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Abstract: Population mobility between cities significantly affects traffic congestion, disease spread,
and societal well-being. As globalization and urbanization accelerate, understanding the dynamics
of population mobility becomes increasingly important. Traditional population migration models
reveal the factors influencing migration, while machine learning methods provide effective tools for
creating data-driven models to handle the nonlinear relationships between origin and destination
characteristics and migration. To deepen the understanding of population mobility issues, this study
presents GraviGBM, an expandable population mobility simulation model that combines the gravity
model with machine learning, significantly enhancing simulation accuracy. By employing SHAPs
(SHapley Additive exPlanations), we interpret the modeling results and explore the relationship
between urban characteristics and population migration. Additionally, this study includes a case
analysis of COVID-19, extending the model’s application during public health emergencies and
evaluating the contribution of model variables in this context. The results show that GraviGBM
performs exceptionally well in simulating inter-city population migration, with an RMSE of 4.28, far
lower than the RMSE of the gravity model (45.32). This research indicates that distance emerged as
the primary factor affecting mobility before the pandemic, with economic factors and population also
playing significant roles. During the pandemic, distance remained dominant, but the significance of
short distances gained importance. Pandemic-related indicators became prominent, while economics,
population density, and transportation substantially lost their influence. A city-to-city flow analysis
shows that when population sizes are comparable, economic factors prevail, but when economic
profiles match, living conditions dictate migration. During the pandemic, residents from hard-
hit areas moved to more distant cities, seeking normalcy. This research offers a comprehensive
perspective on population mobility, yielding valuable insights for future urban planning, pandemic
response, and decision-making processes.

Keywords: urban mobility; COVID-19; geospatial data; data-driven algorithms; lightGBM

1. Introduction

As the region where the majority of the world’s population resides, cities exhibit high
levels of population and economic activity, influencing the direction of people’s mobility,
modes of interaction, and the nature of social and entertainment activities [1–5]. People
gather in cities, creating a wide range of social and economic interactions while also migrat-
ing between cities, which facilitates the dissemination of knowledge and creativity [6–9].
In recent years, research on human mobility has garnered extensive attention and inter-
est [10–12], covering various topics. These topics include the exploration of population
mobility patterns within cities [13–15], rural-to-urban migration [3,16], international mi-
gration influenced by natural and political-economic factors [17–20], predictions of traffic
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and human flow [21–23], and the bidirectional relationship between virus and population
mobility in the context of COVID-19 [10,24–26]. All of these domains benefit from theories
and methods that model population mobility. Population movement, transportation issues,
and virus transmission are fundamentally processes of mobility, where the quantities of
interest, such as populations, modes of transportation, and pathogens, change in a spatial
distribution. Therefore, a profound understanding and accurate description of spatial
mobility characteristics contribute to our understanding of urban resilience, sustainability,
and safety, ultimately promoting the continued development of urban spaces [27,28].

Population mobility models elucidate and expound on migration across regions, urban
areas, or nations. Researchers use mathematical and statistical methods to understand why
people migrate, what influences migration, and its socio-economic impacts on both origin
and destination in traditional models [11,29]. Three major theoretical frameworks emerged
in the 20th century. The gravity model, introduced by Alexander von Humboldt in the
early 19th century, suggests that migration (M) is proportional to the populations (P1 and
P2) of two regions and inversely proportional to the distance (D) between them, expressed
as M = k(P1×P2)

D2 , where k is a scaling constant [30–32]. The radiation model, proposed by
Brian J.L. Berry in the 1950s, explains urban population movement, emphasizing the attrac-
tiveness of urban centers and inter-city distances [33,34]. The intervening opportunities
model, advanced by Erving Goffman in the 1950s, focuses on individual decision-making,
suggesting that people may change their migration plans based on encountered opportuni-
ties [35].

