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The phenomenon of gentrification of an urban area is characterized by the displacement of
lower-income residents due to rising living costs and an influx of wealthier individuals. This
study presents an agent-based model that simulates urban gentrification through the relo-
cation of three income groups — low, middle, and high — driven by living costs. The model
incorporates economic and sociological theories to generate realistic neighborhood transition
patterns. We introduce a temporal network-based measure to track the outflow of low-
income residents and the inflow of middle- and high-income residents over time. Our
experiments reveal that high-income residents trigger gentrification and that our network-
based measure consistently detects gentrification patterns earlier than traditional count-
based methods, potentially serving as an early detection tool in real-world scenarios.
Moreover, the analysis highlights how city density promotes gentrification. This framework
offers valuable insights for understanding gentrification dynamics and informing urban
planning and policy decisions.
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1. Introduction

Cities are dynamic systems [7, 20, 41] in which the interactions between numerous
agents determine the emergence of non-trivial patterns at different scales, such as
traffic congestion, [10] epidemic spreading [30, 38], and socioeconomic segregation
(12, 35, 46]. Gentrification, first defined by Ruth Glass in 1964 [14], describes the
transformation of neighborhoods from working-class to affluent areas, often displa-
cing original residents, and potentially undermining urban diversity and affordability
[20]. Slater [49] divides gentrification research into two main strands: production-side
and consumption-side theories. Both reject the view that gentrification is a benign
return to urban centers [25, 27], with production-side theories linking it to economic
factors such as the rent gap [50, 51] and housing quality decline [29]. Conversely,
consumption-side theories emphasize the growing appeal of city centers [48], where
proximity to urban amenities fuels demand. Ley [26] argues that artists, drawn by
the cultural and social vitality of these areas, act as early catalysts for gentrification,
eventually attracting wealthier residents and driving up property values [16].

Computational studies have blurred the lines between these perspectives, focusing
on housing market dynamics, particularly fluctuations in rent and housing prices, as
these reflect the real-world data used to validate their models. O’Sullivan [39] pro-
poses a model incorporating housing markets, social networks, history, and policies,
illustrating how gentrification operates in cycles influenced by these factors. Redfern
[44] introduces the “investment gap,” emphasizing the difference between non-
modernized homes and their potential if modernized, with domestic technologies
driving gentrification. Other computational models simulate household movements
[28], considering vacancies, accessibility, socioeconomic status, and urban policies
[11, 53]. Alternatively, machine learning approaches have been implemented in an
attempt to predict gentrification events [43, 45], in some limited cases taking into
account proxies for human mobility in urban areas [13]. A recent work by Shaw et al.
[47] showed how even a simple dynamical system model of gentrification, focused on
neighborhood attractiveness and artist populations, can generate complex temporal
patterns including synchronized oscillations and transient chaos.

In this study, we present an agent-based model of gentrification, inspired by the
work of Schelling on urban segregation [46]. Rather than focusing on replicating
housing market dynamics, we base our analysis of gentrification on the relocation
flows of citizens in a stylized urban grid. Our model is founded on the key assumption
that gentrification is driven by socioeconomic inequality and additionally by differing
relocation strategies across income levels. As Nieuwenhuis et al. [36] found, in high-
inequality contexts, low-income groups are confined to deprived areas while high-
income groups maintain spatial dominance, creating a “vicious circle” that perpe-
tuates inequality. Based on further insights from the literature [3, 8, 19], we assume
that agents relocate according to their socioeconomic conditions [31]: low-income
agents move when priced out of a neighborhood, medium-income agents gravitate
toward areas with similar economic conditions and quality of life, while high-income

2540006-2



Advs. Complex Syst. 2025.28. Downloaded from www.worl dscientific.com
by 62.205.20.114 on 01/13/26. Re-use and distribution is strictly not permitted, except for Open Access articles.

Dynamic Models of Gentrification

agents are attracted to areas undergoing economic growth where they can maximize
investment returns. These contrasting behaviors, along with a heavy-tailed income
distribution, are the only drivers of neighborhood transformations. While our agent-
based model builds on simple rules, it generates complex and emergent dynamics,
requiring a rigorous complex systems approach to quantify and interpret the mul-
tifaceted aspects of gentrification.

