Section 5.3 

estimates and ranks the sensitivity index (𝑆𝑆𝐼𝐼) of eight gentrification factors (Tables 5.2 and 5.3). The 

result suggests that, generally, rent gaps and rent gap variation exert the most influence on overall 

model patterns, which comprise Moran’s I, like-neighborhood proportions, and renovation events. 

As noted in Section 5.3, all factors interact. Although they are dominated by one of three theories 

(i.e. rent gap theory, filtering theory and household life cycle theory), these factors cannot be 

completely categorized into any individual theory. Thus, we should not jump to conclusions about 

the superiority of demand-side or supply-side explanations. Conversely, the synergy between both 

sides of an explanation is the prerequisite for the effectiveness of all factors. For instance, as the 

most sensitive factor, a rent gap is generated by the depreciation difference between different 

household types, which is affected by the moving of households, and vice versa. In this sense, it is 

safe to conclude that the importance of all factors of gentrification are different, and that demand-

side and supply-side explanations are equally vital.  

2) The evaluation of gentrification theory with empirical data: Due to the scarcity of data, only rent 

gap theory and part of household life cycle theory are evaluated in Sections 4.4 and 4.5, respectively. 
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In Section 4.4, a logistic regression is carried out between housing rent gap and gentrification. A 

relatively high McFadden's pseudo 𝑟𝑟2 (0.58) corroborates that there is a threshold rent gap (1.66) 

beyond which gentrification is more likely to occur in Point Chevalier. Section 4.5 substantiates a 

general dependency of household income level on the age of household head, that is, the old cohort 

(55 years old plus) earn less than the middle-aged (34 – 54 years old), but more than the young (20 – 

34 years old). This dependency justifies the assumption that the lower the income level a household 

is, the greater the depreciation rate of housing, where they dwell, is. Besides, the population 

structure change in Point Chevalier before and after gentrification indicates that gentrification 

displaces the more financially vulnerable young cohort by well-off middle-aged households. This part 

of the work furnishes empirical evidence for the model.   

3) The model assessment and prediction: The reliability of the model is confirmed in Chapter Six, 

after globally and locally comparing the rental patterns of the model simulation and the spatial 

pattern of the improvement value (𝐼𝐼𝐼𝐼) of Point Chevalier at the same threshold rent-gap level. The 

model outcome suggests that different threshold rent gaps are able to lead to either integrated or 

segregated rental patterns. The higher the threshold rent gap, the more segregated the rental 

pattern. This hints that gentrification possibly, however not necessarily, triggers social exclusion. If 

there is a high housing demand and sufficient finance in a city, gentrification is less likely to incur 

social clustering due to a relatively low threshold rent gap.  

7.2 Implications for future research 

There are two limitations in this model that might be the direction of future research. 

1) The household life cycle model needs to be made more realistic by incorporating more demand-

side factors such as household income, education, gender and ethnicity. Household life cycle is a 

multi-dimensional process and the interaction between these demand-side factors is intricate. 

Previous micro gentrification simulation (Semboloni, 2008) used Alonso-Muth theory to describe this 

interaction. However, due to the variation of lifestyle, the mutual relationship between these factors 

might be ad hoc. Were this true, the knowledge from empirical data via machine learning has 

potential to give some insights into this issue. On the other hand, although the gentrification data in 

Point Chevalier are used to evaluate the relationship between rent gap and gentrification, they are 

not fully exploited here. Therefore, the census data should be fused with the housing data, based on 

which, the relationship between gentrification and demand-side and supply-side explanations could 

be more comprehensively investigated.   
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2) The model only simulates gentrification in part of a larger urban area, without taking into account 

influence from the whole city. For example, the overall housing supply and demands of a city affects 

gentrification of the area within it. When a strong housing demand cannot be satisfied by newly-

built housing, gentrification of run-down regions will be facilitated. Additionally, as a top-down 

leverage to regulate the housing market, urban planning also impacts gentrification; for instance, 

some urban renaissance programs are initiated by the government (Hackworth & Smith, 2001) and 

initiate ensuing gentrification. Hence, a gentrification model including factors at multiple scales 

should capture the dynamics of gentrification more accurately.   
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