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Abstract Inter-city mobility is one of the most important issues in the UN Sustainable Development Goals, as it is essential to
access the regional labour market, goods and services, and to constrain the spread of infectious diseases. Although the gravity
model has been proved to be an effective model to describe mobility among settlements, knowledge is still insufficient in regions
where dozens of megacities interact closely and over 100 million people reside. In addition, the existing knowledge is limited to
overall population mobility, while the difference in inter-city travel with different purposes is unexplored on such a large
geographic scale. We revisited the gravity laws of inter-city mobility using the 2.12 billion trip chains recorded by 40.48 million
mobile phone users’ trajectories in the Jing-Jin-Ji Region, which contains China’s capital Beijing. Firstly, unlike previous
studies, we found that non-commuting rather than commuting is the dominant type of inter-city mobility (89.3%). Non-
commuting travellers have a travel distance 42.3% longer than commuting travellers. Secondly, we developed more accurate
gravity models for the spatial distribution of inter-city commuting and non-commuting travel. We also found that inter-city
mobility has a hierarchical structure, as the distribution of inter-city travel volume follows Zipf’s law. In particular, the hierarchy
of non-commuting travel volume among the cities is more in line with an ideal Zipf distribution than commuting travel. Our
findings contribute to new knowledge on basic inter-city mobility laws, and they have significant applications for regional
policies on human mobility.
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1. Introduction

Amegacity region is a highly urbanised area in which dozens
of cities including megacities are located, connect, interact
and integrate. It is an advanced form of human urban set-
tlement. It is projected that there will be 43 megacities, and
68% of the world’s population will live in megacity regions

by 2050 (United Nations, 2019). Although the existing
megacity regions are mostly in Europe and North America,
Asia has contributed enormously to global urban population
growth in megacity regions in the past few decades. For
example, in China’s Jing-Jin-Ji Region, the population grew
from 69.8 million in 2008 to 111 million in 2020.
Inter-city mobility plays an important role in megacity

regions’ sustainable development. It is essential for millions
of residents to access the regional labour market, goods and
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services. Inter-city mobility is also a key issue in relation to
the spread of infectious diseases, such as COVID-19 (Gibbs
et al., 2020; Pan et al., 2020; Unwin et al., 2020). Some
important laws of human mobility have been proposed based
on the existing research. First, human trajectories show a
high degree of temporal and spatial regularity (González et
al., 2008). Each individual is characterised by a time-in-
dependent characteristic travel distance and a significant
probability of returning to a few highly frequented locations.
Second, human travel on geographical scales is an ambiva-
lent and effectively superdiffusive process (Brockmann et
al., 2006). The distribution of traveling distances usually
decays following a power law (P(r)~r−(1+β)). Third, the travel
volume of inter-city mobility follows the gravity model
(V=kOαDβ/cθ), which means the volume is positively corre-
lated with the population or economy size of the cities, but
inversely correlated with the travel costs between cities
(Zipf, 1946; Shen, 2004). Fourth, research has shown that
human mobility has a hierarchical structure (Bassolas et al.,
2019; Alessandretti et al., 2020; Bettencourt and Zünd,
2020). A hierarchical structure of mobility can exist on both
intracity and inter-city scales. The population of a city and its
rank in a size table usually follow Zipf’s law (RankγPδ=a)
(Zipf, 1940), which is also used to fix the frequencies of
individual travel destination choices (Yan et al., 2017).
However, our existing knowledge of inter-city mobility

laws needs further improvement for three reasons. Firstly, the
current conclusions are mainly drawn from large cities, while
evidence from megacity regions with more than 100 million
people and large geographics scale is scarce. Megacity re-
gion is a new form of urban space, which is a dense, urba-
nized region with multiple sizes of cities, proximately
located and functional networked, clustered around one or
two large cities (Hall, 2009). Inter-city mobility in megacity
regions is different from that in other regions in that
boundaries between urban and rural areas tend to be blurred
and that socioeconomic ties of various types are more
complex and intertwined. Many studies have found that re-
gional population size, geographical scale and distance be-
tween potential origin and destination locations are
significant factors influencing people’s travel behaviour and,
thus, inter-city mobility (Barbosa et al., 2018; Liang et al.,
2013; Noulas et al., 2012; Toch et al., 2019; Yan et al., 2013).
Therefore, there is a strong need to determine inter-city
mobility laws in megacity regions to improve our existing
inter-city mobility knowledge. Secondly, the existing laws
do not account for the diversity of travel purposes, as they are
mainly focused on commuting (Suh, 1988), while few re-
search studies have paid attention to non-commuting inter-
city travel. Non-commuting travel, which includes all travel
behaviours besides commuting, such as shopping, tourism
and medical treatment, is important for the quality of life
(Lannoo et al., 2018). Therefore, non-commuting could be a

