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Gravity Model for Intra-metropolitan Mobility—
A Case Study of Taipei Metropolitan Areas
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ABSTRACT

Previous research has largely focused on macro-level regional migration or micro-level
residential mobility, neglecting the meso-level dynamics of mobility and destination choices
within urban districts. To fill the research gap, this study examines the determinants of intra-
metropolitan residential mobility within the framework of a gravity model. The empirical
results yield several noteworthy findings by using the panel data from 30 districts within the
Taipei metropolitan areas (TMA) spanning from 2009 to 2021. Firstly, the determinants of intra-
metropolitan residential mobility, such as population, distance impedance, housing prices, and
housing supply contribute to the attractiveness of each district. Secondly, migrants exhibit a
tendency to relocate to destinations with a larger mass (attractiveness) relative to their original
residential area. Thirdly, population agglomeration and housing prices of districts emerge as
pivotal factors influencing residential mobility, whereas the impact of housing supply appears
comparatively subdued. These findings provide valuable insights for local administrations in
formulating housing policies and calculating mobility trends when rezoning new development
areas. Additionally, it offers guidance to land developers in crafting effective marketing strategies
to navigate competitive market dynamics.

Key words: Gravity Model, Intra-metropolitan Mobility, Residential Mobility, Housing
Price, Population Agglomeration
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1. Introduction

Housing crises have long been a persistent challenge for many countries, affecting an estimated
1.6 billion people by 2025 (Garemo et al., 2014). In many industrialized nations, aging populations
and population decline have emerged as pressing societal issues, leading to a significant decrease in
housing demand. In light of these demographic changes, local governments face the question of how
effective urban sprawl is as a policy tool, particularly given constrained funding. These policies often
become costly and time-consuming due to suburbanization, limited funds, and residents’ reluctance
to relocate, thus failing to resolve the housing crisis (Bardhan et al., 2011). While aging populations
and emerging trends like remote work pose broader challenges to housing demand, this study focuses
on key quantifiable determinants— population, housing prices, supply, and distance—to model intra-
metropolitan mobility, with other factors reserved for future exploration.

In the realm of population migration, two main types are commonly distinguished: regional
migration and residential mobility. Regional migration refers to individuals moving to minimize
spatial costs while maximizing economic opportunities (Zabel, 2012; Molloy et al., 2017). In
contrast, residential mobility, the focus of this paper, is driven by considerations of livability across
the household life-course, defined here as the perceived quality and suitability of a residential
environment influencing mobility decisions (Pacione, 1990; Ruth & Franklin, 2014; Peng & Tsai,
2019). It is primarily influenced by factors like the relative quality and cost of living, social networks,
personal circumstances, and housing affordability (Ermisch & Washbrook, 2012; Peng & Tsai, 2019).
While much research has explored the reasons and processes behind residential relocation, there is
a notable gap in examining mobility patterns within the context of housing market dynamics and
competition.

The questions of “Where to move?” and “How to choose?” are central to the study of residential
mobility. These decisions are impacted by various factors, including household characteristics,
economic opportunities, amenities, accessibility, and affordability (Ermisch & Washbrook, 2012;
Peng & Tsai, 2019). This paper addresses three key questions: 1) What factors affect and contribute to
the attractiveness of a district? That feedback to “where to move?” 2) How does residential mobility
intersect with spatial housing markets? Feedback back to “how to choose?” 3) What differences exist
in residential mobility between core areas and fringe areas? To address these, we propose applying the
“gravity model” to residential mobility, analogous to Reilly’s law of gravitation (Reilly, 1929), which
explains why individuals prefer larger malls. Similarly, residential mobility thus reflects people’s
tendency to relocate in pursuit of enhanced livability.

Using the Taipei metropolitan areas (TMA) as a case study, this research analyzes data from
30 districts spanning 2009 to 2021 through panel data analysis. (Note. 1) In this study, the core
areas refer to Taipei City (TC), while the fringe areas encompass New Taipei City (NTC), providing
a clear spatial distinction for examining intra-metropolitan mobility. The outcomes of this study

are anticipated to yield valuable insights for both local administrations and real estate developers.
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Understanding mobility patterns and the interactions among districts can assist local administrations
in policy-making for urban development initiatives. For real estate developers, comprehending these
patterns and employing a suitable model to identify potential customers and competitors for new
projects can facilitate the formulation of enhanced pricing and promotion strategies.

The subsequent sections of this paper are structured as follows: Section 2 offers a comprehensive
literature review on urban mobility, Section 3 delineates the research design, scope, empirical data,
and empirical model, Section 4 presents the findings of our analysis and provides in-depth discussions,

and finally, Section 5 draws conclusions from the study’s outcomes.

2. Literature Review

2.1 Gravity Model

Researchers have primarily employed quantitative methods to capture population migration
patterns, with the gravity, radiation, and intervening opportunities models emerging as the major
methodologies for simulation analysis in this domain.

