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Traditional residential location choice (RLC) models are based on the characteristics of

location and demographics, revealing important patterns of RLC, but no RLC models have yet

incorporated individual preferences. This study fills this gap by integrating the pattern of

home-based travel into the RLC model. Firstly, by analysing residential trajectory data col-

lected from Beijing and Shenzhen, we find that both residents’ commuting time, that is, time

spent commuting to work, and home-based non-commuting (HBNC) time, that is, time spent

on the consumption of amenities when departing from homes, follow an extreme value

distribution (EVT). This indicates that, based on time budget and financial constraints,

residents strive to minimise commuting time and maximise HBNC time. Subsequently, by

integrating these findings into individual-level RLC analysis, we obtain an RLC model that

aligns with the gravity model. Throughout the model training process, we demonstrate that

the RLC model exhibits strong robustness by incorporating control variables, changing the

spatial scale of the observation unit, testing for endogeneity, and considering historical RLC.

Moreover, the model performs well in applications including assessing dynamic changes in

RLC behaviours and making predictions based on previous travel behaviours. The RLC model

in this study advances our understanding of human habitat selection behaviour and can be

utilised by policymakers to develop and implement effective urban planning and epidemic

management policies.
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Introduction

More than 55% of the world’s population now live in
cities (Vilar-Compte et al., 2021). Residential location
choices (RLCs) have significant implications for the

sustainable development of cities. From a city perspective, exist-
ing research shows that people’s choices of residence can have a
significant impact on the local economy (Li et al., 2013), spatial
structure(De Vos et al., 2018; Næss et al., 2019), the envir-
onment(Engebretsen et al., 2018; Huu Phe and Wakely, 2000), the
urban transport system (Taniguchi et al., 2014) and epidemic
prevention and control(Liu and Tang, 2021). From an individual
perspective, residential satisfaction can contribute significantly to
overall life satisfaction(Campbell et al., 1976). Residential location
modelling is therefore considered to be the core of one of the
grand challenges of contemporary social science(Pagliara et al.,
2010).

Numerous studies have been conducted to develop universal
models of RLC in light of the importance of residential location. In
general, existing RLC models can be categorised into two types.
One type of research takes RLC models into account as an integral
part of urban complex models(Albeverio et al., 2007; Baynes, 2009;
Tonne et al., 2021), including MUSSA II, RELU-TRAN (Anas and
Liu, 2007) and UrbanSim (Waddell, 2002). Models such as these
are based on the interaction between the land market, labour
market, the distribution of industry, and transportation to analyse
RLCs (Ahlfeldt et al., 2015). Enabled by the use of massive data
from multi-dimensions, they focus more on the interdependencies
between sub-modules, rather than on the nature of location
choices. The second type of RLC model explores factors that affect
RLCs. Using the Multinomial Logit Model, they have examined
the impact of individual characteristics and location characteristics
on RLCs, such as age, gender, the number of family members and
accessibility to infrastructure (Baum-Snow, 2007; Buzar et al.,
2007; Campbell et al., 1976; Chen et al., 2016; Delgado and
Bonnel, 2016; Garcia-López, 2012; Lee et al., 2010; Levinson, 2008;
Melia et al., 2018; Portnov et al., 2011). Nevertheless, households
and spaces can be characterised by a variety of dimensions, leading
to unmanageable arrays or model specifications that are difficult to
assemble for effective calibration (Pagliara et al., 2010).

Travel behaviours significantly impact RLCs (De Vos and
Singleton, 2020), with studies indicating that people prefer to live
in neighbourhoods that facilitate satisfying trips (De Vos and
Witlox, 2016; Ettema and Nieuwenhuis, 2017). Low levels of travel
satisfaction may encourage individuals to move to a different type
of neighbourhood that allows for more frequent use of preferred
modes of transportation (De Vos and Witlox, 2017). This illus-
trates that RLCs are shaped not just by amenities but also by
personal preferences, for example, a car enthusiast may prefer to
live in a suburban neighbourhood, or someone who enjoys
walking or cycling may opt for an urban area (De Vos and
Singleton, 2020). Therefore, the RLC model that focuses solely on
the amenities fails to account for the influence of individual pre-
ferences on RLC. However, up to now, there has been no RLC
model that takes individual travel behaviour into account. We aim
to fill this gap by constructing an RLC model from the perspective
of travel behaviours. During the modelling process, we rely on the
allocation of travel time between home-based travels to build the
RLC model, which not only diminishes the need for various types
of data but also aids in simplifying the model’s structure.

Big data and related analytics bring new opportunities for
understanding RLCs. Human mobility data derived from spa-
tiotemporal mobile phone trajectory data could be helpful to
develop the travel-behaviour based RLC model. Mobile phone
trajectory data has the advantage of a high sampling rate, large
geographic coverage, low collection cost, and accurate informa-
tion about space and time (Ni et al., 2018). Based on the time

budget and a working-resting timeframe, by combining mobile
phone data with geocoded location information, we identify
residential locations and workplaces through the comparison of
stay durations across different times and places (Phithakkitnu-
koon et al., 2012; Yan et al., 2019; Zhao and Gao, 2023). Other
locations where the stay exceeds 30 min are considered non-work
sites. We can obtain a comprehensive picture of residents’ home-
based travels by analysing travel behaviour originating from or
destined for residential locations, encompassing both commuting
and non-commuting purposes. In this paper, we analyse trajec-
tory data collected from over 16 million mobile phone users in
three consecutive years between 2018 and 2020 in two megacities
in China—Beijing and Shenzhen.