nonnegligible part of inter-city mobility. Thirdly, the existing
evidence is mainly based on traditional data, such as travel
survey data, road traffic data, etc. These data have some
weaknesses (Ashtakala and Murthy, 1993), for instance,
collecting travel survey data is expensive, the data cannot
reveal real-time travel patterns over a long period and the
sampling rate is small. These weaknesses become more ob-
vious in a megacity region with more than 100 million re-
sidents. Big data offer advantages over conventional data
sources in terms of volume, velocity, variety and veracity
(Yaqoob et al., 2016). Several types of big data are often
used, for example, mobile phone data (Alexander et al.,
2015; Zhong et al., 2016), smartcard record data (Faroqi et
al., 2018; Medina, 2018) and social media data (Yang et al.,
2019). Mobile phone trajectory big data have the advantage
of showing real-time information on the movements of a
large population with high spatial accuracy and wide geo-
graphical coverage (Nitsche et al., 2014; Steenbruggen et al.,
2015). We use mobile phone trajectory big data to analyse
inter-city mobility patterns and reverify gravity laws of it.
The main research questions of this paper are as follows.

First, what are the differences between inter-city commuting
and inter-city non-commuting travel behaviours in the
megacity region? Second, what determines the distribution
of inter-city mobility in the megacity region? We try to op-
timise the gravity model to depict the relationship between
inter-city mobility and the regional urban system, and we
examine the gravity model’s validity for different travel
purposes. Third, does the volume of inter-city mobility have
a typical hierarchical structure? There has been wide dis-
cussion of applying Zipf’s law to the city population, but it
has rarely been examined regarding mobility. We inspect and
contrast Zipf’s law with population distribution.

2. Data and methods

2.1 Empirical datasets

The mobile phone data used in this paper came from one of
the three largest telecom companies in China. The data were
collected in the first week of June 2018 in Jing-Jin-Ji. The
company has a market share of 27% of all mobile phone users
in this region. This region has a land area of 217,000 km2 and
a population of 110.9 million. It covers 13 prefectures and
province-level municipalities, including Beijing, the capital
of China. This region covers hundreds of cities around
Beijing and is a typical megacity region in China.
Data used in this research are aggregated according to

time, space and user attributes to protect personal informa-
tion privacy. The time interval of data recording is 0.5 h, and
the spatial unit of data is a 1 km grid. Table 1 gives an
example of the mobile phone data for this research. We ex-
amined the thoroughness of the mobile phone data and cal-
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culated the proportion of mobile phone users in this data to
all mobile phone users in each administrative unit’s census
data to confirm the validity of the data.
Residential population and employed population were

calculated based on the mobile phone data. First, we traced
the individual people’s locations that are most frequently
visited during one-month period according to their trajectory
information. Second, we recognized the location where a
user stayed most on weekends and weekday night time (8:00
p.m. to 5:00 a.m.) during one-month period as his or her
place of residence. After then, we recognized the place where
he or she stayed mostly day time (5:00 a.m. to 8:00 p.m.) on
weekdays during one-month period as the place of work.
Third, we aggregated the number of residents to a geographic
unit (1 km×1 km grid) and then to a city level in terms of
their residence and working place. Fourth, we calculated a
weight of a mobile user which he or she can indicate a po-
pulation size according to the officially reported population
number (census). For example, a female mobile user from a
given geographical unit in Hengshui (Figure 1) can indicate
2.98 female population. After this step, the number of re-
sidential population calculated from mobile phone data is
consistent with the number of population reported officially.
Fifth, similarly, the number of workers of each geographic
unit or city was calculated.
We identified the trips by calculating the trajectory of

mobile phone users. A trip refers to move between two
places of stays. A stay means a user keeps in one same
location, which is positioned for more than 30 min between
two timestamps. A trip origin is the departure grid, and a trip
destination is the arrival grid. Trips between origin and
destination are aggregated as OD (Origin-Destination) flow.
In this study, we aggregated the basic geographic unit (1

km×1 km grid) to a county-level unit which is the primary
administrative unit in China’s city system (Figure 1). Inter-
city mobility is measured by trips flow between the main
urbanised area of the county. The main urbanised area refers
to the area where land use is mainly occupied by the built-up
area or urbanised grids. This can be detected by using land
use data from Landsat remote sensing image data. The ac-
qusition time of the remote sensing data is 2018. The formula
of inter-city mobility is as follows:

V o d= + , (1)
i

n

j

m

ij
j

m

ij
=1 =1 =1

where V represents the volume of inter-city travel flow be-

tween two cities; n is the number of urbanised grids in one
county-level unit; m is the number of urbanised grids in
another county-level unit; oij is the volume of travel flow
from grid i to grid j and dij is the volume of travel flows from
grid j to grid i.
In this study, residents’ travel purposes were divided into

commuting, home-based non-commuting, and non-home-
based non-commuting. The identification of residents’ travel
purposes was mainly based on the location information of
mobile phone users. According to the users’ locations, we
speculated on each user’s possible residence and workplace.
Travel behaviour between residence and workplace was
identified as commuting. Travel behaviour between re-
sidence and other places was recognised as home-based non-
commuting. Travel activities other than the above two types
were identified as non-home-based non-commuting. The
people aged over 65 are usually retired and people under 18
are usually in school. Therefore, these two groups of people
have no commuting trips for work. The users whose work
place and home place are in the same grid don’t have com-
muting trips.

2.2 Zipf’s law

For further analysis of travel volume scale distribution
characteristics, we try to verify whether traffic volume fol-
lows Zipf’s law. Zipf model is a kind of power-law dis-

Table 1 Example of original mobile phone data

Mobile Phone ID Location Cell ID Latitude Longitude Timestamp

1018566A2323B212C 3003403382115386 39.959644°N 116.097512°E 20180603123735

1018566A2323B212C 3003403474115334 39.899247°N 116.233285°E 20180603180140

1013701W8291H014S 3003403396115376 39.947195°N 116.121368°E 20180603211910

Figure 1 An example of the main urbanised areas and the county ad-
ministrative boundary. In this example, the inter-city mobility is the trips
between the urbanised area of Hengshui and Wuyi.
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tribution, which can be expressed as follows:

P aRank = , (2)

P aln(Rank) + ln( ) = ln . (3)

In the formula, a is constant. If γ=δ, the distribution follows
the standard rank-size law. If δ/γ>1, the distribution pattern
tends to be dispersed. Otherwise, if δ/γ<1, the distribution
pattern tends to be concentrated. P and Rank in the formula
usually represent the population size of a typical city and its
population size rank. For an ideal Zipf’s law, γ=δ=1 and a
equals the population of the largest city.

2.3 Gravity models

To analyse the influencing factors of inter-city travel, we
established a regression based on a gravity model. A general
gravity model is as follows:

V kO D
c= , (4)

V k O D cln = ln + ln + ln ln , (5)

where V represents the volume of inter-city travel flow be-
tween two cities; O and D the attraction of the origin city and
the destination city; c the travel cost between the two cities;
and k, α, β and θ are the coefficients to be calibrated.
Different gravity models are estimated for inter-city travel

flow (Tables 2 and 3). All variables can be divided into two
parts: the attraction of cities and the impedance between
cities. For the attraction part, we provided three options for
indicators: residential population, employed population and
GDP to test which indicator is most efficient. Residential
population and employed population were calculated based
on mobile phone data. The details of the calculation is in-
troduced in section 2.1. The data of GDP of each city are
from the statistical yearbook of China.
The impedance part consists of travel cost and job-housing

balance. For travel cost, we provided two options: Euclidean
distance and driving time. The Euclidean distance and
driving time were calculated via the Baidu Map API. We
used free-flow car-driving time at 10 am to measure driving
time. Job-housing balance is indicated by the ratio of re-
sidential population to employed population of two cities.

We estimated eight gravity models in order to confirm
which variables are more suitable to represent attraction and
travel cost (Table 3). For the attraction part of the model,
Models 1, 2 and 3 were compared to find the most efficient
indicator from residence, employees and GDP. For the travel
cost part, Models 1 and 4 were compared to find the more
efficient indicator from Euclidean distance and driving time.
Similarly, Models 2 and 5 and Models 3 and 6 were esti-
mated to find the more efficient indicator for travel cost. In
addition, Model 7 and 8 were estimated to check whether
job-housing balance is an efficient variable in the model.
Firstly, Models 4, 5 and 6 are better than Models 1, 2 and 3.