Zipf (1946) introduced the concept of the law of gravitation from physics to explain the sway
of distance on population migration, leading to the development of the gravity model. This model
provides a simplistic yet insightful framework for understanding migration patterns and has been
widely utilized in population migration research (Haynes & Fotheringham, 1990; Zhao et al., 2021).
Moreover, the model has found applications in diverse fields such as transportation, geography,
regional economics, and retailing (Wilson, 1971; Scott, 2017; Levine et. al., 2019).

The intervening opportunities model, introduced by Stouffer (1940), posits that population
migration is powered by the number of intervening opportunities between the origin and destination,
rather than solely by distance. While this model does not specify the exact considerations of origin
and destination, it remains valuable for comparative analyses with the gravity model, with researches
demonstrating similar results between the two (Barbosa et al., 2018; Niu, 2022). Despite this, the
gravity model continues to be popular for further research (de Dios & Willumsen, 2011; Niu, 2022).

The radiation model, introduced by Simini et al. (2012), addresses limitations of the gravity and
intervening opportunities models by incorporating distance decay effects. Unlike the point-to-point
nature of the gravity model, the radiation model considers two steps towards destination selection:
weighting geographical candidates based on opportunities and sorting by distance. While this model
does not require parameter calibration, it may be less applicable at other scales without adjustments.
Subsequent researches have introduced elasticity coefficients to enhance the model’s applicability
(Simini et al., 2013; Bettencourt, 2021).

Common determinants in these models include socioeconomic characteristics and population
distribution, categorized as either positive (numerator) or negative effects (denominator) in the
gravity model. Positive effects describe a district’s attractiveness (e.g., neighborhood, quality, housing

availability), while negative effects describe obstacles or exclusiveness (e.g., distance, travel time,
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housing prices). Differences among these models lie in variable preferences and model formulations
(Barbosa et al., 2018; Li et al., 2021). According to the gravity theory, each district exhibits both
positive (attraction) and negative (repulsion) effects on residential mobility in urban areas, though

these effects remain to be fully elucidated.

2.2 Metropolitan Mobility and Determinants
Metropolitan Mobility

Metropolitan mobility, as discussed in urban economic, refers to household relocation within
cities, allowing adjustments in housing consumption throughout the life cycle (Deimantas, 2023).
Research on micro-level relocation links mobility to household attributes, life-cycle events, job
changes, income fluctuations, and education (Clark, 2013; Chang, 2013; Guo et al., 2020).

Population

Population size refers to the total number of permanent residents in a given area, and is closely
tied to urbanization, economic development, public services, and local policies Population size refers
to the total number of permanent residents in a given area and is influenced by urbanization, economic
development, public services, quality of life, and local policies (Lemoine-Rodriguez et. al., 2020;
Turok et. al., 2021)

As cities grow and develop economically, they often form urban agglomerations where
neighboring cities collaborate and share functions, driving spatially connected development (Arribas-
Bel & Sanz-Gravia, 2014). However, this growth also brings challenges such as rising density,
congestion, high living costs, declining fertility, and environmental issues, leading to population
outflows (Oishi & Schimmack, 2010; Turok et al., 2021; Skakkebak et al., 2022). Large populations
enhance regional cohesion and attractiveness, creating a self-reinforcing cycle of migration (Fang &
Yu, 2017). Research shows that highly educated immigrants tend to remain in core urban areas, adding
economic value but also impacting land use (Wang & Wang, 2017; You et al., 2018). Population
distribution shifts through aggregation and diffusion mechanisms, shaping urban spatial dynamics
(Wang & Wang, 2017; He et al., 2019).

Conversely, people’s understanding of a city is often limited to familiar surroundings, creating
a perception space that provides comfort and security. Within this space, individuals rely on known
information and social connections, shaping their mobility behaviors (Lalli, 1992; Hay, 1998; Devine-
Wright & Lyons, 1997; Jorgensen & Stedman, 2001). Familiarity with a local area shapes mobility
behaviors within a city, reinforcing the “neighborhood effect,” where proximity provides a sense
of security and encourages localized movement. Venturing beyond requires acquiring additional
information, influencing relocation decisions. (Oishi & Schimmack, 2010; Gustafson, 2014; Clark,
2020; Wu et al., 2024).

Furthermore, income significantly constrains housing choices, as households tend to relocate
within neighborhoods of similar economic status (Clark, 2020). Whether reflected in housing prices

or rental costs, financial capacity shapes mobility behavior (Lee et al., 2000; Baker, 2016; Li et
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al., 2021). While some move up or down the socioeconomic scale, most transitions occur within

comparable economic contexts (Chen & Peng, 2024).