Traditional population migration models, such as the gravity model, describe the gen-
eral patterns of population migration, but their representations are constrained by linear
assumptions. Advancements in artificial intelligence (AI) have introduced data-driven
methods like machine learning and neural networks into population migration research,
which can handle complex nonlinear relationships and high-dimensional data. Consid-
ering population mobility as a spatial interaction between origin supply and destination
demand, these methods offer higher predictive accuracy [36]. Robinson and Dilkina [37]
used machine learning to predict migration trends, addressing data imbalance and hy-
perparameter optimization. Azizi and Yektansani [38] compared eight models for illegal
immigration prediction. Carammia et al. [39] combined traditional data with social media
for refugee predictions. Giang et al. [40] found backpropagation neural networks most
accurate for labor migration. Best et al. [41] used random forests for migration decisions
in Bangladesh. Deep learning models, especially LSTM (Long Short-Term Memory) and
GNN (Graph Neural Network), have shown strong capabilities in handling time series
and spatial data, as demonstrated by Golenvaux [42] and Terroso-Sáenz [43]. Wang and
Chen [44] developed a dual gravity model for predicting passenger flows. Golenvaux
et al. used long short-term memory networks (LSTM) with Google Trends data to pre-
dict international migration, showing that the LSTM approach significantly outperformed
standard artificial neural networks and traditional gravity models [42]. Terroso-Sáenz and
Muñoz employed graph neural networks (GNN) to account for potential relationships
between large geographic areas, validating their approach with nationwide mobility data
and current weather conditions in Spain [43]. Their model combined graph convolutional
layers and LSTM layers to achieve highly accurate mobility flow predictions. Simini pro-
posed a Deep Gravity model by integrating deep learning with traditional gravity models,
which proved to be advantageous in capturing complex mobility patterns and enhancing
predictive accuracy [15]. Wang and Chen designed a dual gravity model to describe and
predict railway and highway passenger flows, enabling predictions even with incomplete
data [44].

LightGBM is an efficient gradient-boosting decision tree method widely used in
regression and classification tasks, being particularly suitable for large-scale datasets [45].
Although lightGBM has not yet been applied to modeling inter-city population migration,
its advantages in handling nonlinear relationships and capturing feature interactions have
been well established [29,46]. In this study, we employ lightGBM to simulate inter-city
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population migration, aiming to construct a nonlinear framework that elucidates the
complex relationship between urban characteristics and population migration.

AI-driven methods have significant advantages in handling large-scale data, capturing
complex nonlinear relationships and improving predictive capabilities, whereas traditional
models offer theoretical explanatory power and stability [47]. Integrating multi-source data
and various modeling approaches can more comprehensively and accurately reflect the
dynamic changes in population migration. We devised a GraviGBM model which builds
upon the gravity model and incorporates multi-source geographical data as inputs. This
model takes into account geographical variables from five dimensions: land-use areas,
public facilities, economic development, population, and epidemic data. We trained a
lightGBM model using this comprehensive dataset. The GraviGBM model, once trained,
was utilized to estimate population flows between cities in China. Analyzing the decision-
making process of the model provides a systematic explanation for the factors driving
population mobility. This machine learning integration with the gravity model allows for
the direct simulation of population movements between cities without being constrained
by coarse grid limitations. This model’s structure offers a higher spatial resolution in its
simulation capabilities compared to the Deep Gravity model [15]. The GraviGBM model
offers enhanced geographical interpretability and is particularly well suited for specific
applications in urban planning. Its utility extends to the direct formulation of policies in
areas such as transportation, housing, and infrastructure, making it a valuable tool for
decision-makers in these domains.

The outbreak of COVID-19 represents a significant global public health event that
profoundly impacted people’s travel patterns [10,26,48]. Many researchers have dedicated
their efforts to investigating how COVID-19 has influenced travel behavior and patterns.
This unexpected event offers a unique window for studying the changes in population
mobility patterns induced by major public health crises [49–52]. In our model, we incor-
porate COVID-19-related indicators to extend the application of the model in the context
of such major health emergencies, exploring the changes in migration patterns during the
pandemic.

To gain deeper insights into the decision-making processes behind travel and the
specific reasons for predictions, we employed the SHAP value method for further inter-
pretation of the GraviGBM model. This method allows us to reveal the key variables
influencing overall mobility, as well as the geographic characteristics affecting individual
flow samples between specific origins and destinations [53–56]. Additionally, the applica-
tion of SHAPs provides a systematic perspective for understanding the broader impacts
of health crises on social and economic systems by elucidating the structural changes in
population mobility models before and after the pandemic.

Addressing the systematic modeling of collective population mobility generation
and providing a comprehensive explanation of the underlying reasons, this study aims to
conduct the following:

(1) Development of the GraviGBM Model: Construct an innovative GraviGBM model
to simulate intercity population migration, providing an extensible framework for analyz-
ing population flows. (2) Variable analysis based on SHAP values: Utilize SHAP methods
to explore the relationship between urban characteristics and population migration, re-
vealing the key variables influencing migration decisions. (3) Impact factor changes under
COVID-19: Extend the GraviGBM model to analyze the effects of the COVID-19 pandemic
on population migration factors, assessing changes in the contribution of model variables
during public health emergencies. The research outcomes contribute to a deeper under-
standing of population mobility behavior, assisting governments and urban planners in
improving urban planning and resource allocation, optimizing transportation networks,
and enhancing urban sustainability. Additionally, they help to identify behavioral changes
during health crises and the effectiveness of response strategies. This knowledge can be
applied in future health events, natural disasters, emergencies, and crisis situations to
ensure the equitable distribution of resources.
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2. Data and Methods