As other variables are controlled, Models 1, 2 and 3 use
Euclidean distance to indicate travel costs, while Models 4, 5
and 6 use driving time. If we compare Model 1 with Model 4,
Model 2 with Model 5, and Model 3 with Model 6, we find
that the latter ones’ adjusted R squared is higher.
Secondly, Models 4 and 5 are better than Model 6. The

effectiveness of Models 4 and 5 is almost the same, but they
are obviously better than that of Model 6. Models 4 and 5 use
population to indicate attraction. If we compare Model 6
with Models 4 and 5, we find that population is more effi-
cient than GDP. Then, if we compare Model 4 with Model 5,
we find that employment population is slightly more efficient
than residential population.
Thirdly, Models 7 and 8 are optimisations of Models 4 and

5. Models 7 and 8 have similar overall effectiveness. The
difference is that all the variables in Model 7 are significant.

3. Results

3.1 Travel purposes of inter-city mobility

Figure 2 shows the proportion of inter-city mobility by travel
purpose. For intracity travel, commuting accounts for one
fourth of total trips on weekdays. However, for inter-city
travel, commuting occupies a very small proportion of total
trips on weekdays, only 12%. Home-based non-commuting
travel, which includes the trips between living place and non-
working place, dominates inter-city travel. It accounts for
62% of inter-city trips. This situation does not vary sig-
nificantly between weekdays and weekends. The proportion

Table 2 Indicators to be tested in the model

Variable in the general
gravity model Factor Indicator of different options Abbreviation

O and D Attraction

Option 1: Residential population Popre
Option 2: Employed population Popem

Option 3: GDP GDP

c
Impedance 1: Travel cost

Option 1: Euclidean distance Costdis
Option 2: Driving time Costtime

Impedance 2: Job-housing balance Ratio of residential population to employed population JHB
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of commuting increases from 9% on weekends to 12% on
weekdays, while the proportion of non-commuting trips is
very similar on weekdays and weekends. Non-home-based
non-commuting trips, which refer to trips where neither the
place of departure nor the place of destination is a place of
residence or a place of work, account for 26.5% on average.
Interestingly, the proportion of non-home-based trips is
higher on weekends, 28%, than on weekdays, 25%.

3.2 Travel distance for inter-city mobility

We have calculated and visualised the spatial pattern of
inter-city travel volume (Figure 3a). The figure shows that
inter-city trips are mainly concentrated in the region’s cen-
tral area around the biggest city. Figure 3b shows the
average travel distance per traveller in each grid. The
average distance of inter-city travel is 64.43 km. Trips with
a distance between 30 and 50 km accounted for about
21.75% of trips. It is notable that the travel distance for
residents in urban central areas is slightly higher than that in
other areas. The travel distance for residents in mountainous
areas in the northwest region is also higher. Figure 3c shows
that there is a negative correlation between the number of
travellers and the distance between cities, which is con-
sistent with gravity models.
However, there are large differences in inter-city travel

distance for different travel purposes (Figure 4). Commuting
involves the shortest distance of the three travel purposes,
43.47 km on average. The average inter-city travel distance
for non-commuting travel is 62.24 km. Non-home-based
non-commuting travel has the longest distance, 69.59 km.
The most common distance for home-based travel, both
commuting and non-commuting, is less than 10 km, while
the most common distance for non-home-based travel is
around 50 km. This means that people are willing to travel
longer between cities for non-commuting purposes than for
commuting.
Furthermore, we investigated the relationship between

inter-city travel distance and city size (Figure 5). We found
that there is a positive correlation between travel distance

Table 3 Results of regression based on the gravity modela)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