Housing Availability

Housing availability influences intra-urban relocation, as households adjust their housing
consumption based on space, location, amenities, and quality (Strassmann, 1991; Dieleman et al.,
2000; Van Ommeren & Van Leuvensteijn, 2005). Urban residents frequently move to newer or larger
homes to improve living conditions, with mobility patterns shaped by housing supply dynamics,
including tenure structure, housing types, land-use regulations, and geographical features (Van der
Vlist et al., 2002; Lee & Waddell, 2010). Furthermore, research indicates that the introduction of
new dwellings into the market stimulates residential mobility (Peng et al., 2009; Peng & Tsai, 2019).
However, such upgrades typically come with increased costs, prompting households to minimize
expenses by relocating, despite potential rises in transportation costs (Hua, 2001; Li et al., 2021). This
dynamic adjustment of housing consumption to market conditions underscores the significance of
housing market factors in intra-urban relocations, as highlighted by various researchers (Dieleman,
2001; Chen & Peng, 2024).

Housing Price

Housing market structures influence prices, creating affordability challenges that drive relocation
decisions (Lee et al., 2000; Baker, 2016). Studies show that many households moving to outer areas
are young first-time buyers prioritizing affordability (Lin, 2021). High housing prices increase living
costs, discouraging migration to expensive areas (Lin, 2021). Additionally, rising housing costs
indirectly inflate goods prices by increasing commercial rents (Liu, 2015). Overall, research suggests
a negative correlation between high housing prices and migration, shaped by simultaneity and spatial
interdependence (Chen & Peng, 2024).

Finally, we aim to integrate the aforementioned determinants into our Intra-Urban Mobility
Gravity Model (IUMGM), incorporating Reilly’s law and residential mobility concepts, utilizing the
Taipei metropolitan areas (TMA) as a case study. The administrative structure of TMA influences
government funding and policy priorities, with Taipei City, the capital and a special municipality
since 1949, contrasting with New Taipei City, which was upgraded in 2007 and fully encircles Taipei.
Their combined economic output of 9.53 trillion NT dollars for Taipei and 4.78 trillion NT dollars
for New Taipei. (Note. 2) According to the report Urban and Regional Development Statistics, the
Taipei metropolitan areas (TMA) cover just 6% of Taiwan’s land area but houses nearly 30% of its
population. Data from the Real Estate Information Platform further indicated that TMA consistently
records the nation’s highest housing prices and accounts for 30% of Taiwan’s residential housing stock

and housing transactions over the past decade.

3. Research Design

In the early 20th century, researchers endeavored to develop and refine gravity models to better
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capture patterns of mobility. Reilly (1929) applied the gravity model to analyze retail markets.
Amidst these gravity model implementations, the development of the IUMGM can be delineated into
three key steps: evaluating determinants pertinent to the mobility gravity model, assessing distance

impedance, and formulating the mobility model itself, and our hypotheses are formed as follow.

3.1 The Model

There are various gravity models derived from substantial research, which can be categorized
based on the types of information they provide (Haynes & Fotheringham, 2020). The foundational
model is based on the concept of the attraction-constrained gravity model proposed by Wilson (1971),
shown as Eq. (1). V; represents a vector of origin attributes; W; represents a vector of destination
attributes; Sij represents a vector of separation attributes, and interaction between any pair of regions

is specified as Tij.

T = F(VE Wy Si5) oo (1)

In accordance with the law of gravity, we assume that each administrative district exhibits a
distinct mass (attractiveness) for residential mobility, influenced by four key factors: population
agglomeration, housing prices, housing supply, and distance impedance (Fang & Yu, 2017).
It is hypothesized that migrants will tend to relocate preferentially to destinations with greater
attractiveness, signifying a gravitational pull toward districts with higher attractiveness. Conversely,
districts with lesser attractiveness are expected to experience lower levels of residential mobility.
Furthermore, residential mobility primarily aims to enhance living standards, aligning with Reilly’s
(1929) conceptualization. The ultimate selection of a relocation destination involves a comparative
evaluation of districts and their housing markets, considering residents’ financial capabilities.
Consequently, the ratios of district attractiveness emerge as a result of these shared factors.

Therefore, we have modified the Eq. (1) with adding the above factors into Eq. (2). With Eq. (2),
PMT;; is the proportion of migrants to District j who are from Taipei City i to represent both T; j»and V.
as they share the same vector of origin attributes. DP, HS, HP represent the district’s population, the
housing Supply, and housing price are respectively. (Note. 3) These three determinants are found to be
strongly affecting residential mobility and are also represented as the vector of destination attributes
W;, and finally D refers to district impedance as the vector of separation attribute S;;. o is the scale
parameter and, al, a2, a3 and a4 are the parameters to be estimated.