The methodological framework of this study can be roughly divided into two parts
(Figure 1). The first part involves constructing a model for population flows between
Chinese cities using GraviGBM. City geographic features, distances between cities, and
epidemic indicators are used as input features for the model. The gravity model and
Single-Feature GraviGBM serve as baseline models to evaluate the performance of the
GraviGBM model. The second part of the study builds upon the model constructed in
the first part and utilizes Shapley Additive Explanations (SHAP) to analyze the factors
influencing population flows between cities before and after the COVID-19 pandemic.
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2.1. Data Sources
2.1.1. Mobility Flows

The human mobility data utilized in this study is publicly accessible via the Gaode
Transportation Big Data Platform [57]. This dataset leverages individuals’ location infor-
mation to capture the migration trajectory of the population, providing valuable insights
into urban population dynamics, urban infrastructure, crowd behavior, and other relevant
factors. The Gaode mobility estimates are derived from an extensive volume of data, includ-
ing over 120 billion location-based service (LBS) inquiries daily from more than 1.1 billion
mobile devices, and encompassing more than 1.5 billion points of interest (POI).

While the Gaode mobility data does not directly disclose specific population flow
figures, it offers two relative indicators: the migration scale index and the in/out migration
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index. The migration scale index represents the overall intensity of population movement
for a given city and reflects the total volume of in- and out-migration for that city within
the dataset. It is a single value calculated daily for each city, offering a comparative
view of migration levels across multiple cities. On the other hand, the in/out migration
index measures the direction and magnitude of population movement between city pairs,
reflecting the net flow of people entering or leaving a city. Depending on whether the
focus is on total migration or migration flows between specific city pairs, the migration
scale index and the in/out migration index reflect the migration volume at the city level or
between city pairs, respectively. Although the specific algorithm used to compute these
indexes has not been disclosed by Gaode, the indexes are known to correlate positively
with actual migration volumes. The collection window for the in/out migration index
is set at 8 h, allowing for the determination of origin–destination flows between pairs of
prefectures. This index has been utilized to construct a city relation matrix, wherein the
magnitude of the inter-city migration index reflects the intensity of population movement.

This study utilizes the in/out migration indexes from 2019 and 2020, covering all
prefecture-level and higher-level cities across China, excluding Hong Kong, Macau, and
Taiwan. Prior to data utilization, a meticulous examination was conducted, leading to
the exclusion of cities with missing data. The final dataset comprises inter-city mobility
information for 295 city pairs.

2.1.2. City Features

This study selected 15 indicators as urban geographic features, derived from Open-
StreetMap (OSM) [58] and statistical yearbooks. Eight features (residential, commercial,
industrial, natural areas and number of transport, food, health, education, and retail facili-
ties), encompassing the origin and destination characteristics of population migration flows,
were computed using OpenStreetMap (OSM) data, while the remaining six features (GDP,
per capita GDP, GDP growth rate, natural population growth rate, population density, and
population size) were obtained from statistical yearbooks [59]. All geographic features
used in the following sections of this study are derived from the sources mentioned above.

2.1.3. COVID-19 Dashboard

The data of daily confirmed incidence comes from the COVID-19 dashboard pro-
vided by DXY.cn, which provides near-real-time data collected from government press
releases [60]. We selected four key COVID-19 indicators: confirmed counts, suspected
counts, death counts, and cured counts. The specific definitions of these indicators are
provided in Table 2.

Furthermore, we opted to use the Stringency index from the Oxford COVID-19 Gov-
ernment Response Tracker (OxCGRT) as a policy factor to gauge the severity of travel
restrictions or social distancing measures in different regions [61]. This index provides a
measure of the government’s responsiveness across a range of indicators, encompassing
containment and closure policies, which are sometimes referred to as lockdown policies.

To assess the potential multicollinearity among the selected indicators—confirmed
counts, suspected counts, death counts, cured counts, and the Stringency index—we
conducted a multicollinearity check. The results indicate that both suspected counts
and cured counts exhibited multicollinearity issues, while confirmed counts, suspected
counts, and the Stringency index passed the multicollinearity check, with Variance Inflation
Factors (VIFs) below 5, specifically: confirmed counts (VIF = 1.0139), suspected counts
(VIF = 1.0134), and the Stringency index (VIF = 1.0274).