Compared to existing research, this paper has the following
novelties: (1) We focus on analysing residents’ revealed pre-
ferences rather than their stated preferences in RLCs. Revealed
preferences are based on real decisions made in real-life situa-
tions. Stated preferences, on the other hand, are derived from
what individuals say they would do, often in response to hypo-
thetical scenarios, which may not always translate to actual
behaviour due to biases or the hypothetical nature of the situation
(Fujii and Gärling, 2003). Additionally, the use of mass mobile
phone signalling data also reduces the issue of small samples,
which is commonly encountered in stated preference studies
(Thorhauge et al., 2016; Wan et al., 2021). (2) This study extends
existing RLC models by considering individual residential pre-
ferences, which are proxied by home-based travel behaviours. We
test the validity of the model in multiple ways, including adding
control variables, changing the spatial scale of the observation
unit, testing for endogeneity, and considering historical RLC. (3)
This RLC model can be used not only to analyse the spatial
distribution of residential locations at the group level, but also to
analyse the RLC at the individual level. As an example of the
model’s application, we assess dynamic changes in RLC beha-
viours and make predictions based on previous travel behaviours.

Analytical framework
The RLC model, based on home-based travel behaviour, is devel-
oped, and Fig. 1 describes the process of our modelling. From the
population’s perspective, we construct the RLC model according to
the gravity model (Batty et al., 1974), and from the viewpoint of
individuals, we analyse RLCs based on the assumption of utility
maximisation. Ultimately, the same RLC model is derived.

The gravity model and the RLC model. The population-level
RLC model we employed is the constrained gravity model, which
is essentially grounded on a balance between benefits and costs
(Batty, 1983; Batty et al., 1974), as shown in Eq. (1).

Tij ¼ OjPij ¼ Oj

mif rij
� �

∑k mkf rik
� � ð1Þ

In this model, the attraction or benefit (mi) of residing in any
given location is weighed against the deterrence or cost (f ðrijÞ) to
that location from another, with commuting commonly acknowl-
edged as a form of deterrence (Barbosa et al., 2018; Pagliara et al.,
2010). Owing to the constraints of financial budgets, the choice of
residential location is inevitably affected by housing prices (DeSalvo
and Huq, 1996; Zhuge et al., 2016). However, quantifying a region’s
attractiveness is quite challenging. Built environment and demo-
graphic characteristics are frequently seen as factors that affect a
location’s attractiveness (Bhat and Guo, 2007; Ettema and
Nieuwenhuis, 2017; Schirmer et al., 2014), while relocation choice,
which is also a form of RLC, is mainly influenced by individual
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preferences, such as the impact of historical factors and individual
habits (Clark and Lisowski, 2017). However, to date, no studies have
attempted to include individual preferences in the RLC model. In
this study, we use HBNC time to represent a location’s
attractiveness. Firstly, HBNC time is a reflection of residents’
revealed preferences, which can indicate their real needs. Secondly,
HBNC travel is often for the consumption of built environment.
The greater the demand for a certain amenity, the greater the
weight of travel for these types of amenities in the HBNC time.
Therefore, HBNC time includes information about an individual’s
preferences. Compared to using amenities as a measure of a
location’s attractiveness, using HBNC time as a proxy variable more
closely aligns with our understanding because residents may choose
a location mainly based on some of its built environment, rather
than all of them. When

mi ¼ eαlog hcið Þþ γHBNC timeij ð2Þ

f rij
� �

¼ eβC timeij ð3Þ
where

C timeij ¼
Timeij þ Timeji

Nij þ Nji
ð4Þ

HBNC timeis ¼
Timeis þ Timesi

Nis þ Nsi
ð5Þ

where i is a residential location, j is a workplace and s is a non-work
site, C timeij is the average commuting time for an individual in a
month and HBNC timeis is his/her average HBNC time in the same
month, Timeij(Timeji) is the total travel time from residential
location i (workplace j) to workplace j (residential location i), Nij

(Nji) is the total number of trips from residential location i
(workplace j) to workplace j (residential location i), Timeis (Timesi)
is the total travel time from residential location i (a non-work site s)
to a non-work site s (residential location i) and Nij (Nji) is the total
number of trips from residential location i (a non-work site s) to a
non-work site s (residential location i).

Then, we can get the RLC model:

Tij ¼ OjProbij ¼ Oj
eαlog hcið Þþ γHBNC timeij þ βC timeij

∑k e
αlog hckð Þþ γHBNC timekj þ βC timekj

ð6Þ

where Tij is the number of residents who work in location j and live
in location i, Oj is the number of people who work in location j,
Probij is the probability of residents choosing to live in location i

and work in location j, hci is the housing expenditure of location i,
HBNC timeij is home-based non-commuting time, C timeij is
commuting time, and α, β and γ are parameters to be estimated.
Consistent with the settings of quantitative spatial modelling, we
include variables related to time in exponential form, while other
variables are included in power-law form (Eaton et al., 2004;
Heblich et al., 2020).