Within our modeling framework, we show that gentrification emerges only when
high-income residents have some mobility, even if minimal, highlighting how their
movement patterns catalyze the process. We treat relocation flows of agents in our
city as time-varying edges in a temporal network [15, 32], leveraging established tools
from network science and human mobility research [4, 33, 37, 40, 41]. We introduce
two novel measures to quantify gentrification within our theoretical framework. The
first measure translates the conventional definition of gentrification into a metric
based on the over-representation of middle- and high-income agents in a given area.
The second measure captures the dynamics of gentrification by tracking the inflow of
these agents alongside the simultaneous outflow of low-income residents. Our find-
ings demonstrate that this dynamic measure can consistently detect gentrification
earlier than the more intuitive, count-based approaches, making it a potential early-
warning indicator for policymakers aiming to mitigate its impacts. Additionally, our
framework can simulate the effects of various urban planning strategies and city
characteristics on gentrification. Notably, we observe a direct correlation between
urban density and the frequency of gentrification events. Overall, our model and
measures offer a comprehensive perspective on gentrification, shedding new light on
this complex urban phenomenon.

2. Agent-based Model of Gentrification
2.1. Modeling the city and its citizens

We model the urban environment as a 77 grid, with each cell representing a city
neighborhood (Fig. 1(a)). We populate this grid with 212 agents, categorized into
three socioeconomic groups: low-income (L), middle-income (M), and high-income
(H). At the beginning of a simulation, each agent is assigned a fixed income w,
sampled from real-world data, and all agents are divided into three groups according
to their assigned incomes: L accounting for 38% of the population; M accounting for
57% of the population; and H corresponding to the remaining 5% of the population of
the model city. The method of income assignment is based on data from the 2022
USA Social Security Administration report [52] (see Sec. 6 for further details) and
allows income variation within each agent class. Figure 1(b) shows one realization of
income assignment to the agents resulting in a heavy-tailed agent income distribu-
tion (more details in Sec. 6).

The spatial distribution of the agents follows a socioeconomic radial gradient: H
agents predominantly occupy the city center, M agents populate the inner areas, and
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Fig. 1. (Color online) Income and spatial distribution: (a) Heatmap reporting the median income of each
cell at the beginning of a simulation. The darker the color, the higher the median income of the cell. (b)
Log—log plot of the Initial distribution of the income, sampled from the 2022 USA Social Security Ad-
ministration report [52], of the agents in a simulation with N = 212 agents.

L agents are concentrated in the periphery (Fig. 1(a)). This mono-centric structure
reflects the presence of a dominant central business district, found in many cities or
metropolitan areas of varying sizes [2, 6]. Each cell (neighborhood) j has a fixed
maximum capacity K, which limits its occupancy, that is, how many agents can stay
there. When n(j), the number of agents in the cell j, reaches maximum capacity K,
agents are allocated to the nearest available locations. Our model operates based on
two key parameters: the parameter py that corresponds to the probability that a H
agent relocates from its current cell to a new one where the median agent-income is
increasing; the parameter # that is the width of the time window over which H agents
evaluate cell growth trends. Our model simulates a 7 x 7 grid city comprising 49
neighborhoods, a scale consistent with moderately large urban areas. To ensure the
robustness of our findings, we extended our analysis to an even larger urban envi-
ronment (9 x 9 grid, 81 neighborhoods), as well as to a city with maximally mixed
distribution of agents of the three types, where the radial gradient of income is lost,
obtaining similar results (see Supplementary Information 3-5).

2.2. Agent relocation dynamics

Our model implements income-dependent relocation rules for three agent classes
across a set of cells, where each cell ¢ has a maximum capacity K. Let n(i) denote the
number of agents in cell 7 at any given time. Figures 2(a)-2(f) illustrate the rules
behind agents’ behaviors.

An L agent is likely to move away from a cell if they are significantly poorer than
other agents in the cell. The agent moves, with higher probability, to a cell where the
income gap with current residents is smaller. The probability of an L agent leaving
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Fig. 2. (Color online) Income-profile-specific agent behavior: The city is represented as a grid at time ¢,
with three types of agents distributed across the cells. We track a low-income agent L (red cell), a middle-
income agent M (green cell), and a high-income agent H (blue cell). (a) The L agent moves from its current
cell 4 with a probability pZ(t), which is inversely proportional to its income percentile in i. (b) When L
moves, it relocates to a new cell j with probability ¢¥(t). (c) The M agent moves from its current cell i with
probability p(t), that its higher the more the income percentile of M is extreme. (d) When M moves, it
relocates to a new cell j with probability ¢ ;‘I(t) (e) The H agent moves with a fixed probability py. (f) The
H agent moves to a new cell j based on its growth rate (Z)?(t). At time ¢t + 1, the L agent moves to cell j = 8,
the M agent to cell j = 2, and the H agent to cell j = 6. (g) The output of our model is a temporal network,
where nodes are grid cells and edges represent agent flows between cells over time. The first snapshot of the
network at ¢+ 1 shows the flows generated by (a)—(f). The model stops when no L agent can move,
resulting in no red edges in the final network snapshot at time 7.
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cell 7 at time t, shown in Fig. 2(a), is given by