2.2. Research Area

This study focuses on modeling intercity population migration, selecting 295 major
prefecture-level cities in mainland China as research cases. The dataset used in the model
consists of the characteristics of these 295 cities and the migration indices between each
pair of cities. The geographical distribution of the case cities and examples of intercity
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migration are shown in Figure 2. Different color dots are used solely to visually distinguish
key cities, with no data-related significance attributed to color.
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2.3. Light Gradient-Boosting Machine

LightGBM is an advanced algorithm developed within the Gradient-Boosting Decision
Tree (GBDT) framework, first introduced by Microsoft Research Asia in 2017 [62]. It incor-
porates several optimizations over traditional GBDT methods, including a histogram-based
decision tree algorithm, Gradient-based One-Side Sampling (GOSS), Exclusive Feature
Bundling (EFB), and a leaf-wise tree growth strategy with depth constraints [63]. The
histogram-based approach discretizes continuous floating-point feature values into K inte-
ger values, constructing a histogram that facilitates efficient statistical aggregation during
data traversal. Following this process, the optimal split point is determined based on
the aggregated statistical metrics [64]. Furthermore, lightGBM’s leaf-wise optimization
selects the leaf node with the maximum gain for splitting (Figure 3), iteratively enhancing
accuracy compared to the conventional level-wise tree growth strategy found in many
GBDT algorithms [65]. To mitigate overfitting and prevent excessively deep trees, light-
GBM incorporates a maximum depth restriction, ensuring both efficiency and robustness
in handling large-scale distributed datasets.
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2.4. Derivation of GraviGBM

GraviGBM is derived from a state-of-the-art model of flow generation known as
the gravity model [15]. Building upon the fundamental principles of the gravity model,
we employ the Light Gradient-Boosting Machine (lightGBM) model to better capture
the nonlinear relationship between population, distance, and migration, as well as to
incorporate additional geographic features to naturally extend the gravity model.

The gravity model serves as the theoretical foundation for GraviGBM. In fact, the
gravity model is considered to be the state-of-the-art model for generating flows [11,66,67]
and is preferred over a null model where flows are randomly distributed across the edges of
the mobility network. Assuming a certain type of relationship, these ideas can be extended
in a broader context:

Tij = Kmimj f (rij) (1)

where Tij represents the expected number of trips from location i to location j. K is a
constant; the masses mi and mj correspond to the number of trips leaving location i or
attracted to location j. The function f (rij), referred to as a “friction factor” or “deterrence
function”, is a decreasing function of the distance rij.

In the original gravity model and its subsequent improved versions, masses are
typically functions of population, but this relationship is not necessarily linear. As the
gravity model has evolved, other factors such as economic indicators represented by per
capita GDP have also been considered [66,68]. Friction factors can be modeled using a
variety of approaches, including power laws, exponential forms, or even combinations
of both, as illustrated in Equation (2). However, the optimal expression of this formula
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may vary depending on the purpose of the trip, the spatial intensity of travel locations,
and the mode of transportation [69]. In different application scenarios, a single distance
factor may not be sufficient to quantitatively capture the variations in travel costs between
the origin and destination. Consequently, the attributes of the two locations can provide a
better description of the direction and magnitude of flow between them.

f (rij) = αr−β
ij e−rij/rc (2)

In the context of modeling long-term population flows between cities, it is evident that
apart from the distance factor, the natural, economic, and other geographic features of the
two cities play a crucial role as variables in the friction coefficient. Therefore, we adopt the
principles of the gravity model and interpret the flow problem between the two cities as a
regression problem. By inputting the population of the two locations, the distance between
them, and other factors that influence population flows, we utilize lightGBM to capture
the complex nonlinear relationship between population, friction coefficients, and flow. The
model outputs simulated flows between the origin and destination, providing insights into
the population movement between the two cities.

2.5. Architecture of GraviGBM

The procedure for estimating the flow p(li, lj) between locations li and lj using the ex-
tended gravity model GraviGBM can be divided into three detailed steps (Figure 4). Firstly,
we construct input vectors x(li, lj) = concat

[
xi, xj, ri,j

]
for j = 1, . . . , n by concatenating

the following input features: xi, which includes characteristics such as population density
and economic indicators of the origin location li; xj, which includes similar features for
the destination lj; and the calculated Euclidean distance ri,j representing the shortest path
between the two locations.

Secondly, for each origin li, we generate n input vectors x(li, lj), where each vector
corresponds to a potential destination within the region of interest. The feature vectors
x(li, lj) and their associated labels y(li, lj) are then fed into the lightGBM model.

Finally, the entire dataset is employed in the training phase, utilizing lightGBM to
transform the problem into a regression task that establishes the relationship between the
features of the origin x(li, lj) and destination cities y(li, lj) and the migration flow. In each
boosting iteration, lightGBM sequentially builds decision trees. The construction of each
tree involves fitting the residuals based on the predictions of the previous tree using the
gradient descent algorithm. Each layer is optimized and enhanced based on the previous
layers. The splitting of each node is determined by maximizing information gain or Gini
impurity. Through iterative learning across multiple layers, the model’s performance and
predictive ability are gradually improved, resulting in an optimal model structure. The
final model directly outputs the predicted flow p(li, lj) from i to j. This predicted flow,
similar to the input labels, possesses a clear direction.