The RLC model attempts to use residents’ travel behaviour and
housing costs to explain jobs-housing relationship. The model’s
dependent variable is the probability of a residential location being
chosen, which means the model tries to figure out the distribution
pattern of where the workforce lives in relation to their places of
work. In comparison to traditional gravity models, our RLC model
is not only simpler in form but also encompasses more information
regarding individual preferences.

Utility maximisation and the RLC model. The individual-level
RLC model is based on the assumption of utility maximisation
(Ahlfeldt et al., 2015; Heblich et al., 2020; Schirmer et al., 2014). We
assume that the utility function of a risk-neutral resident o who works
in location j and resides in location i is defined by the resident’s travel
behaviour, housing expenditure and an idiosyncratic shock, as shown
in Eq. (7). As commuting travel is a mandatory form of travel, we
include commuting time (C timeij) in the utility function as an ice-
berg cost. HBNC time (HBNC timeij) has two parts, one that relates
to consumption (αCij), and the other for travels (lij) that brings utility.
Residents will make optimal choices regardless of individual pre-
ference differences, a heterogeneity parameter (zijo) which follows an
extreme value distribution is thus included.

Uijo ¼
zijowj

eβC timeijhci

αCij

ξ

� �ξ lij
1� ξ

� �1�ξ

ð7Þ

s:t: αCij þ lij ¼ eμHBNC timeij ð8Þ

F zijo
� �

¼ e�z�α
ijo ð9Þ

where wj is the average wage level in location j. When individuals
attempt to maximise Uijo, the equilibrium utility is,

uijo ¼
zijowje

μHBNC timeij

eβC timeijhci
ð10Þ

By summing up the individual utilities, we can estimate the
probability of choosing a residential location within a city. Hence,

Fig. 1 Analytical framework.
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the probability that a resident chooses to live in location i and
work in location j is

Probij ¼ Pr uijo ≥ max urso
� 	

; 8r; s
h i

¼ eβC timeij hci

� ��α
eμHBNC timeij wjð Þα

∑k¼1 eβC timekj hck

� ��α
eμHBNC timekj wj

� �α

/ eαlog hcið Þþ γHBNC timeij þ βC timeij

∑k e
αlog hckð Þþ γHBNC timekj þ βC timekj

ð11Þ

The Probij in individual-based RLC model follows the same
structure as that in population-based gravity model. Although the
form of the population-level model and the individual-level
model is the same, the interpretation of the models differs: the
former explains patterns in population spatial distribution, while
the latter explains patterns in individual residence choices.

The generalisation and contribution of the RLC model. The
generality of the RLC model in this study is reflected in the
following two aspects: (1) The construction of the RLC model is
based on both population-level method and individual-level
method, providing a solid theoretical basis for examining the
behaviour of both individuals and groups. (2) RLC analysis based
on the gravity model has been applied in the West Midlands
Conurbation in central England (Batty et al., 1974), while utility
maximisation-based modelling analysis has been applied in
London (Heblich et al., 2020) and Berlin (Ahlfeldt et al., 2015).
These different applications illustrate the flexibility and effec-
tiveness of the model’s base structure.

Our version of the RLC model adds a new dimension:
residents’ preferences. The addition of this information adds
greater depth to our understanding of how demographic factors
impact where people choose to live. While our version of the RLC
model introduces new analytical perspectives, variables and
functional forms that differ from existing studies, our aim is to
extend the application rather than to challenge previous RLC
models.

Data and variables
Study area. We have selected two megalopolises in China as the
area of study, namely Beijing and Shanghai. Beijing, the capital of
China, maintained a stable population of 21 to 22 million from
2018 to 2020. It is situated in northern China, an inland city that
does not border the sea. Shenzhen is situated in southern China
and next to Hong Kong and had a population of 16.66 million in
2018, which has risen to 17.63 million in 2020 (statistics were
drawn from China Statistical Yearbook). Both cities are economic
hubs of their regions and have the highest GDP in their respective
urban agglomerations. Based on statistics in 2018–2020, Beijing
contributed 42% of the GDP in the Jing-Jin-Ji urban agglom-
eration, encompassing 13 cities; Shenzhen contributed over 30%
of the GDP in the Pearl River Delta urban agglomeration, which
includes 9 cities.

There are also significant differences between Beijing and
Shenzhen. First, their geographical structures are different.
Beijing is mostly situated on a plain, which allows for easy urban
expansion, while Shenzhen’s expansion is restricted by hills and
its coastline. According to the layout of residential locations,
workplaces and home-based non-workplaces of both cities in Fig.
2, Beijing has a single centre, while Shenzhen shows a polycentric
layout. Second, the two cities have different industrial structures.
Beijing’s workforce is primarily engaged in IT, business services
and finance, which require less industrial space. Shenzhen, on the
other hand, has a significant manufacturing workforce (Chandra
et al., 2023; Chen and Kenney, 2007). Third, administrative
influences differ in the two cities. While Beijing, as the capital, is

subject to more top-down government decisions regarding urban
planning, Shenzhen, as a special economic zone, has fewer
administrative restrictions.