pi(t) =1—77 ()%, (1)

where y¥(t) € (0,1] represents the agent’s relative income percentile within cell ’s
income distribution at time ¢. Upon deciding to move, L agents select from the set J
of available cells, defined as cells where n(j) < K. As illustrated in Fig. 2(b), the
probability of selecting cell j is

_ q]'L(t) qL
ZHGJ Q7Lz(t) 7 !

where q]L (t) is the cell’s attractiveness score based on the agent’s prospective income
percentile in cell j.

An M agent is likely to move away when its income significantly deviates from the
median income in the current cell. The agent will move to a cell where the gap with
the median income is lower. Their relocation probability, visualized in Fig. 2(c),
follows:

o=

(t) =7; ()%, (2)

pi(t)

pil(t) = 4(v¥(t) — 0.5)2, (3)

where vM(t) € [0,1] is the M agent’s relative income percentile in cell i. Figure 2(d)
shows how their destination selection probability is determined by
M
M q; (t) M M 2
pj(t) ="+ 4 @) =1-4(y; () —05)% (4)

Snegan' @) !
where qJM (t) scores cells based on proximity to their median income.

For both L and M agents, we choose nonlinear functional forms (square root for L,
quadratic for M) to ensure that small differences in percentiles lead to larger dif-
ferences in probabilities when agents are far from their preferred positions. The
denominators in pJL (t) and pj-” (t) serve as normalization factors, ensuring proper
probability distributions.

A H agent moves from its current cell ¢ with a fixed probability py € [0,1]. Let
w;(t) denote the median income in cell jat time ¢. H agents select from set # of cells
satisfying both n(j) < K and (b?(t) > ¢!(t), where ¢?(t) is the average growth rate of
median income over the past 6 time steps, as reported in Figs. 2(e) and 2(f):

1 ¢
6j(t) =5 D [w;(r) —;(r = 1)}, (5)
T=t—0
Their destination probability is
6(t)
LR STy )

The definition of the destination probability q]H (t) reflects the profit-orientated na-
ture of the movement of H agents. Cells that underwent a higher growth in the last ©
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steps are thus more likely to be selected as destination. To ensure an easier
interpretation of the results of our model, we impose that H agents do not operate
(move) in the first 6 steps, i.e. until a full evaluation of the growth-rate ¢/(t) of cells
has been completed. The simulation terminates at time 7' when all L agents can only
find cells that would place them in the lowest income percentile, or after 300 time
steps. We denote the termination time as 7. All simulations were implemented using
the Python library mesa [22]. The complete source code for model implementation
and experimental procedures is available at: https://github.com/mauruscz/
Gentrification

3. Measures of Gentrification

Our gentrification model generates dynamic flows of agents of the three types among
grid cells (see Fig. 2(g)). We model these time-varying flows as a dynamic network
where nodes represent grid cells and edges correspond to movements of agents of the
three types. The network consists of three layers, each representing flows of L, M, or
H agents. This representation results in a temporal network [17, 18, 32], which is
multi-layer (one per each edge type) [23] and weighted [5], defined as follows:

Ge(t) ={A%(t)]i,j € Viae {L,M,H};t €[0,T]}, (7)

where V denotes the set of nodes (grid cells) in the network, a represents the layer
index corresponding to L, M or H agents, and A%(t) is the adjacency matrix corre-
sponding to the network in layer v at time ¢. The matrix elements of A%(t) corre-
spond to weighted, directed edges connecting node pairs in layer «, representing the
relocation flows of agents of type a between contiguous time steps of the agent-based
model. For each layer a € [L, M, H] at time ¢, we define three quantities: n/,(¢), the
number of agents in node 4, and s, (¢) and s (¢), the in- and out-strength of node i,
respectively. The latter two quantify the flow of agents in [L, M, H] moving to or

from node i between t — 1 and ¢
st () = S0 AL (),
S = 30 A%0) ®)
o= Lj, M, H,

where Af';(t) represents the (i, j) element of the weighted adjacency matrix for layer
« at time t.