In addition to the city features (Table 1) and epidemic indicators (Table 2), the Grav-
iGBM model incorporates the Euclidean distance between two locations as an additional
input feature. The Euclidean distance represents the shortest path between two points
in three-dimensional space. Therefore, in the absence of an epidemic, each flow in the
GraviGBM model is described by 29 features (14 geographical features for the origin, 14 geo-
graphical features for the destination, and the distance between them). During an epidemic,
the input features increase to 35, with an additional 3 epidemic indicators (confirmed
counts, suspected counts, stringency index) for both the origin and destination.
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Table 1. Descriptions of geographic features in origin and destination cities.

Dimension Indicator Description

Land-use areas

Residential
Total area (in km2) for each possible

land-use class
Commercial

Industrial
Natural

Public
facilities

Transport
Total count of Points of Interest (POIs)

related to each possible transport facility,
e.g., bus/train station, bus stop, car parking

Food Total count of POIs related to food facilities,
e.g., bar, cafe, restaurant

Health Total count of POIs related to health
facilities, e.g., clinic, hospital, pharmacy

Education Total count of POIs related to education
facilities, e.g., school, college, kindergarten

Retail
Total count of POIs related to retail

facilities, e.g., supermarket, department
store, mall

Economic
development

GDP
Total monetary value of all finished goods
and services produced within a country’s

borders over an annual basis
Per Capita GDP Average economic output per person

GDP growth rate Percentage change in GDP over an
annual basis

Population

Natural population
growth rate

rate (in percentage) at which a population
grows or declines over an annual basis

Population density Number of individuals per unit area in
a city

Population size Total number of individuals residing in
a city

Table 2. Indicators for assessing COVID-19.

Dimension Indicator Description

Pandemic

Confirmed counts Total number of individuals officially diagnosed
with COVID-19 through testing

Suspected counts
Total number of individuals showing COVID-19

symptoms or potential exposure under
investigation, but not yet confirmed cases

Stringency index

A numerical scale measuring the strictness of
government policies in response to COVID-19,

ranging from 0 to 100, where higher values
indicate more stringent measures such as

lockdowns, travel bans, and social distancing
regulations

Considering the similarity in form between GraviGBM and the gravity model, we use
the latter as a baseline to evaluate the predictive performance of GraviGBM. Furthermore,
we consider a simplified version of the GraviGBM model called the single Feature Grav-
iGBM model (SFGraviGBM) to assess the impact of complex geographical features on the
gains provided by the gravity model. SFGraviGBM also employs the lightGBM model, but
retains the input features of the gravity model, consisting solely of population size and the
distance between cities.

To evaluate the model’s performance across different geographical regions, provide
insights into its generalization capabilities, and ensure robustness across various scenarios,
we implemented spatial cross-validation. We divided the dataset into three regions based
on geographic location: the West, Central, and East. However, this division resulted in
the loss of some label data due to interregional migration, such as migration from western
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cities to central cities. Nevertheless, this division was solely for the purpose of spatial
cross-validation. In the final modeling and simulation stage, we used the entire dataset.

The spatial cross-validation process consists of three rounds:

• Round 1:

Training set: Central + West
Test set: East

• Round 2:

Training set: East + West
Test set: Central

• Round 3:

Training set: East + Central
Test set: West
In the final model training phase, the characteristics of city pairs (origin–destination)

within the study area are used as input features, while the population migration flow
from the origin to the destination, represented by the Gaode migration index, serves
as the label for simulation. The root mean square error (RMSE), mean absolute error
(MAE), and coefficient of determination (R2) are selected as performance evaluation metrics.
RMSE measures the difference between the predicted and actual values, and is calculated
as follows:

RMSE =

√
1
n

n

∑
i=1

(yi −>yi)
2

where yi represents the actual values, >yi represents the predicted values, and n is the
number of observations. The role of RMSE is to quantify the accuracy of the model’s
predictions, with a lower RMSE indicating better predictive performance.