PMT;; = aDp].al Hs]?‘ZHPf13 D;‘j‘* ...................................................................................................... 2)

Furthermore, to understand the influence of each determinant, we combine them into Eq. (2) and
present it in logarithmic form on Eq. (3). The logarithmic transformation of the model reveals how
each determinant affects mobility. We assume that housing price emerges as a pivotal determinant,
exerting a significant negative effect on mobility, and holds the greatest influence in shaping

residential mobility patterns. Conversely, population demonstrates a positive impact, attracting



Gravity Model for Intra-metropolitan Mobility— A Case Study of Taipei Metropolitan Areas 81

individuals towards relocation. In contrast, housing market dynamics appear to have the least

influence on mobility within the model.
logPMT;; = loga + allog DP, + a2 log HS; + a3 log HP, + a4 log Dy; + &¢

In distinguishing between the core areas (Taipei City) and suburban areas (New Taipei City), we
propose that the weighting of determinants influencing mobility patterns shifts slightly. Specifically,
within Taipei City, population is perceived to have the greatest impact on individuals’ relocation
decisions. However, in New Taipei City, housing price becomes a more influential determinant in
shaping residential mobility decisions.

According to gravity theory, mobility is influenced by distance, a concept that also applies to
residential mobility, which tends to occur over shorter distances and is often shaped by social networks
or neighborhood effects. (Jorgensen & Stedman, 2001; Oishi & Schimmack, 2010; Gustafson, 2014;
Zhao et al., 2021). Consequently, greater impedance effects result in lower residential mobility. The
distance impedance function is typically specified as a negative exponential function, which previous
research has demonstrated to be the most effective among simple monotonic forms. In our model,
the measurement of distance between districts and central areas uses the ‘center of population’ of the
regions. (Note. 4) The center of population is a geographical point that represents the central point
of a region’s population. With the application of GIS, we can capture the geometric median, which
is the point that minimizes the sum of distances to all individuals in the population (or equivalently,
minimizes the average distance).

The study employs panel-data analysis for 30 districts in the TMA (Taipei City and New Taipei
City), Taiwan, spanning from 2009 to 2021. This method offers the advantage of expanding the
sample data by incorporating both cross-sectional and time-series dimensions. The benefit is that
panel data can observe the individual-specific effect without the time effect (time-invariance) and
can include items such as race, gender, and unidentified characteristics of households. There are three
scenarios as follows: simple linear regression, which can be implemented with a pooled model, the
fixed-effects model (FEM), and the random-effects model (REM). The LM (Lagrange Multiplier) test
is a test for the REM based on the OLS residual (Breusch and Pagan, 1980), and Hausman (1978)
introduced a method to test for the REM or FEM. The FEM rejects the null hypothesis of the test but
the REM accepts it, which we will examine.

3.2 Data Sources and Summary of Taipei metropolitan areas

Two platforms provide the major sources of the mobility data to our study which are the vital
registration of the household statistics of the Taipei City (TC) and New Taipei City (NTC) statistical
database, and the “Real Estate Information Platform” of the Ministry of the Interior. (Note. 5) Figure
1 illustrates the spatial distribution of districts’ housing prices in TMA, categorizing them into
six distinct regions. (Note. 6) Figure 2 presents the map of the Taipei metropolitan areas (TMA),

highlighting its main transportation systems. The proportion of migrants (PMT) from Taipei City is
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calculated by the number of migrants from Taipei City divided by the Taipei City population. The
purpose of this ratio is to serve as the indicator of the attractiveness of each district to citizens in

Taipei City. The above independent variables and the forecast influences are summarized in Table 1.

3.3 Descriptive Statistics

Table 2 and Figure 3 present the summary statistics for two cities and 30 districts; Firstly,
analyzing the proportion of migrants from Taipei City (PMT) across districts reveals interesting
trends. Specifically, PMT for TC (0.857%) is lower than that for NTC (1.694%). Moreover, the
deviation indicates each district’s or area’s attractiveness in terms of mobility, which can be linked
to our four determinants. TC (0.085%) exhibits a smaller deviation compared to NTC (0.229%),
suggesting that NTC may possess greater appeal for residents relocating from Taipei City. Delving
deeper into specific regions and districts, TC_HHP and NTC_HHP stand out as having the highest
PMT occupation rates, exceeding 0.130% among the 30 districts. Furthermore, the deviation among

these districts tends to be larger, indicating significant disparities in attractiveness for mobility.