In the following subsections, we introduce two complementary metrics to capture
the dynamics of gentrification. The first metric adopts a “migration stock” per-
spective [1], aiming to formalize the typical definition found in the social science
literature, which largely emphasizes changes in neighborhood composition over time.
These definitions [14, 26, 51] generally focus on the transformation of a place, such as
the increasing presence of higher-income residents, rather than on the movement of
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people itself. To complement this, the second metric takes a “migration flow”
perspective [1], shifting attention to the dynamics of displacement. It specifically
measures the number of L agents who leave a place as a result of being pushed out by
incoming M and H agents.

3.1. Count-based measure

Gentrification is often defined as a period in which a neighborhood (a cell in the grid
and a node in the temporal network), previously populated by a majority of lower-
income citizens, undergoes a gradual replacement of its population with middle- and
higher-income citizens [14, 20]. To capture this process, we introduce a measure of
gentrification for each node in the network, denoted as Gl (¢, A), based on the
number of agents from each socioeconomic class present in node i at two time points:
the current time ¢ and an earlier time ¢ — A. For each time point, we consider the
counts of H, M and L agents. At time #, these counts are represented by n(t), n’,(t),
and n’(t), respectively. Similarly, at time ¢ — A, the counts are denoted by
n'y(t — A), ni(t — A), and n% (t — A). The definition of Gl (¢, A) is as follows:

_1 t 7) + 1y (7)
o () A TZAn +nM( ) +ni(r) ®)

G’ ot (t, A) represents the average fraction of Hand M agents in node i over the time
window [t — A,t]. We establish a significance threshold n} ,, defined as the
expected node-wise fraction of H and M agents under uniform random distribution
across the grid. Values of G%, . (t, A) exceeding n 7y indicate an over-representation
of H agents. Gentrification is identified when G’ (¢, A) transitions from below to
above this threshold. This metric functions as a node property, independent of the
network edge dynamics.

To identify gentrification, we establish a critical threshold n}, y = 0.62, repre-
senting the city-wide proportion of M and H agents. To precisely capture gentrifi-
cation events, we introduce the binary indicator Gy;,:

]-7 if g(:ount (t7 A) > n;f,]\/la

10
0, otherwise. (10)

gbin(ta A) = {
We define tg,;;, the onset of a gentrification event, as the moment when G,;, shifts
from 0 to 1, indicating that a neighborhood has crossed the critical M, H population
threshold. More mathematical details about ¢ can be found in Sec. 6.

3.2. Network-based measure

The count-based measure, while providing an intuitive quantification of gentrifica-
tion, has notable limitations: it requires a significance threshold and only detects
completed transitions, disregarding inter-neighborhood dynamics. To overcome
these constraints, we define a gentrification measure based on the temporal
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relocation network, G (¢, A) that captures relocation patterns between neighbor-
hoods. For any node ¢ in the network, this measure considers the net-outflow of L
agents, ©?"(t), and the net-inflow of M and H agents, o (t):

sop (t) — s (1)
sip(0) + 87 () + 875 (2)

pi™(t) (11)

in sPvm(t) — 595 4 (t)
©i (t) = 111 in ’in ? (12)
L+ siy(t) + s (t)

where sy, (t) = s (1) + s (t) and s95; 5 (t) = 75 (t) — 575 (2).
©?"(7) is high when the outflow of L agents from node i corresponds to a high
fraction of the overall outflow of agents from i, i.e. the denominator in Eq. (11);
©n(7) is high when the inflow of M and H agents to node i corresponds to a high
fraction of the overall inflow of agents toward i, i.e. the denominator in Eq. (12).
!t (t, A) is therefore defined as the geometric mean of the averages of ©{"*(¢) and

©(t) over the last steps A:

he (1, A) = ( Z @9(r ) (% > w%“(ﬂ)- (13)

—-A =t—A

In Eq. (13), we consider only positive values of ©?"(¢) and ¢ (¢). This approach
ensures that high values of Gi.;(t, A) occur only when both the outflow of L agents
and the inflow of M and H agents are substantial during the same period. Including
negative values would erroneously indicate gentrification in areas where L agents
replace M and H agents, which actually signals neighborhood impoverishment.