The advantage of MAE is its lower sensitivity to outliers, providing an additional
perspective for evaluating predictive performance. MAE also evaluates prediction accuracy
and is computed as:

MAE =
1
n

n

∑
i=1

|yi −>yi|

R2 quantifies the model’s ability to fit the observed flow, and is calculated as:

R² = 1 − ∑n
i=1 (yi −>yi)

2

∑n
i=1 (yi − y)2

GraviGBM adopts a non-traditional machine learning approach that focuses on cal-
culating intercity migration flows based on the characteristics of both the origin and
destination cities. Unlike conventional supervised learning methods that rely on labeled
data representing individual features, our dataset is constructed using city pairs (origin–
destination), with each record reflecting the migration flow between cities. This design
means that the model’s input depends on the features of both city pairs rather than individ-
ual city attributes. By leveraging the structure of lightGBM, the model effectively captures
the relationship between city pair characteristics and migration flows, thereby uncovering
the underlying drivers of intercity migration.

2.6. SHAP

SHAP (Shapley Additive exPlanation) is an explainable machine learning model
inspired by the Shapley value that can provide explanations for the output of machine
learning models [70]. The Shapley value originates from coalition game theory and was
introduced by Shapley in 1953 [71]. Its core idea is to compute the marginal contribution
of each feature to the model’s output. For each predicted sample, the model generates a
prediction value and the assigned value to each feature in that sample is the SHAP value.
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This contribution is calculated by weighting and summing all of the possible combinations
of feature values. We employ SHAP values to provide both global and local interpretability
for GraviGBM. For global interpretation, we utilize collective SHAP values to explain the
magnitude of the positive and negative effects of prediction factors (geographic variables,
distance, population, epidemic indicators) on predictions. For local interpretation, we
utilize single-sample analysis (specific population migration flow) to observe the positive
and negative effects of prediction factors in specific predictions and their variations.

ϕj(val) = ∑
S⊆{x1,··· ,xp}∖{xj}

|S|!(p − |S| − 1)!
p!

(val(S ∪ {xj})− val(S)) (3)

where S ⊆ {x1, · · · , xp}∖ {xj} represents all subsets of the feature set {x1, · · · , xp} exclud-
ing feature xj; |S| is the number of features in subset S; val(S ∪ {xj}) denotes the predicted
value when feature xj is included in subset S; val(S) is the predicted value based only on
the features in subset S; and p is the total number of features. The notation n! (factorial)
indicates the product of all positive integers up to n and is used here to calculate the number
of ways to arrange the features. This formula calculates the Shapley value ϕj(val), which
represents the average marginal contribution of feature xj across all possible subsets S. The
sum of all SHAP values corresponds to the total difference between the model’s actual
prediction and the average prediction when no features are included.

We employed SHAP values to provide both global and local interpretability for Grav-
iGBM. In the first scenario, we used collective SHAP values to explain the magnitude of
the positive and negative effects of the predictive factors (geographical variables, distance,
population, epidemic indicators) on the predictions. In the latter scenario, we utilized
single-sample SHAP values to observe the positive and negative effects, as well as their
variations, of predictive factors in specific predictions, focusing on a particular population
migration flow.

3. Results
3.1. Modeling Population Mobility

We first conducted spatial cross-validation before training on the entire dataset. The
dataset was divided into three regions—Western, Eastern, and Central—and three rounds
of cross-validation were performed. Overall, GraviGBM performed well in the cross-
validation, with results from each round (Table 3) indicating the model’s effectiveness and
robustness. Specifically, the generalization performance of the Central and Western datasets
to the Eastern dataset was notably low, while the inclusion of the Eastern dataset in training
significantly enhanced the model’s overall generalization ability. The final average results
demonstrate that the model has strong generalization capacity across different regions and
can effectively adapt to the characteristic differences among these areas.

Table 3. Results of spatial cross-validation.

RMSE MAE R2

Round 1 6.8991 0.5701 0.5800
Round 2 1.6189 0.2165 0.8225
Round 3 1.6189 0.1734 0.9075

Mean 3.23 0.32 0.77

After completing the spatial cross-validation, we employed the GraviGBM model
framework to train a population migration model. The input features include the character-
istics of both the origin and destination cities, as well as the distance between them, while
the label is defined as the migration index from the origin to the destination city. The goal
of this model is to establish the relationship between urban characteristics and inter-city
population migration, revealing the underlying logic of population movement. We utilized
the entire dataset, comprising 86,730 records that capture all population migrations among
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295 cities in China for the year 2019 to train the model and evaluate its simulation capabili-
ties. This comprehensive dataset allows us to gain a deeper understanding of the intrinsic
relationship between urban characteristics and population migration.

We employed the GraviGBM model framework using city features and distances
between cities as input features, and the Gaode Mobility Index as the label, to construct a
population flow model at the city level in China for the year 2019. This dataset comprised
86,730 records, representing the movement of people among 295 cities in China. To ensure
a robust model evaluation, 80% of these data were used for training the model, while the
remaining 20% was used for testing.