Datasets and data processing
Mobile signalling data. We test the above RLC model with spa-
tiotemporal travel trajectory data extracted from more than 4
million regular mobile phone users in Shenzhen and more than
12 million regular mobile phone users in Beijing (see Table 1).
The main data is mobile phone signalling data, with trajectories
derived from the time the user communicated with a base station
and the coordinates of the base station. We selected samples from
November 2018, November 2019 and November 2020, specifi-
cally choosing those that appeared more than 10 days in a month.
To reduce the impact of extreme values, commuting time over
180 min and HBNC time over 300 min were excluded. Due to
COVID-19 starting in early January 2020, our pre-pandemic
months include November 2018 and November 2019, while the
post-pandemic period includes November 2020, allowing us to
test the effectiveness of the RLC model following the pandemic.

The individual’s coordinate point position was calculated by
the Operator using a multi-base station weighting algorithm.
According to the Operator’s processing logic, points with a stay
of more than 30 min are considered stay points. Moreover, the
workplace is the longest stay point during the weekdays from
5 a.m. to 8 p.m., and the residence is the longest stay point from
8 p.m. to 5 a.m. Using these details, along with the start stay
point and the end stay point for each trip and their exact time,
we calculated the duration of each trip, namely travel time,
identified the purpose of each trip and counted the number of
each type of trips. Based on the analysis mentioned above, we
can obtain the residents’ commuting time and HBNC time (see
Table 2). Due to the Operator’s data protection rules, we can
only extract the values of the above variables in a squared grid
or tiles. Notably, only tiles with more than 5 identified residents
were considered. To process the data, the study areas was
divided into squared tiles, and we took the monthly average of
commuting time and HBNC time of residents with residences
falling in the same tile.

Housing expenditure. The housing data we used include housing
prices and government guideline prices. Housing prices refer to
the listed prices of individual housing units, which were obtained
from public websites. We have provided statistical descriptions of
our housing price data in Table 2. However, there is an issue that
in some areas, the number of housing units listed may be limited,

Table 1 Distribution of people in categories for analysis.

Shenzhen Beijing

Variable Number of
people

Percentage Number of
people

Percentage

Gender
Female 1,422,528 32 4,475,160 36
Male 3,017,846 68 7,901,636 64
Age
19–24 954,437 21 1,505,944 12
25–29 1,251,605 28 2,397,109 19
30–34 950,508 21 2,459,491 20
35–39 538,942 12 1,935,330 16
40–44 299,452 7 1,303,226 11
45–49 230,966 5 1,245,858 10
50–54 145,921 3 919,514 7
55–59 68,543 2 610,324 5
Total 4,440,374 100 12,376,796 100
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leading to an inaccurate representation of the area. To minimise
this error, we calculated the average listing price for each
neighbourhood (referred to as ‘jiedao’, the smallest administrative
unit within a city) and then assigned this average price to each tile
based on the jiedao where the centre of the tile is located.

Other data. We also utilised Point of Interest (POI) data, which
are all publicly accessible from OpenStreetMap. These data were
associated with each tile to generate control variables for the RLC
model. This primarily included calculating the distance from the
centre of each tile to the nearest subway, bus stations, hospitals,
retail markets, parks and schools (Næss, 2006a; Næss et al., 2019;
Rivas et al., 2019; Sander, 2006). To validate the robustness of the
RLC model using the instrumental variables method, we also used
precipitation data.

Empirical implementations
Our empirical analysis consists of two parts: model verification
and model application, as shown in Fig. 3. The individual-level
RLC model posits that individuals’ idiosyncratic preferences,
which adhere to the Extreme Value Theory (EVT), are crucial.
Therefore, we employ a fitting analysis method to determine
whether residents’ travel behaviour aligns with an extreme dis-
tribution. Next, the RLC model is fitted using Generalised Linear
Models (GLM) and verified by adding control variables, using
instrumental variables and analysing the impact of scale effects
(Barbosa et al., 2018). Finally, we utilise the RLC model to
examine shifts in residential location preferences due to COVID-
19 and to assess whether it can accurately capture dynamic
changes in RLC, as well as to make forecasts based on historical
travel patterns.

Fig. 2 The distribution of workplaces, residential locations and home-based non-workplaces in Shenzhen and Beijing. Graphs (a) and (b) depict the
distribution of residential locations in Shenzhen and Beijing, respectively. Graphs (c) and (d) depict the distribution of workplaces in Shenzhen and Beijing,
respectively. Graphs (e) and (f) depict the distribution of Home-based non-workplaces in Shenzhen and Beijing, respectively.
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Verification of the RLC model
Home-based travel behaviour and EVT. Individuals’ idiosyncratic
preferences aligning with the EVT is a crucial hypothesis in our
RLC model. Given that each tile may contain a different
number of people, we assign a weight to each tile based on the
number of included residents. We then use the Generalized
Extreme Value (GEV) distribution to check if commuting time
and HBNC time align with EVT. The fitting results for com-
muting time in Fig. 4 show that residents selected a residential
location that enables them to achieve minimum commuting
time, given the spatial distribution of amenities and housing
prices. Likewise, the fitting results for HBNC time in Fig. 4
show that HBNC time is maximised during RLC. This means
that the way people travel from home aligns with our model’s
hypothesis.