We define t,., as the time of a gentrification event, corresponding to a
local maximum in G (¢, A) or the onset of a plateau after rapid growth (see Sec. 6
for details).

To quantify gentrification at the city scale, we introduce two cumulative metrics:

city

GrY, the percentage of nodes experiencing transitions in Gy, and Go , the per-

centage of nodes showing peaks in G, (see Sec. 6 for details).

4. Results
4.1. High-income agents drive gentrification

We examine the impact of H agent mobility on gentrification dynamics. Simulations
were conducted with varying H agent movement probabilities (py), while main-
taining a fixed evaluation window of § = 20 time steps for node growth rates.
Figures 3(a) and 3(b) illustrate the influence of py on spatial gentrification pat-
terns. With py = 0, both G{Y and G& yield 0%, indicating complete absence of
gentrification when H agents are static. Introducing minimal H agent mobility
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Fig. 3. (Color online) Gentrification patterns in our model: (a), (b) Gentrification level across 150
simulation of the model with a fixed 6 = 20, N' = 212 and varying value of p according to G, (a) and to

the network based measure G (b). (c)~(g) Heatmaps of the average number of peaks of Gi, () observed

in any neighborhood ¢ over 150 simulations of our model (left), the R, null model (center) and the R; null
model (right).

(pg = 0.01) triggers gentrification in 20%—40% of nodes, according to both metrics.
This abrupt transition highlights the critical role of H agent mobility in initiating the
gentrification process. As py increases, we observe a monotonic rise in gentrification
levels, with me and G showing similar trends but slightly different magnitudes.

To evaluate the significance of movement rules in driving gentrification, we
compare our gentrification model with two null models: (i) R;, where agents
decide whether and where to relocate with a fixed probability (50%); (ii) Ry, where
only the destination choice is random (details in Supplementary Information 1).
Figures 3(c)-3(g) show heatmaps of the average G, (t) peaks per neighborhood for
the gentrification model and the two null models. Figure 3(c) highlights that no
gentrification occurs in our model when pg = 0.0, while gentrification events persist
in the null models (Figs. 3(d) and 3(e)) even in the absence of H agents’ movement.
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Figure 3(f) show how, in our model, with py = 0.01, gentrification events are con-
centrated into peripheral neighborhoods dominated by L agents. In contrast, both
null models (Figs. 3(e) and 3(g)) show widespread gentrification events, including
cyclical transitions between L- and M-majority in central neighborhoods. Figure S1
further shows that none of the null models converge to stable configurations. The
results indicate that the rules established by our model enhance the likelihood of
gentrification occurring in neighborhoods that are initially low-income. This pattern
is not observed in the null models, highlighting the significance of the rules we
developed for generating gentrification events, in line with the definition of gentri-
fication found in the literature [14, 48, 51].

4.2. Network-based measure anticipates count-based measure

While Gy, provides an intuitive measure of gentrification by capturing demographic
transitions from L to M /H agent majorities, G, enables earlier detection by iden-
tifying patterns of coordinated movement through temporal networks, revealing
gentrification dynamics before visible demographic shifts occur. Figure 4(a) displays
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Fig. 4. (Color online) Evolution of a gentrification event for a representative node (py = 0.1, 6 = 20,
A =15) and N = 22, (a) Comparison of G, (in gold) and Gy, (in black) measures over time highlighting
two key moments : during and after the peak in G, i.€. t,eu and ¢, respectively. (b) Relocation in- and
out-flows during (top), and after (bottom) the peak of G,.;. Red arrows correspond to L agent outflows,
blue arrows correspond to M and H agent inflows within A, node size is proportional to agents population.
(top) Peak: Simultaneous L outflow and M + H inflow. (bottom) Post-peak: Diminishing L outflow,
intensifying M and H inflow. Flows represent gross out- and in- strengths. (¢) Average cross-correlation (R)
between G, and G;, across all nodes and 150 model runs, as a function of lag 7. Gray area shows 95%
confidence interval; dotted line indicates null distribution mean.
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Gret(t, A) and Gy, (¢, A) curves for a node in a representative simulation. In this
example, the node initially experiences impoverishment, as G, transitions from 1 to
0 at approximately ¢ = 95, indicating a shift from over- to under-representation of M
and H residents. However, G, shows a rapid increase at t = 122, followed by a
plateau at t = 123, approximately 10 steps before the abrupt transition from 0 to 1 in
Gpin at t = 132.