Table 1 Definition of Factors and Variables

Factors Variables Definition Sources Exp Sign
Dependent Variables
Proportion of PMT The number of migrants Taipei City & New Taipei
Migrants from from Taipei City to the City Statistical Database
Taipei City district / the population of and Author Calculation
Taipei City
Independent Variables
Distance D The distance between the Taipei City & New Taipei -

Center of population in each City Statistical Database
district and the center of and Author Calculation
population in Taipei City

Population DP The number of populations  Taipei City & New Taipei +
in each district City Statistical Database

Housing Price HP The average housing price in Real Estate Information -
each district Platform

Housing Supply HS The number of new dwelling Same as Above +

within 5 years in each district

Gravity Mass GM The ratio of Distance, Author Calculation +/-
Population, Housing price
and Housing Supply

Note: 1. PMT: Proportion of Migrants from Taipei City. For districts within Taipei City, the proportion is cal-
culated as the number of migrants moving from other districts in Taipei City to the target district; D: Dis-
tance between District and Taipei City; DP: Population; HP: Housing Price; HS: Housing Supply; GM:
Gravity Mass. 2. Compiled and organized by the author
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Figure 1 Spatial Distribution of Districts’ Housing Prices in the Taipei Metropolitan Area

Note: 1. According to the Cathy Real Estate Price Index, the figure illustrates the housing price range across
six regions within the Taipei metropolitan areas. The districts in Taipei City are represented in red, while
those in New Taipei City are shown in blue. The districts in black dot lines are the rural areas in New
Taipei City, which not included in this study. The central area, depicted in solid dark red (corresponding
to TC_HHP), represents districts with the highest housing prices in Taipei City, reflecting significant res-
idential demand and economic activity; followed by areas in hashed medium red (TC_MHP) indicating
median housing prices, and hashed X with light red (TC_LHP) representing lower housing prices within
Taipei City. Similarly, the dark blue regions (NTC_HHP) indicate the highest housing prices in New
Taipei City, while the hashed medium blue (NTC_MHP) and the hashed X with light blue (NTC_LHP)
regions correspond to median and lower housing prices, respectively. 2. Source from: https://www.ca-
thay-red.com.tw/tw/About/House, compiled and organized by the author.

Secondly, the distances are measured from the center of population in the Taipei City (TC).
We chose this approach to capture the average distance between citizens in each district and the TC,
thus representing the barrier for migrants in residential mobility. Interestingly, from Table 2, the
statistics reveal that TC_HHP is closest to the TC’s center of population. Notably, the deviation is
larger for NTC_LHP and TC_MHP. This is typically attributed to the establishment of new and large

development areas in these regions, thus leading to the increased population.
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Figure 2 Main Transportation Systems of Taipei Metropolitan Areas

Note: 1. Taipei Basin surrounded by mountains (in green color), and two rivers merging from the south-west

and south-east, eventually joining together to the north west. Taipei metropolitan areas (black solid line)
are presented in light red color (Taipei City) and light blue color (New Taipei City). The districts in black
dot lines are the rural areas in New Taipei City. The transportation infrastructure, including the MRT system
(the purple line with yellow dot), highways/freeways (the yellow and orange line), and railway (the black-
and-white belt represented Railway and the black-and-yellow belt represented High-Speed Rail (HSR).
2. Source from “Advocate Sharing platform” website: Data.gov.tw, compiled and organized by the author.

Thirdly, district population serves as an indicator of the population agglomeration and
neighborhood effect, representing the number of people accustomed to the livability, accessibility, and
amenities offered by the districts. Specifically, TC has a population of 2.65 million, while New Taipei
City (NTC) boasts 3.96 million residents. Additionally, the regions of TC_HHP and NTC_HHP have
the highest population figures. The deviation for both cities indicates the frequency of mobility or
the natural birth/death rate. TC (51.63k) exhibits a higher deviation than NTC (47.24k), suggesting a

greater vibrancy in mobility within TC.
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Figure 3 Mean of Taipei Metropolitan Areas in GIS Forms
Note: Compiled and organized by the author.

Fourthly, housing price serves as an indicator of migrant housing affordability. The results
indicate that TC (567.3K) has double the housing price compared to NTC (289.8K). Additionally, the
standard deviation of TC (55.41K) is larger than NTC (43.10K), suggesting that the financial burden
of migrants is more pronounced in TC than in NTC. Furthermore, the housing price has increased
from 284.3K (Year 98) to 450.01K (Year 110), indicating a strengthening of the burden over time.
Regarding regions, areas closer to the Taipei City exhibit the highest housing prices.

Finally, housing supply represents the housing availability for those migrants when making
moving decision, and TC (40K) is much more limited compared with NTC (108K), and the supply
has been smaller from 2009 to 2021, which may be explained by the limited amount of land supply.
Gravity Mass (attractiveness) represents the combination of determinants of districts for attracting
migrants, and it shows that NTC_HHP and TC_MHP are the most attractive areas.