Constant −7.158*** −5.602*** 6.841*** −4.358* −2.88 9.186*** 1.173 1.173

Standard error −2.196 −2.024 −1.42 −2.207 −2.055 −1.468 −3.366 3.366

Popre 0.764*** 0.733*** 0.690***

Standard error −0.063 −0.06 −0.062

Popem 0.756*** 0.725*** 0.690***

Standard error −0.06 −0.058 0.062

GDP 0.557*** 0.539***

Standard error −0.056 −0.052

Costdis −1.455*** −1.451*** −1.391***

Standard error −0.156 −0.153 −0.178

Costtime −1.827*** −1.816*** −1.797*** −1.802*** −1.802***

Standard error −0.177 −0.174 −0.198 −0.173 0.173

JHB −2.464** −1.774

Standard error −1.151 1.173

R squared 0.802 0.809 0.748 0.824 0.829 0.783 0.834 0.834

Adjusted R squared 0.797 0.804 0.742 0.819 0.824 0.777 0.827 0.827

a) ***p≤0.001, **p≤0.01, *p≤0.05

Figure 2 Percentage of travel purposes in different periods. The travel
purposes are identified based on the location information of mobile phone
users. Travel behaviour between residence and workplace was identified as
commuting. Travel behaviour between residence and other places was re-
cognised as home-based non-commuting. Travel behaviour other than the
above two types was identified as non-home-based non-commuting.
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and city size as a whole. If we classify these cities according
to the level of job-housing balance, we will find more in-
teresting internal differences. For cities in which the em-
ployed population is greater than the residential population,
inter-city travel distance tends to increase significantly with
the expansion of city size. These cities are mainly employ-
ment centres, including Beijing, the largest city in the region.
For these employment centres, the larger city size can attract
residents from further away to commute there. For cities with
balanced employment and living, the inter-city travel dis-
tance is also positively related to the city size. However, for

cities in which the residential population is greater than the
employment population, there is a negative correlation be-
tween inter-city travel distance and urban size, but the trend
is not significant. Most of these cities are small cities with
populations of less than 500,000. The travel distance of these
cities varies greatly, and the difference among them may be
determined by other factors.

3.3 Hierarchical structure law of inter-city mobility

Zipf’s law was established first to explain word frequency

Figure 3 Inter-city travel volume and travel distance distribution in the Jing-Jin-Ji megacity region. (a) Visualization of travel volume between county-level
cities; (b) distribution of average travel distance of travellers in each 1 km grid; (c) scatter plot of the number of inter-city travellers and the inter-city distance.
Each point represents inter-city trips between two cities.

Figure 4 Travel distances for different purposes. (a) Line plots showing cumulative frequency of different travel distances for different purposes; (b) line
plots showing the proportion of different travel distances for different purposes.
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patterns in context in the 1930s (Zipf, 1937). Zipf’s law as
applied to an urban system states that the expected popula-
tion size of a city relates to its rank in a size table (Yaqoob et
al., 2016). In this study, we use the Zipf curve to identify
whether there is a hierarchical structure of inter-city mobi-
lity. We found that the coefficient is very close to 1 (Figure
6). This means that both travel volume and city size in the
whole region basically follow Zipf’s law.
However, there are still discrepancies. The coefficient is

greater than 1 for travel volume, while smaller than 1 for
population. This reflects that the distribution of travel vo-
lume is not as centralised as the population. The results are as
follows:

Rank = 8.37 × 10
Pop , (6)pop

6

1.0434

Rank = 3.63 × 10
Mobility . (7)mobility

6

0.9835

Why does inter-city travel volume follow a more dispersed
distribution? We separately analyse 13 major cities, which
are the largest cities and administrative centres of each pre-
fecture. The goodness of fit is better when we only take into
account 13 major cities than when we take all the cities. The
relationship between travel volume and city rank among the
13 major cities follows Zipf’s law well, as shown in the
bottom half of Figure 6. However, the Zipf curve of travel
volume is much steeper than that of the general population.
The coefficients are 1.4018 and 0.6604, respectively, which
means that the degree of deviation from the standard Zipf

distribution is greater than those of all cities. This result
shows that compared with the prominent difference in po-
pulation size of these major cities, their difference in inter-
city travel volume is smaller. It proves that big cities are
mainly causing discrepancies.
We examined different travel purposes separately. The

results showed that although both commuting and non-
commuting basically follow Zipf’s law (Figure 7), the
coefficient for non-commuting travel (0.868) is lower and
further from 1 than for commuting travel (1.06). The results
are as follows:

Rank = 1.95 × 10
Commuting

, (8)commuting

5

0.868

Rank = 9.15 × 10
Non commuting

. (9)Non-commuting

6

1.0601

This reflects that the inter-city commuting hierarchy is
more concentrated than that of non-commuting travel be-
haviours. Specifically, large cities’ advantages over small
cities in inter-city commuting travel volume are greater than
that in inter-city non-commuting travel volume. Inter-city
commuting takes place far more frequently between top-
ranking cities than between low-ranking cities, while the
differences in non-commuting behaviour between top-rank-
ing cities and low-ranking cities are not so prominent. We
find that the distributions of both overall inter-city trip and
non-commuting inter-city trips are relatively close to the
standard Zipf distribution. Only the distribution of inter-city
commuting is more concentrated in larger cities.