There are reasonable explanations for the above findings.
Travel is primarily driven by the expected benefits at the

destination (Næss et al., 2019; Wang et al., 2018). While travel
time constitutes a cost paid to participate in out-of-home
activities, its impact on individual utility is highly dependent on
whether activities are mandatory or optional (Ye et al., 2020).
Commuting is rigid travel since work is the primary source of
income, and stress-related effects (high blood pressure, self-
reported tension and reduced task performance) may extend
beyond the journey itself (Kluger, 1998). As a result, it is seen as
unproductive time (Lyons and Chatterjee, 2008). Comparatively,
HBNC travel offers greater flexibility, since residents not only
have the option of choosing the departure time and destination of
their trips, but also whether to travel. In other words, residents
can decide not to travel to a particular destination if the travel
cost is greater than the utility gained at that location. By
maximising HBNC trips derived from leisure time, residents can
increase their utility. In comparison to distance indicators
between residential locations and amenities (schools, parks, etc.)

Table 2 Statistical descriptions of commuting time (minutes), HBNC time (minutes) and housing prices (yuan).

Shenzhen Beijing

2018 2019 2020 2018 2019 2020

commuting time Number of obs. 1,015,403 1,130,783 1,064,446 4,362,023 4,458,744 4253,309
mean 20.21 24.82 23.37 33.45 31.61 32.68
std 20.78 22.20 20.83 27.44 26.61 27.20
min 0 0 0 0 0 0
25% 6.06 8.03 7.35 12.40 10.83 11.59
50% 13.98 18.49 17.60 26.90 25.22 26.16
75% 27.20 35.41 33.61 46.97 45.10 46.35
max 180 180 180 180 180 180

HBNC time Number of obs. 1,015,403 1,130,783 1064,446 4,362,023 4,458,744 4,253,309
mean 28.55 24.58 23.82 28.90 26.13 28.25
std 29.21 19.83 18.83 21.73 18.75 21.86
min 0 0 0 0 0 0
25% 10.91 12.89 12.20 15.58 14.45 14.77
50% 20.24 20.38 20.05 24.09 22.26 23.22
75% 35.86 30.69 30.53 36.12 32.98 35.50
max 300 300 300 300 300 300

housing prices Number of obs. 17,068 20,144 10,961 11,780 12,305 11,806
mean 63234.43 57334.81 55359.03 62659.74 62667.48 63323.23
std 24591.32 20418.53 17647.98 36804.24 38871.89 37171.76
min 12014.0 10049.0 10160.0 10047.0 10056.0 10056.0
25% 44097.5 42239.25 42532.0 34549.75 33059.0 35000.0
50% 57862.0 54080.0 52958.0 53669.5 53510.0 54223.0
75% 78379.5 68198.25 64584.0 85071.25 86263.0 85989.5
max 213513.0 171945.0 149477.0 266976.0 278100.0 270000.0

Fig. 3 Road map of empirical analysis.
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which are primarily a reflection of the accessibility of amenities,
HBNC travel reflects people’s personal preferences as well.

According to the fitting results for commuting time and HBNC
time, we find that the concentration degree of commuting time
and HBNC time for Beijing residents is higher than that for
Shenzhen residents. The reason for this phenomenon is possibly
due to the differences of the two cities in urban structure and
natural characteristics. Beijing is a single-centre city (Yang et al.,
2021), and urban expansion is not limited by space. In contrast,

Shenzhen is a polycentric city (Lai et al., 2022), where mountains,
rivers and seas largely constrain the city’s expansion.

Regression analysis of the RLC model. In this section, we first
analyse whether the results of the RLC model conform to our
expectation, and then discuss the robustness of the results. Fitted
using GLMs, a consistent pattern of parameters is observed in
both Beijing and Shenzhen, despite the differences in their spatial
structures (Table 3). The regression results of RLC model show

Fig. 4 Sample distribution of home-based travel time and corresponding fitted GEV distribution. Graphs (a−d) are the sample distribution of
commuting time and corresponding fitted GEV distribution. Graphs (a, b) are the fitting diagram and P-P plot for Shenzhen, respectively. Graphs (c, d) are
the fitting diagram and P-P plot for Beijing, respectively. Graphs (e−h) are the sample distribution of HBNC time and corresponding fitted GEV distribution.
Graphs (e, f) are the fitting diagram and P-P plot for Shenzhen, respectively. Graphs (g, h) are the fitting diagram and P-P plot for Beijing, respectively.
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that the probability of a tile being chosen as residential location
decreases as the average commuting time within the tile increases
(Commuting time was significantly negatively correlated with
Probij) and the probability of the tile being chosen as residential
location increases as the average HBNC time within the tile
increases (HBNC time was significantly positively associated
with). In addition, the housing expenditure in a given tile was
inversely related to the probability of that tile being selected as
residential location. That is, α, β < 0 and γ > 0, which is consistent
with our expectations.