The gravity model, serving as the theoretical foundation for GraviGBM, is used as a
baseline model to evaluate the improvement of the tree structure of lightGBM in capturing
the complex nonlinear relationships involved in simulating population flows between cities.
The Single Feature GraviGBM model (SFGraviGBM), as a baseline model, investigates
the importance of complex geographical features beyond population and distance in
constructing the population flow model.

Figure 5 and Table 4 illustrate the performance of the GraviGBM model and the
baseline model. From the results, it is evident that GraviGBM achieves an RMSE of
2.98, accurately simulating both high and low values of population flow between cities
and providing a comparison of population flow indices between different city pairs. Its
performance significantly surpasses that of the gravity model (RMSE = 6.73), which, while
able to describe the existence of population flows between cities, struggles to accurately
estimate the actual volume of these flows. The performance of SFGraviGBM falls between
the two models (RMSE = 5.33).

Table 4. Model performance.

Model RMSE MAE R2

GraviGBM 2.98 0.29 0.80
SFGraviGBM 5.33 0.45 0.37

Gravity 9.48 1.64 0.20

3.2. Factors Influencing Population Mobility Before the COVID-19 Pandemic

Shapley Additive Explanations (SHAPs) are employed to explain the impact of each
input feature on the predictive performance of GraviGBM. The Shapley value of a feature
represents its positive or negative effect, as well as its magnitude on the model’s predic-
tions. We utilized SHAPs to provide global explanations of intercity population flows in
China before the COVID-19 pandemic (Figures 6 and 7). Additionally, we selected four
sets of typical flows (Figures 8 and 9) to analyze and compare the diverse and complex
factors influencing population movements in different scenarios. The features are arranged
vertically on the y-axis according to their correlation, with higher correlations placed higher
on the axis. The left side of the y-axis represents the values of the features (standardization
has been applied to factors unrelated to the pandemic). The bar lengths represent the
contributions of each feature to the model. The positive and negative contributions of the
features, along with the average predicted value E[f(x)] of the model, collectively determine
the final predicted value of the flow between a specific origin–destination pair.
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Figure 5. Real flows versus generated flows. (a) Visualization of the mobility network describing
the observed flows. (b) The flows generated using GraviGBM. (c) The flows generated using the
gravity model. (d) The flow generated using Single Feature GraviGBM. The gradient from yellow to
red indicates the population mobility index increasing from 0 to 728. The root mean squared error
(RMSE) reflects the accuracy of the estimated values.
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Figure 6. Explanation of GraviGBM before and during the COVID-19 pandemic. The features
are displayed along the vertical axis, arranged in descending order of relevance, with the most
significant ones at the top and the least significant ones at the bottom. Each data point represents
a source-destination pair, where blue dots indicate pairs with lower feature values and red dots
represent pairs with higher feature values. (a) Distribution of Shapely values for top ten features in
GraviGBM for 2019. (b) Distribution of Shapely values for top twenty features in GraviGBM for 2020.
(c) Distribution of Shapely values for top ten features in GraviGBM for March 2020.
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Figure 7. Feature importance bar chart for GraviGBM with SHAP. (a) Feature importance for top ten
features in GraviGBM for 2019. (b) Feature importance for top twenty features in GraviGBM for 2020.
(c) Feature importance for top ten features in GraviGBM for March 2020.
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Figure 8. Explanation of generated flows before the COVID-19 pandemic. (a) Geographic posi-
tions, population, and distance between Benxi, Urumqi, and Zhuhai. Benxi (1.45 million) and
Zhuhai (1.3 million) have the similar population. Urumqi (CNY 341.3256 million) and Zhuhai
(CNY 344.423 billion) have the similar GDP values. (b,c) SHAP values for the flow from Benxi to
Zhuhai and from Urumqi to Anhui during 2019.

From the global model analysis of population flows between Chinese cities in 2019,
it is observed that, consistent with the classical gravity model, the most significant factor
influencing population flows is distance, with its importance far exceeding other factors.
This negative effect implies that cities that are closer in distance are more likely to experience
population migration. However, the GraviGBM model reveals that GDP, both in the source
and destination, plays a crucial role in population migration between cities, with an
importance that is even three times higher than that of population size (Figure 6a). The
aligned SHAP value and feature value indicate that the economic activity level of both
the source and destination cities contributes to the occurrence of population flows, with
a greater emphasis on the destination city’s GDP. The population variable in GraviGBM
exhibited a positive effect, with nearly equal importance for both the origin and destination
populations. This observation aligns with the assumptions of classical models. Further
observations of the SHAP values for population density reveal a positive effect for the
source city’s population density, while for the destination city, it generally exhibits a
negative effect, with a lower global importance compared to the source city. This indicates
that in the populous China, using only differences in population size to predict intercity
flows is not appropriate, and population density may be a more suitable input feature
within the population dimension. Interestingly, we found that the number of food facilities
at the destination is of even greater importance than population size, making it the fourth
most important feature.
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Figure 9. Explanation of generated flows after the COVID-19 pandemic. (a) Geographic position,
shape, population, and distance between Benxi, Xiaogan, and Zhuhai. (b,c) SHAP values for the flow
from Benxi to Zhuhai and from Xiaogan to Zhuhai during March 2020.