4. Empirical Results

4.1 Empirical Results

Table 3 summarizes our model results. The column “TMA” indicates significance below 1%
in the LM test, which rejects the null hypothesis and confirming individual-specific effects among
districts. The Hausman test showed the fixed-effects model (FEM) is appropriate, as the p-value is
below the 1% significance level. The TMA model has a strong fit with an estimated RA2 (within) of
0.8769 in FEM. Furthermore, we segregated the districts of the TMA into core areas (TC) and fringe
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Table 3 Result of Gravity Mass on Mobility

Factors TMA Core Areas Fringe Areas
(Taipei Metropolitan Area) (Taipei City) (New Taipei City)

Gravity Mass 0.1295657 (.000)*** 0.0639182 (.000)*** 0.132495 (.000)*%**

Constant -0.0005345 (.000)*** 0.0001143 (.052) -.0006167 (.000)***

R’ (within) 0.8769 0.6931 0.8895

LM Test 1264.42 (.000)*** 779.44 (.000)*** 611.72 (.000)***
Hausman Test 30.93 (.000)*** 1.59 (0.2077) 30.98 (.000)***
Observations 403 156 247

Note: 1. *** indicates a 1% level of significance. 2. Compiled and organized by the author.

areas (NTC) to discern the difference among two different areas. With the results for TC, it fails the
Hausman test; however, it is still significant below 1% in the LM test, which means the model fits the
REM with an RA2 (within) of 0.6931. For NTC, it passes both tests with an RA2 (within) of 0.8895 in
FEM. Therefore, our proposed model is solid and fits the above three scenarios.

Furthermore, to facilitate the analysis of the determinants, we calculate the logarithm of the
model for three groups using random-effects, which is shown in Table 4. The purpose of using
random-effects panel data is to emphasize the weighting of each determinant within the gravity
model, the results all show fine performance with RA2 over 0.68, and the determinants all show a 1%
level of significance, except that the distance impedance has no significance in NTC. By comparing
the coefficients, in the TMA, we can see that population is the main driving factor of mobility, with a
coefficient as high as 0.7697, and housing price has a negative impact of -0.5205. Distance impedance
and housing supply have weaker effects. This means that every 1% increase in population will
increase mobility by 0.7697%, and a 1% increase in housing price will decrease mobility by 0.5205%.
In TC, population has the highest value (0.4343) and distance has a negative impact of -0.2680. In
NTC, population has the highest (0.8368) positive effect, and housing price remains the most negative
effect (-0.5821).

4.2 Discussion

Utilizing the modified gravity model, the results obtained at a 1% significance level, with high
R’ value for three groups, provide the solid empirical support for our assumption. It feedbacks to
the distance decay on the attractiveness of districts from gravity model perspective (Reilly, 1929;
Haynes & Fotheringham, 1990; Zhao et. al., 2021), also explained the intervening opportunities
affect their moving decision (Barbosa et al., 2018). This suggests that each district possesses its own
mass (attractiveness) for residential mobility, which is determined by the aforementioned three main
factors and distance impedance. This directly answers our first core research question: “Where to
move?” that migrants exhibit a tendency to relocate to destinations with larger mass relative to their

original residential area, indicating that smaller mass districts exert less attraction. Notably, districts
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Table 4 Result of Gravity Mass in Logarithm in REM
Description Variable L TMA ) Co're ..Arefas Fringe' Ar.eaé
(Taipei Metropolitan Area) (Taipei City) (New Taipei City)
Distance LogD -0.2338 (.000)*** -0.2680 (.000)***  -0.3940 (.022)
Population Log DP 0.7697 (.000)*** 0.4343 (.000)*** 0.8368 (.000)***
Housing Price Log HP -0.5205 (.000)*** -0.2104 (.000)***  -0.5821 (.000)***
Housing Supply Log HS 0.1399 (.000)*** 0.1656 (.000)*** 0.1366 (.000)***
Constant -6.6765 (.000)*** -5.5167 (000)***  -6.7443 (.000)***
R’ (within) 0.7029 0.679 0.736

Note: 1. *** indicates a 1% level of significance. 2. Compiled and organized by the author.

such as NTC high housing price regions which demonstrate gravitational mass values exceeding 0.01,
collectively accounting for an average of 0.154% of Taipei citizens in each district from table 2. In-
depth with these districts, they have the sufficient housing supply and large population (neighborhood)
effect with the adequate housing price and distance impedance.

The panel-data analysis delves deeper into assessing the influence of district-specific and time-
series effects on mobility patterns using the gravity model. Determining whether a Fixed Effects or
Random Effects model is appropriate involves conducting LM and Hausman tests, with the results
outlined in Table 3. Both Taipei metropolitan areas (TMA) and fringe areas (NTC) align with the FE
model. This suggests a district-specific time-invariance effect, indicating that each district possesses
unique attractiveness. These may encompass public facilities, population distribution, among other
factors, contributing to the district-specific effect. Conversely, TC only conform to the RE model. This
implies that the RE model, which treats district-specific time-invariance variables as random error
or constant, is more suitable. Consequently, migrants exert lesser influence on districts within TC.
Furthermore, these district-specific effects wield significant sway over mobility patterns, particularly
evident in districts within regions characterized by high housing prices in “NTC high housing price”
areas.