The more mandatory the activity, the greater the influence on
the location choice of residence (As, 1978; Stopher et al., 1996).
Hence we compare the coefficients of HBNC time and
commuting time using the Wald test. The results in Table 4
show that the coefficient size of commuting time is significantly
larger than that of HBNC time, suggesting a greater impact of
commuting time on RLCs. As compared to HBNC travel,
commuting travel is more mandatory. The destinations for
HBNC travel are, in most cases, highly substitutable, while the
workplace is generally more rigid. In addition, commuting travel
is a prerequisite for HBNC travel, especially maintenance travel
related to consumption, such as grocery shopping and medical
appointments (Loa et al., 2021). Therefore, this result is in line
with our expections.

Robustness test 1: control variables. Amenities have an impact
on RLCs (Campbell et al., 1976). To reduce errors caused by
omitted variables, amenity variables are added to the RLC model
to test the impact of missing variables. The results in Table 3
indicate that there were no significant changes in the significance
and sign of the core explanatory variables, demonstrating the
robustness of our RLC model. The HBNC time proposed in this
study not only reflects the convenience of amenities associated
with the residence but also the residents’ revealed preferences.
Therefore, HBNC time can, to a certain extent, act as a proxy for

these amenities. We observed changes in the explanatory power
of the model by adding control variables to it. As shown in Fig. 5
(see Table 3 and Supplementary Tables 1–2), including control
variables improved the model’s goodness of fit (i.e., R2) by 2% in
Shenzhen and by 11% in Beijing. Similar modest changes are
noted in the coefficient of HBNC time, especially in Shenzhen,
but the change in the coefficient of commuting time is negligible
in both cities. Hence, HBNC time serves as a good proxy for the
availability of amenities and individual preferences for these
amenities in both Shenzhen and Beijing.

Robustness test 2: endogeneity. Although the results of the
model are significant, there may still be self-selection bias. For
example, aggregation will promote the increase of infrastructure,
and the increase of infrastructure will lead to further aggregation.
We use instrumental variable framework to verify the robustness
of the RLC model. As our RLC model is based on human
mobility, weather is an ideal instrument (Aral and Nicolaides,
2017). Gender and age could cause gaps in commuting, income
and individual preferences (Dökmeci and Berköz, 2000; Fuchs,
1986; Green and Hendershott, 1996; Huebner and Pleggenkuhle,
2015; Shin and Tilahun, 2022; Venter et al., 2007). We used the
amount of precipitation per month per tile, the percentage of age
per tile, and the percentage of gender per tile as instrumental
variables, employing two-stage least squares method for the
examination of endogeneity (see Supplementary Table 3). All
groups passed the weak identification test, indicating that our
model is robust.

Robustness test 3: scale effect. Due to the use of mobile sig-
nalling data in this study, the accuracy of individual positions will
increase with the size of the tile. Therefore, we need to test the
robustness of the RLC model on different scales. The platform
developed by the operator provides tiles of 250 m × 250 m. Based
on this, we further divide the two cities into tiles of
500 m × 500 m, tiles of 1000 m × 1000 m and tiles of
2000 m × 2000 m, respectively. Through training our RLC model
at different scales, we find that housing prices, commuting time
and HBNC time all register consistent coefficients that are sig-
nificant at the 1% level, despite modest changes in the coefficient
size (see Supplementary Tables 4–9). This indicates that our
model is applicable at different scales.

The relative importance of commuting time and HBNC time is
also examined at different spatial scales. To assess the impact of
these two factors, a new index(RAV) is created. As shown in Eq.
(12), this index is the absolute value of the ratio of the commuting

Table 3 Regression results of RLC model.

Shenzhen Beijing

Commuting time −0.0316*** (−35.8296) −0.0315*** (−35.7446) −0.0137*** (−33.8961) −0.0138*** (−34.3468)
HBNC time 0.0058*** (6.519) 0.0059*** (6.6898) 0.005*** (9.4249) 0.0046*** (8.5995)
Housing price −1.7164*** (−46.2985) −1.6303*** (−41.8073) −0.7952*** (−48.6038) −0.6974*** (−40.0963)
Subway 0.0005 (0.3505) 0.0119*** (8.6192)
Bus station 0.0047*** (5.3739) 0.0045*** (8.9127)
Hospital 0.0021* (2.4035) 0.0083*** (9.071)
Retail market −0.0004 (−0.4039) 0.0072*** (7.1413)
Park 0.001 (0.8562) 0.0029** (3.0377)
School 0.0054*** (6.1903) 0.0021* (2.3358)
Constant 16.2156*** (39.834) 15.334*** (35.8264) 5.5601*** (32.53) 4.421*** (23.8589)
R squared 0.1592 0.1631 0.0581 0.0651
Observations 21221 21221 56516 56516

*, **, and *** represent significance at the 5%, 1% and 0.1% levels, respectively.

Table 4 Wald test on coefficients of key variables.

Beijing Shenzhen

|Coefficient of Commuting time|–
|Coefficient of HBNC time|

0.0087*** 0.0258***

Control No No
Wald χ2 675.2508 702.3446
P > χ2 0.0000 0.0000

Coefficients are from Eq. (6). *** represents significance at the 0.1% level.
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time coefficient to the HBNC time coefficient.