Figure 4(b) illustrates relocation dynamics during and after the G, peak for the
same node (neighborhood) analyzed in Fig. 4(a). Red arrows indicate L agent out-
flows, and blue arrows show M + H inflows. At the peak (Zc.x), both occur simul-
taneously, with more L agents leaving. After the peak, M + H inflows increase while
L outflows decrease. Unlike the gross flows in the visualization, G, captures net
flows, offering a more nuanced understanding of these changes.

To verify the consistency with which G, ., peaks precede G, transitions across our
simulations, we conduct a lagged cross-correlation analysis between G, and G;,
time series. Specifically, we first compute the cross-correlation for each node in the
city grid, then average these cross-correlations across all nodes. This process is re-
peated for 150 independent model runs, and the results are again averaged to obtain
the final cross-correlation profile, reported in Fig. 4(c). We compute cross-correla-
tions for lags 7 € [—15, +15] (see Sec. 6 for details), with significance tested against a
null distribution. The highest correlation at 7 = —9 shows that G,., peaks system-
atically anticipate G, transitions by approximately 9 time steps. We further validate
these findings repeating the analyses in the two randomized versions of the model.
The anticipatory behavior of G, relative to Gy, transitions disappears in both the
fully random and random-destination versions of the model (see Fig. S2). This result
supports our main findings, demonstrating that G, reliably anticipates G;, only in
scenarios where agents’ movements are influenced by their income distribution of in
the city neighborhoods. More measures and parameter combination are provided in
Supplementary Information 2.

We analyze the relationship between G, and socioeconomic neighborhood dy-
namics in Fig. 5. Nodes exhibiting G, ., peaks are color-coded, while those where G,
remains at zero are depicted in gray (Fig. 5(a)). We now consider the median of the
income distribution of agents populating a neighborhood at a specific time as the
richness of that neighborhood at that time. Richness time series reveal a starting
trimodal distribution: high-richness central nodes (neighborhoods), intermediate-
richness nodes, and low-richness nodes (Fig. 5(b)). Several nodes transition from low
to intermediate richness, coinciding with G, peaks. A notable exception (pink
curve) displays a sharp richness increase followed by a steep decline, ultimately
transitioning from low to middle richness. G, correctly detects gentrification only
after the moment this curve transitions from low to middle richness, disregarding the
earlier fluctuations. The overall correspondence between the color-coded curves in
both figures validates the capacity of G, to identify gentrification solely based on
relocation patterns.
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Fig. 5. (Color online) G, peaks capture richness transitions in neighborhoods: (a) Time series of
Gret (t, A), with fixed values of the time window width A = 15, of only the nodes that undergo sharp peaks
of G, (b) Time series of the richness (median of agents’ income) of all nodes in the network: the colored
curves correspond to the same nodes whose time series of G, is presented in (a). The black vertical line in
both plots indicates the initial time step when H agents become eligible to relocate, occurring @ steps after
the simulation’s start.

4.3. Gentrification follows city density

In Figs. 6(a)—6(c), we show the relationship between urban density and gentrification
levels across different values of the model parameter py. We conduct 150 simulations
for each configuration, with fixed values of the parameters § = 20 and A = 10. To
model increasing urban density, we run each simulation with a different number of
agents (N) present in the grid, while keeping the grid dimension constant at 7 x 7
along with the capacity of individual nodes K.

City-wise gentrification levels, as captured by G2 (Fig. 6(a)) and G5 (Fig. 6(b),
is characterized by a clear trend: as city population density increases, so does the
propensity for gentrification, in terms of number of gentrification events as observed
by the two measures (see Sec. 6 for details), averaged over the different runs of the
model. Furthermore, this effect is amplified by the H agents relocation rate py, as the
curves in the two figures increase monotonically with N, with the exception of 0 or
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Fig. 6. (Color online) City density drives gentrification dynamics: Average results across 150 simulations
for varying agent populations (z-axis, logarithmic scale) and high-income agent relocation rates py (col-
ors). (a), (b) City-wise gentrification levels measured by Gew (a) and Gi. (b). (c) Number of average

net
simulation time steps. Higher urban densities facilitate gentrification and increase convergences time.