Figure 5 Travel distance and city size. (a) Scatter plots show positive correlation of inter-city travel distance with city population size while the employed
population is not smaller than the residential population. The correlation is negative while the residential population is greater than the employed population,
but the trend is not significant. (b) The average travel distance differs between different population groups.
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3.4 Spatial distribution law for inter-city mobility

It is widely believed that spatial distribution of inter-city
mobility follows a gravity model law (Mayo et al., 1988),
which means the travel volume between two cities is posi-
tively related to their population or economic size and ne-
gatively related to travel costs between these cities.
We use mobile phone trajectory big data to estimate a

gravity model for inter-city mobility. To obtain a better
model, we use different indicators to describe the attraction
of cities and the impedance between cities in the gravity
model. For the attraction part, we use residential population,
employed population and GDP as the indicators. We do not

use these indicators at the same time, because we find that
there is serious collinearity between them through VIF
testing. By comparing the goodness of fit, we find that the
employed population is the best indicator of the attractive-
ness of cities. For the impedance part, we discovered that
driving time cost is the better indicator according to a
comparison of the goodness of fit. Therefore, the model is as
follow:

V = 0.056Pop
Cost . (10)em

0.725

time
1.816

On this basis, although the simultaneous inclusion of popu-
lation size and economic size into the model causes colli-

Figure 6 Zipf curve of inter-city travel volume and population. (a) Rank-size distribution of inter-city travel volume of each city. (b) Rank-size distribution
of city population. (c) and (d) show the rank-size distribution of travel volume and population of 13 major cities. All data are consistent with Zipf’s law which
are well approximated by a power law.

Figure 7 Zipf curve of inter-city travel volume separated by travel purposes. (a) Rank-size distribution of inter-city commuting volume of each city. The
data can be approximated by a power law with exponent −0.8682. (b) Rank-size distribution of inter-city non-commuting volume of each city. The data can
also be approximated by a power law and the exponent is −1.0601.
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nearity problems, we still want to investigate the impact of
job-housing balance on inter-city travel. We are pleasantly
surprised to find that job-housing balance is a significant
factor in inter-city travel. This indicates that the higher the
ratio of housing to a job in a city, the less the inter-city travel
volume tends to be. The optimised model is as follows:

V = 3.232Pop
Cost JHB . (11)re

0.690

time
1.802 2.464

Furthermore, we estimated gravity models for weekday
and weekend. The results show that inter-city travel on
weekdays is more affected by travel time and job-housing
balance than weekends. The optimised models are as fol-
lows:

V = 3.565Pop
Cost JHB , (12)weekday

re
0.702

time
1.834 3.035

V = 0.145Pop
Cost JHB . (13)weekend

re
0.693

time
1.705 1.416

There are also differences in the gravity model when dif-
ferent travel purposes are considered. As in the method de-
scribed above, we tested different indicators to find better
models for three kinds of inter-city travel behaviour: com-
muting, home-based non-commuting and non-home-based
non-commuting. The optimised models are as follows:

V = 62245GDP
Cost JHB , (14)commuting

0.778

time
1.923 4.450

V = 6.998Pop
Cost JHB , (15)home-based non-commuting

re
0.642

time
1.765 2.551

V = 0.012Pop
Cost . (16)non-home-based non-commuting

em
0.753

time
1.848

The three models produce effective prediction results
(Figure 8). Comparing these three models, we find several
differences among them. Firstly, for these three travel pur-
poses, different indicators are appropriate to represent the
attraction of cities in gravity models. The best indicator for
the attraction of inter-city commuting is GDP, while the best
indicator for attraction of inter-city non-commuting is po-
pulation. In non-commuting, the attraction of home-based
travel is a better representation residential population, while
that of non-home-based travel is indicated more accurately
by the employed population. Secondly, job-housing balance
is a significant indicator for home-based travel, both com-
muting and non-commuting, while it is not a significant in-
dicator for non-home-based travel. In home-based travel,
job-housing balance has a greater impact on commuting than
on non-commuting.