RAV ¼ Coefficient of commuting time
Coefficient of HBNC time










 ð12Þ

RAV greater than 1 indicates that commuting time has a
greater impact than HBNC time. As shown in Fig. 5, commuting
time has a consistently greater impact on the choice of residential
location across different scales compared to home-based non-
commuting (HBNC) time. This is in line with our expectations,
therefore, we consider the results to be robust.

Robustness test 4: time-lagged terms. We incorporate time-
lagged term in the model to test its robustness, which is inspired
by prospect theory and the collective mobility model (Clark and
Lisowski, 2017; Xu et al., 2021). When other conditions remain
constant, it is possible to explain current RLCs by using historical
RLCs. After including the probability of a residential location

being chosen in the previous period, as shown in Table 5, all
results are consistent with the baseline regression. The goodness
of fit of the models in both cities has improved significantly,
suggesting that the choice of current location is significantly
influenced by historical residential location distribution.

Application of the RLC model. We explore two applications of
our RLC model. First, whether external shocks will affect the
applicability of the RLC model. As a result of an exogenous
disruption that eliminates the cues that trigger individual beha-
viours, people are forced to resort to deliberate decision-making
(Verplanken et al., 2008; Verplanken and Wood, 2006) and make
rational changes regarding their residential locations. Considering
that rational choice is a fundamental assumption in our model-
ling process, we expect the RLC model to capture such changes.
Second, to what extent our RLC model can be used for predic-
tions. Prior research has confirmed the predictive power of RLC

Fig. 5 The results of robustness test. Graphs (a, b) depict the percentage change in coefficient and goodness of fit with the inclusion of amenity variables
in Shenzhen and Beijing, respectively. The vertical axis indicates the percentage change of the coefficient of HBNC time/coefficient of commuting time/
goodness of fit of the regression model. On the horizontal axis, reg_1 is the baseline regression, and reg_2 to reg_7 represent regressions that gradually add
the variables of subway, bus station, hospital, retail market, park and school. Graphs (c−f) show the relative importance of commuting time and HBNC
time in determining residential locations on diverse spatial scales (tiles of 250m × 250m, 500m × 500m, 1000m × 1000m, and 2000m × 2000m,
respectively). To ensure the reliability of the results, we choose the maximum value of the coefficients of commuting and HBNC time at the 5%
confidence level.
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models based on amenities and population characteristics. Our
model, which focuses on travel behaviour, not only considers
spatial characteristics but also individual travel preferences. We
therefore expect good predictive power of our RLC model.

The impact of external shocks. We consider COVID-19 as an
external shock and test its impact on RLCs through our model.
To minimise the risk of infection, many individuals have begun
to work and study remotely, as well as reducing their optional
travel after the breakout of COVID 19 (Zhang et al., 2021).
There are concerns that the pandemic may have changed
residents’ living and working patterns (Gerwe, 2021; Liu and
Tang, 2021). Therefore, we estimate the parameters of the RLC
model separately for the pre-pandemic and post-pandemic
periods to test the impact of the pandemic. According to the
results (see Supplementary Tables 10–25), neither the sign nor
the significance of commuting time or HBNC time has changed
following the pandemic. RAV remains larger than 1, indicating
that the relative importance between commute and non-
commute travel has not changed. However, we observe a sig-
nificant increase in the RAV, as shown in Fig. 6. This indicates
that, as a result of the pandemic, commuting time has become
more influential on residential location decisions than HBNC
time. Due to safety considerations, each trip not only requires
thinking about the utility it brings but also the risk of infection.
Thus, the importance of HBNC time in the decision-making
process diminishes, for instance, residents have noticeably
reduced their use of amenities (Yu et al., 2023).

Prediction of the RLC model. In this section, we access the
predictive power of the RLC model. Initially, we utilise 2019
data to train the model, which is then employed to forecast
individuals’ RLCs for 2020. The predictive power of the model
is assessed by contrasting the actual and forecasted values for
2020, as depicted in Fig. 7. It is noticeable that the model’s
predicted values have a positive correlation with the actual
values across various spatial scales. Furthermore, since we are
using only a subset of the urban population in our sample, to
reduce the errors brought by magnitude, we draw on the
methods of ordinal utility theory and compare the differences
between the predicted ranks and the actual ranks, as shown in
Fig. 7. It is evident that the predicted ranks from the model
also show a positive correlation with the observed ranks across
all spatial scales.

Conclusions
In a rapidly expanding urban environment, residents are
experiencing both the convenience of agglomeration and its
negative externalities (Arnott, 2007; Hong et al., 2020; Peng et al.,
2017). RLC is essential not only for residents’ life satisfaction
(Campbell et al., 1976), but also for the urban spatial structure

(Næss, 2006b). Exploring RLC patterns is therefore a critical
global issue. In this context, we develop an RLC model based on
home-based travel and housing expenditure. This model aligns
with both the population-level gravity model and the individual-
level utility maximisation model. Analysing trajectory records of
over 16 million mobile phone users from Beijing and Shenzhen
across three years, we ascertain two main points: (1) residents aim
to minimise commuting time, aligning with existing research
(Guidon et al., 2019; Jang and Yi, 2021), and (2) they seek to
maximise HBNC time. The RLC model is not only robust but also
demonstrates broad applicability: (1) it suits cities with varying
urban structures and geographical features, (2) it is valid across
different spatial scales and regressions, (3) it can detect the effect
of external shock and be used for prediction.