very low values of py and low N for G, , as shown in Fig. 6(a). In Fig. 6(c), we show
the relationship between city density and the average convergence time (T), the
mean number of steps required to reach the termination condition over the 150
simulations, where L agents can no longer move. The average convergence time (T
increases with both N and py, except when py = 0. In this case, where H agents are
present but stationary and the city is extremely dense, the model does not reach the
termination condition within the imposed 300-step limit when N > 213,

In addition to city-level dynamics, neighborhood density, limited by fixed ca-
pacity, plays an interesting role. In particular, we observe that the initially less
populated low-income neighborhoods become increasingly crowded over time. This is
driven by the displacement pressure exerted by higher-income agents, who push
lower-income agents out of more desirable areas. As a result, low-income agents
concentrate into a few affordable neighborhoods, leading to significant overcrowding.
A detailed analysis of this process is provided in Supplementary Information 5.

Overall, these results suggest how higher urban densities lead to the emergence of
more gentrification waves throughout the evolution of a city.

5. Discussion

Our study introduces an agent-based model of gentrification that categorizes inha-
bitants of a city into three income groups — low, medium and high — and simulates
agent movements within a grid-based urban environment driven by socioeconomic
factors. The model effectively captures the essence of gentrification dynamics, con-
sisting in the displacement of lower income inhabitants of a neighborhood of the city
caused by a simultaneous inflow of wealthier citizens [14]. This characteristic of
gentrification is evidenced by the results of our simulations and quantitatively de-
scribed by our proposed network-based measure.

We find that even a small proportion of high-income agents (5% of the popula-
tion) significantly affect the dynamics of gentrification. When high-income agents do
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not move, even if still present in the model city, no gentrification is detected, and the
model does not converge within the imposed limit of 300 steps. However, introducing
even a low probability for the movement of high-income agents (py = 1%) leads to
model convergence in approximately 150 steps, while 40% of the city neighborhoods
experience at least one gentrification wave. Interestingly, when the model is ini-
tialized with a random configuration in which agents of all three types are sub-
stantially represented in each neighborhood (see Figs. S10-S13), rather than with a
core-periphery structure, it rapidly converges to a segregated state. This outcome is
equivalent to the final configuration obtained in simulations starting from the core-
periphery setup, although it lacks any preserved spatial organization.

Our measures, Gy, and G, represent two distinct approaches to quantify
gentrification. The count-based measure G.,,; evaluates the concentration of agents
of the three types in each neighborhood over a time window A. A significance
threshold (nj )/) is needed to detect when middle- and high-income agents are over-
represented and, therefore, define the binarized version of the count-based measure,
Giin- Such measure thus captures neighborhood transitions from under- to over-
representation of middle- and high-income agents, indicating the completion of
gentrification. The network-based measure G, tracks the net inflow of middle- and
high-income agents and the simultaneous outflow of lower-income agents over A.
This measure is thus rooted in temporal network analysis, where the existence of
structures [9, 24, 42] in the networks under study is related to the simultaneity of the
interactions (edges) between pairs or groups of nodes. Furthermore, this network-
based approach avoids more or less arbitrary thresholds and aligns with available
commuting flow data [4, 33, 37, 40], which could serve as a proxy given the absence of
residential relocation records. G, helps identifying early signs of gentrification by
tracking peaks or plateaus in its trajectory, correlating higher-income resident influx
with lower-income displacement. The cross-correlation computed between the count-
based and the network-based measures highlights how peaks in G, are consistently
and significantly observed in advance with respect to G.,,.. The analysis of the
randomized versions of our model, in Supplementary Information 1, shows that while
gentrification events caused by random agent-relocations are still detected, no sig-
nificant cross-correlation exists between our two measures, emphasizing the impor-
tance of the agents’ decision-making rules in our model for predicting transitions.
Our results hold true also when relaxing the termination condition of our model, thus
allowing longer simulations (Supplementary Information 8). Furthermore, the
analyses of longer simulations reveal a quasi-periodic occurrence of gentrification
waves, defined as peaks of the time series of the volume of gentrification events
unfolding across the whole city. These results demonstrate that our minimal model
captures the essential features needed to reproduce gentrification: a
heavy-tailed income distribution, few income classes, and distinct relocation strat-
egies — mnotably the profit-driven behavior of high-income agents. Moreover, our
network-based measure G, enables earlier detection of gentrification compared to
count-based metrics, potentially aiding policymakers in preventing low-income
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displacement.