In order to facilitate our [UMGM model, we take Eq. (2) into logarithmic form using RE, and Table
4 presents the results. It confirms that the model achieves a fine performance (R* (within) = 0.7029).
All variables are significant at the 1% level, showing that these indicators well explain the variation in
our [IUMGM. These findings directly address our second core research question, “How to choose?”,
by demonstrating that migrants prioritize population agglomeration and housing affordability over
distance impedance. The results highlight that the decision-making process involves a trade-off
between economic constraints and spatial accessibility, further validating the theoretical foundations
of our modified gravity model.

By comparing the coefficients, we can see that the Population has the most positive factor that
driving on residential mobility with a coefficient of 0.7697, which indicating 1% increase in the

population will cause the mobility flow to increase by about 0.7697%. It feedbacks to the population
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agglomeration caused by various factors such as urban economics, environmental factors, resources,
and transportation which represented the residential liveability (Lemoine-Rodriguez et. al., 2020;
Turok et. al., 2021). Meanwhile, Residential mobility behaviors influenced by their knowledge of a
local area which bounded by distances within in specific sections of the city (Lalli, 1992; Hay, 1998;
Devine-Wright & Lyons, 1997; Jorgensen & Stedman, 2001; Gustafson, 2014; Oishi & Schimmack,
2010) therefore, our model again prove the primary purpose of improving livability through relocation
along with the Reilly’s concept.

Followed by housing price, which exhibits a coefficient of -0.5205, indicating that a 1% increase
in housing price corresponds to a 0.5205% decrease in residential mobility. Research demonstrates
that the structure of housing markets significantly influences housing prices, presenting affordability
challenges for many households and impacting their relocation decisions (Lee et al., 2000; Baker,
2016). Next in line is distance impedance, with a coefficient of -0.2338, emphasizing the fundamental
role of distance in mobility, aligning with the concept of gravity. This parameter is integrated into
our IUMGM model (Zipf, 1946; Haynes & Fotheringham, 1990; Zhao et. al., 2021; Barbosa et al.,
2018). Lastly, housing supply exhibits the least influence, with a coefficient of 0.1399, suggesting
that residential mobility is primarily voluntary and driven by market forces. Households adjust their
housing consumption based on factors such as space, location, amenity, or quality (Strassmann,
1991; Dieleman et al., 2000; Van der Vlist et al., 2002; Van Ommeren & Van Leuvensteijn, 2005). A
sufficient housing supply could potentially increase mobility (Peng et al., 2009).

This dynamic adjustment of housing consumption to market conditions underscores the
significance of housing market factors in intra-urban relocations, as emphasized by various researchers
(Strassmann, 1991; Dieleman, 2001; Chen & Peng, 2024). They suggest that, in terms of priority,
considerations for mobility are ranked as follows: the population holds the highest importance,
followed by housing affordability (housing price). Subsequently, individuals may explore areas further
afield before considering the availability of housing when selecting a destination,

We further divided the overall data into core areas (TC) and fringe areas (NTC), as shown in
Tables 4. Both models exhibit significance at the 1% level, yet NTC demonstrate a higher R-squared
value (0.8895) compared to TC (0.6931). Consequently, the model is deemed to be more accurate
when applied to the new suburban areas. Table 4 depicts the results when applying the model to
logarithm, aimed at understanding the weighting of determinants influencing the choice of core and,
as well as how these districts attract migrants. The findings reveal that the population carries the most
weight in NTC (0.8368), demonstrating 1% significance, whereas in TC, it exhibits 1% significance
(0.4343). This suggests that migrants consider the population factor more strongly in NTC, where it
may reflect perceptions of livability and accessibility.

Furthermore, housing price displays significance at the 1% level in both areas, yet its impact is
more pronounced in NTC (-0.5821) compared to TC (-0.2104), indicating that housing affordability
is a more significant consideration for individuals relocating to NTC. In contrast, housing supply

holds less weight in migrants’ considerations, with similar coefficients observed in both TC (0.1656)
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and NTC (0.1366). Distance, however, demonstrates no significance in either area. In summary, the
determinants influencing migrants’ decision-making in new areas indicate that the population and
housing price play crucial roles, particularly in attracting individuals from their original areas to fringe
areas. Housing supply holds less significance in the decision-making process, and distance appears to

be less critical overall.

5. Conclusion

Research on the factors influencing residential mobility provides insights into urban growth,
transformation, and restructuring (Dieleman, 2001). While previous researches have explored
residential relocations and the reasons behind moving, a significant gap remains in analyzing mobility
patterns within the context of housing market dynamics and competition (Ermisch & Washbrook,
2012). Additionally, research on urban structural changes often overlooks spatial interconnections
between districts. To address this gap, our model simulates urban expansion using the gravity
model, incorporating residential mobility to emerging suburban areas and integrating intervening
opportunities.