This paper offers a novel perspective on analysing RLC
behaviour, not only incorporating individual preferences into
the RLC model but also reducing data demands and dimin-
ishing the statistical correlation between sub-modules of the
urban complex model (Anas and Liu, 2007; Waddell, 2002).
The model is capable of explaining patterns of residence choice,
as well as forcasting housing demand because of its strong
predictive performance. Furthermore, since our RLC model is
based on revealed preferences, the model can be combined with
other models based on spatial characteristics to evaluate the
efficiency of infrastructure provision and the impact of external
shocks on the jobs-housing relationship (Næss, 2006b; Næss
et al., 2019).

Although the proposed RLC model has many advantages, there
are several limitations that need to be mentioned. First and
foremost, there may be omitted variables. Our RLC model is
constructed based on residents’ travel behaviours, and it has
included factors related to the built environment that are asso-
ciated with travel. Nevertheless, it does not consider factors such
as the noise and air quality, which can influence RLCs but are less
related to travel behaviour. In future studies, these environment
variables should be better considered. Secondly, we obtained
secondary travel trajectory data rather than original call detail
records. There is no way to verify the quality of the travel
beahviour data which is essential to the test of our RLC model.
Although the same dataset has been applied in published works,
there remains the need to cross-check its reliability. While the use
of individual travel trajectory data is limited due to data security
concerns, this affects the accuracy of our analysis in the empirical
tests of our RLC model. Moreover, a binary distinction is made
between mandatory and optional travels, thereby reducing the
accuracy of using HBNC time as a proxy for amenities and
individual preferences. In addition, HBNC time was under-
estimated because of the ignorance of co-occrrences of non-work
site visits. That is, we failed to account for leisure travels made
outside homes. Future studies may attempt to justify the laws
found in this paper by identifying the different types of HBNC

Table 5 Regression results for the RLC model to capture the change in jobs-housing relationship.

Shenzhen Beijing

Commuting time −0.0373*** (−37.1862) −0.0374*** (−37.1651) −0.0187*** (−38.0311) −0.0187*** (−37.9709)
HBNC time 0.0152*** (13.0772) 0.0152*** (13.0622) 0.0046*** (7.2259) 0.0043*** (6.7304)
Housing price −1.4203*** (−33.9717) −1.3961*** (−31.8619) −0.7049*** (−36.8633) −0.6322*** (−31.1082)
Prob.t-1 0.2824*** (39.2683) 0.2825*** (38.7239) 0.2854*** (55.458) 0.2803*** (54.2488)
Control variables No Yes No Yes
Constant 13.0797*** (28.5988) 12.7433*** (26.5667) 4.8769*** (24.4585) 4.0099*** (18.5464)
R squared 0.2965 0.2989 0.1469 0.1508
Observations 14410 14410 38219 38219

*** represents significance at the 0.1% level.
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Fig. 6 The absolute value of the ratio between the coefficient of commuting time and the coefficient of HBNC time before and after the pandemic.
Graphs (a, b) test the change in the impact of home-based travel time due to the outbreak of COVID-19 in Shenzhen and Beijing, respectively. Reg_1 to
reg_7 correspond to those used in Fig. 5.

Fig. 7 The prediction results of RLC model. Graphs (a−h) are the P-P plot for predicted residential location distribution and observed residential location
distribution. Graphs (a−d) are the P-P plot for Shenzhen on grid with tiles of 250m × 250m, 500m × 500m, 1000m × 1000m and 2000m × 2000m,
respectively; Graphs (e−h) are the P-P plot for Beijing on the grid with tiles of 250m × 250m, 500m × 500m, 1000m × 1000m and 2000m × 2000m,
respectively. Graphs (i−p) are the scatter for predicted residential location rank and observed residential location rank. Graphs (i−l) are the scatter for
Shenzhen on the grid with tiles of 250m × 250m, 500m × 500m, 1000m × 1000m, and 2000m × 2000m, respectively; Graphs (m−p) are the scatter
for Beijing on grid with tiles of 250m × 250m, 500m × 500m, 1000m × 1000m and 2000m × 2000m, respectively.
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travels, which will help improve the explanatory power and
predictive ability of this model.

Data availability
The data that support the findings of this study are available from
China United Network Communications Group Co., Ltd., but
restrictions apply to the availability of these data, which were used
under license for the current study, and so are not publicly
available. Data is available upon reasonable request and with
permission of China United Network Communications Group
Co., Ltd.; Precipitation data can be accessed at https://doi.org/10.
5281/zenodo.3185722; Government guideline prices data can be
found in https://zjj.sz.gov.cn/attachment/0/749/749839/8545737.
pdf; Housing prices data can be found in https://cm.lianjia.com/;
Point of Interest (POI) data can be found in https://www.
openstreetmap.org.
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