While our model provides valuable insights into gentrification dynamics, it has
limitations that future research could address. The constant population size and
static income-group assignments could be expanded to incorporate population
growth and inter-city migration flows, potentially using a network-based approach
to disentangle endogenous and exogenous causes of gentrification [21]. With the
implementation of these extensions of our model, a complementary measure of
impoverishment of a neighborhood, such as the one we propose in the Supplementary
Material (Supplementary Material 7) could help elucidate, in a quantitative manner,
the causal relationships between the periods of impoverishment/disinvestment and
gentrification of neighborhoods. Multiple property ownership per agent could be
introduced to model wealth concentration and short-term rental effects. The grid-
based urban representation could be enhanced with more complex geographical
features, although our results hold for both 7 x 7 and 9 x 9 grids (Supplementary
Information 3). Moreover, simulating policy interventions [34] could provide insights
for urban planners, particularly regarding density restrictions given our findings on
city density and gentrification probability.

In conclusion, our agent-based model and novel quantitative measures offer a
powerful framework for understanding and predicting gentrification processes. This
approach not only advances our theoretical understanding of gentrification but also
provides quantitative what-if tools for early detection and potential mitigation of its
effects in real-world urban environments.

6. Methods
6.1. Agents’ income

At the beginning of a simulation, each agent is assigned a fixed income w, based on
data from the 2022 USA Social Security Administration report [52]. The assignment
process uses the income brackets and population percentages provided in this report.
Each agent is assigned to an income bracket with probability proportional to the US
population within that bracket, and then the agent’s specific income w is randomly
selected from within their assigned bracket. Agents are categorized into three groups
based on their assigned incomes: L (low-income) agents with incomes up to
$29,999.99, encompassing the 2022 poverty line for a family of four ($27,750); H
(high-income) agents representing the top 5% of earners; and M (middle-income)
agents comprising all remaining individuals.

6.2. Gentrification: Peaks, shifts and aggregate measure

A cell i undergoes gentrification events according to G, at all times ¢ where there is a
binary shift from 0 to 1 in the time series throughout the simulation:

Tb:ihift = {t : g{)ill(t7 A) =1A g%)ill(t - 17 A) = O} (14)
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A cell iundergoes gentrification events according to G, at all times ¢t where there is a
peak in its time series throughout the simulation. A peak is defined as either a local
maximum or the start of a plateau after a growing phase:

( net(t A) > gnet( 1 A) A gnet(t A) > gnet (t + 17 A))
t: \ . (15)
( nct(t A) > gn(‘t( 1 A) A gn(‘t( ) - nct(t + 1 A))

We define the gentrification level of the city as the percentage of cells of the city that
experience at least one gentrification event according to each measure:

? —
peak —

Neeis i Neots i
el ] | >0 J (Tl >0
glc)lltn) _ 2171 ](\l shlft| ) % 100, g;letg/ _ Z =1 (| P! k| ) % 100, (16)
cells

where 1(+) is the indicator function.

6.3. Lagged cross-correlation

We compute the mean cross-correlation (R) by calculating the lagged cross-correla-
tion between pairs of time series of Gl (t, A) and Gi. (¢, A) corresponding to each cell
on the grid-view of a model city, for several values of the lag 7, and then averaging over
all cells. To compute the cross-correlation R? between the two time series for a cell 4, we
transform the two time series into two binary vectors (see Supplementary Information
4 for further details) G and Gy, of length T, where the ¢,th entry is 1 if the original
corresponding time series has a peak or 0—1 transition at time ¢;, € [0, T'], respectively:

_; 1, if ¢ € Tl

e " 17
(g et)f/k {O, otheI‘WIb@ ( )
1, if t, € T,

. (18)
0, otherwise.

(g :)in)tk. = {
For each value of the lag 7 € [—15,+415], we compute the lagged cross-correlation
between the two vectors and obtain a value of R?(7) for each cell ion the grid. We then
calculate (R) by averaging, for each value of the lag 7, the values of R!(7) over all cells

(XS [0, N(:ells]:
Zie[o N, }Ri(T)
R(r)) = =<0t T2
< ( )> Ncells

To establish a baseline for comparison, we generate a null distribution by computing,
for each cell i, the cross-correlation R between 50 pairs of randomly reshuffled versions
of the two vectors G ;et and G {,in.

(19)

Code Availability Statement

The code for the implementation of our model and to reproduce our analyses can be
found at https://github.com/mauruscz/Gentrification.
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