4. Discussion and conclusions

Human beings are ushering in an urban age (Angel et al.,
2011). Megacity regions, where many megacities interact
closely and over 100 million people reside, are becoming one

Figure 8 Prediction of inter-city travel volume based on the gravity model. (a)–(c) respectively shows the predicted value and true value of inter-city travel
volume for different purposes, including commuting, home-based non-commuting and non-home based non-commuting.
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of the primary forms of human settlement (United Nations,
2019). We contribute a new understanding of the gravity
laws of inter-city mobility in a megacity region by examining
40.48 million travellers’ trajectories recorded by mobile
phones. A number of eight gravity models were measured by
testing different key variables including population, em-
ployment, GDP, and travel times. The differences between
different travel purposes and travel time periods were also
analysed.
Firstly, non-commuting travel, rather than commuting, is

the primary type of inter-city travel in this megacity region.
In large regions, commuting behaviour between cities has
received much more attention than non-commuting travel
(Lehmer and Möller, 2008; Frederick and Gilderbloom,
2018). It was found that more satisfying jobs or housing in
different cities leads to inter-city travel in megacity regions
(Hanson and Pratt, 1992; Clark and Dieleman, 1996). But
our analysis of the results shows that non-commuting oc-
cupies the major proportion of inter-city travel in the Jing-
Jin-Ji megacity region. We also found that non-commuting
travellers have a travel distance that is 42.3% longer than
commuting travellers. In addition, people in large cities have
a higher proportion of non-commuting trips and longer travel
distances than those who live in small cities.
Secondly, when it comes to city size, there is a hierarchical

structure rule of inter-city mobility, namely, the distribution
of both the city size and its travel volume follows Zipf’s law.
It has been reported that the travel radius of mobility follows
a power law from an aggregated perspective (Alessandretti et
al., 2020). According to our findings, the distribution of in-
ter-city travel volume is relatively more dispersed than that
of the population. Previous studies reported that the overall
exponent of Zipf’s law in different countries is usually close
to 1 (Heppenstall et al., 2011). However, if cities are divided
into several parts according to size, the exponents of the best-
fit power law that describes each part tend to be different.
In addition, our research was the first to observe the dif-

ferences in Zipf’s law for commuting and non-commuting
travel. We ascertained the difference in their exponents and
confirmed that the exponent of Zipf’s law for commuting is
smaller than that for non-commuting. This shows that the
larger the city size, the more likely inter-city commuting is to
occur, and this possibility is growing faster than that of non-
commuting.
Thirdly, the spatial distribution of inter-city trips for dif-

ferent purposes follows different forms of gravity models. It
is widely believed that trips between different geographical
locations within one city follow the gravity model (Erlander
and Stewart, 1990). How about trips between different cities
in a megacity region? Our findings provide an answer for this
question. We found that a hybrid model integrating both
population and job-housing balance variable is more effi-
cient than a model that only includes population or GDP,

since the hybrid model can give a more accurate travel vo-
lume prediction. Commuting and non-commuting inter-city
trips suit different gravity models. One of the major reasons
why the models are slightly different is that different travel
purposes represent different travel behaviour and social-
economical mechanisms. The occurrence of commuting is
closely related to the job market and the housing market.
GDP reflects the economic volume of a city, thus reflecting
the size and attractiveness of its job market. Job-housing
balance affects whether all residents can find jobs locally and
then affects the possibility of inter-city commuting. Oppo-
sitely, non-commuting travel purposes are more extensive.
The difference in public service facilities in each city is not
as big as that in the levels of economic development, so the
supply of urban public service facilities is more closely re-
lated to the size of the urban population, which makes the
residential population a better variable to indicate attraction
in the model. Non-home-based travel mainly includes busi-
ness trips, so the employed population is a better source to
indicate attraction.
Fourthly, big-data analytics have a high value when ex-

amining inter-city trips in a megacity region with a large
geographical scale and millions of residents. It is worthy of
wide application. Compared with the travel survey, mobile
phone trajectory big data gives more accurate and complete
travel chains at a lower human and financial cost. The base
station can obtain the location of the user in real time, so all
the location information of the user can be captured to form
complete travel chains. Therefore, the influence of residents’
memory errors in travel survey is avoided. At the same time,
this location acquisition technology is consistent on a large
geographical scale, as it is run by the same operator, which
avoids any inconsistency of standards in manual investiga-
tion. We also need to recognise that big data is a double-
edged sword, and that privacy protection is an issue that
needs attention in future big-data applications. In this study,
the user’s trips are aggregated on the grid, so the user’s
personal information is not involved, which complies with
the principle of privacy protection.
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