Regarding regional differences, our findings align with established theories: larger population
sizes at both origin and destination promote migration, while greater distances reduce migration, and
the results support the efficacy of our model. (Zipf, 1946; Haynes & Fotheringham, 1990; Zhao et. al.,
2021). The indicators chosen for our study are grounded in previous research, further strengthening
the model’s theoretical and practical basis.

Consequently, our model demonstrates broad applicability with minor modifications, requiring
adjustments to determinants and recalibration to accommodate regional characteristics. This flexibility
ensures its effectiveness in capturing population mobility dynamics across diverse contexts. By
integrating both residents’ motivations and district attractiveness, the model identifies core district
competencies and competitive interactions. Moreover, migrants from different socioeconomic groups
experience distinct influencing factors and varying sensitivities to distance impedance. To account
for these differences, the coefficient y in Equation (5) can be adjusted, with higher values assigned
to groups more affected by distance and lower values to those less sensitive, ensuring a nuanced
representation of mobility patterns.

Policy scenario experiments can assess the impact of urban policies on population distribution
by adjusting input parameters. For instance, modifying housing supply layouts through land replotting
within the Intra-Urban Mobility Gravity Model IUMGM) allows for simulating mobility patterns
and analyzing distribution shifts. Similarly, new public facilities or transportation improvements can
influence population agglomeration, alter housing prices, and reshape migration trends. This approach
provides a structured framework for evaluating policy interventions and their effects on urban
dynamics.

Moreover, while our study confirms the influence of population, housing prices, supply, and

distance on migration patterns, our findings confirm the influence of population, housing prices,
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supply, and distance on migration patterns within TMA. However, additional factors such as urban
renewal, an aging society, and the rise of remote work may also play a role in shaping residential
market dynamics. These elements, while not included in the current empirical model due to data
limitations, warrant further investigation in future research. For instance, as remote work gains
popularity, some residents are relocating to peripheral areas with better greater livability, altering
traditional migration patterns. Additionally, rapid housing price growth has intensified affordability
concerns, distinguishing Taipei’s migration dynamics from those in Western cities. Future research
could further examine these factors to refine housing policies, enhance infrastructure, and support
urban planning strategies that accommodate remote work. These insights not only validate existing
migration theories but also highlight region-specific dynamics, offering valuable implications for
policy-making.

This paper presents the Intra-Urban Mobility Gravity Model (IUMGM) to simulate intra-urban
population mobility, incorporating district mass factors, directional mobility, and distance impedance.
Key determinants include population, housing prices, housing supply, and distance impedance,
ensuring a theoretically grounded and adaptable framework. As a rigorous application of the gravity
model, the IUMGM demonstrates strong predictive capability and broad applicability, requiring only
minor adjustments for different contexts. By advancing gravity theory in mobility research, this study

offers valuable insights into urban migration dynamics.
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Note

Note. 1 The study period 2009 to 2021is limited by Taiwan’s migration statistics, which classify
population flows into three categories: movements between the six municipalities and Taiwan
Province, migrations within the same county or city, and address changes within districts.

b

Non-municipality counties are grouped under “Taiwan Province,” making individual
migration figures unavailable. Since New Taipei City was upgraded from Taipei County in
2010, district-level migration data is only traceable back to 2009.

Note. 2 The sources are from the websites of Taipei City Government, New Taipei City Government,
and the “Industry, Commerce and Service Census” under National Statistic, R.O.C. (Taiwan)
https://www.stat.gov.tw/News.aspxn=2738&sms=11057

Note.3 The PMT ratio is calculated as the number of migrants in Taipei City divided by its
population. The available district-level migration data (as discussed in Section 3.2) include
only three categories: (1) intra-district migration, (2) inter-district migration within the same
city, and (3) migration between Taipei City and New Taipei City, covering the period from
2009 onward. Given these limitations, this study treats Taipei City as a single administrative
unit to assess its influence on migration dynamics across districts in both cities. Accordingly,
category (2) inter-district migration within the same city is used for districts within Taipei
City, while category (3) migration from Taipei City to New Taipei City is applied for districts
in New Taipei City.

Note. 4 Kumler, M. P., & Goodchild, M. F. (1992). The population center of Canada-just north of
Toronto. Geographical Snapshots of North America, 275-279.

Note. 5 The Vital Registration of Household Statistics offers detailed information on population and
migration trends from 1998 to the present, while the Ministry of the Interior’s Real Estate
Information Platform provides comprehensive data on housing prices and housing supply
from 2007 onwards. In reality, the population data obtained from household registration
may differ from the real residential population. As for the “Report on the Internal Migration
Survey” for 2012, it has been calculated that the population of household registration reaches
up to 90% of the real residential population, based on which the variance is acceptable and
the results for our paper remain the same.

Note. 6 The classification of TMA districts into six distinct regions is based on the Cathay Real Estate

Price Index. Source from: https://www.cathay-red.com.tw/tw/About/House.
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