Distance is often seen as a barrier to migration. Cities that are closer tend to have
lower migration costs (such as time and money), making it easier to attract population
inflows when there are no significant differences in living, working, and social conditions.
Moreover, GDP reflects a city’s economic vitality and job opportunities. Cities with strong
economic development can typically offer more job positions and a higher standard of
living, attracting more people. Population size is also a key factor in determining a city’s
attractiveness. A larger population often implies richer resources and opportunities, thereby
attracting more migration. Correspondingly, migration can decrease the population of the
origin city, creating a positive feedback loop. Regarding another population-related factor—
population density—higher density can indicate resource scarcity, prompting people to seek
more attractive destinations. Conversely, lower population density in destination cities may
reflect a more relaxed living environment, suitable for incoming populations. This dynamic
suggests that relying solely on population size to predict migration is insufficient. The
number of food facilities represents the convenience of urban living. More food facilities
may indicate a richer array of lifestyle choices and a higher quality of life, especially for
young people and families, which can be an important factor in their decision to migrate.

We also selected typical city pairs to study the contribution of input features to the
predicted flow values for a single flow (a specific origin–destination pair) and compared it
with the global model. For instance, Benxi and Zhuhai, with similar population sizes of
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1.45 million and 1.3 million, respectively, are predicted to generate minimal population
flows according to the calculations of the gravity model formula. However, in reality,
there are frequent population flows between these two cities. Our proposed GraviGBM
model can accurately simulate such data, addressing the limitation of the gravity model
in capturing flows between cities with similar population sizes. In our specific analysis of
the 2019 flow from Benxi to Zhuhai (Figure 8b), we found that the GDP growth rate of the
source city is the most significant contributing factor to this flow, with a SHAP value of
−0.55, far exceeding other factors. The SHAP value of the destination city’s GDP (−0.08)
also surpasses the population size of the origin city (−0.03) and the population size of the
destination city (−0.02). Among the top nine important features, five are related to the
economy (origin city’s GDP growth rate, origin city’s GDP, origin city’s GDP per capita,
destination city’s GDP growth rate, destination city’s GDP). This result demonstrates that
when population sizes are similar, economic factors becomes the dominant factor driving
population flows between two cities. Interestingly, in contrast to the analysis of global
factors’ contribution, distance plays a negligible role in the flow from Benxi to Zhuhai.

To further observe the changes in factors influencing population flows when economic
factors are no longer the dominant factor alongside distance, we selected the population
flow from Urumqi to Zhuhai. The GDP of these two cities in 2019 was CNY 341 million
and CNY 344 million, respectively, which serves to reduce the impact of economic factors,
allowing for a clearer comparison with the population flow from Benxi to Zhuhai. The
results reveal that distance is the dominant factor in this flow, with a SHAP value of −0.69.
The destination’s population density and natural land-use are the two most important
factors, apart from distance. The significance of natural land-use as one of the most
important factors in this flow may be related to the specific characteristics of Zhuhai as
a city. Zhuhai ranked first in the 2019 list of China’s Most Livable Cities list [72], which
suggests that factors related to living environment are prioritized as primary considerations
for migration between cities with similar GDP levels.

These phenomena indicate that the level of economic development in cities directly
influences people’s migration decisions. In cities with similar population sizes, economic
opportunities become the primary attraction for migrants. Well-developed cities offer richer
resources and better living conditions, making people more willing to relocate in pursuit of
a higher quality of life. When the economic conditions of the destination city significantly
surpass those of the origin city, migrants may overlook the costs associated with distance.
For example, despite the considerable distance between Benxi and Zhuhai, the allure
of economic factors outweighs the time and money required for migration, a pattern
observable in many pairs of cities with similar economic conditions. Conversely, when the
economic conditions of both the origin and destination cities are similar, the influence of
distance becomes more pronounced, emerging as the main driving force behind migration.
This suggests that people are more likely to consider geographical factors when selecting
their migration destination, especially in scenarios where economic opportunities are
relatively balanced. Additionally, the livability of a city also affects people’s willingness to
migrate. In contexts of similar economic conditions, the superiority of a city’s environment
and quality of life can significantly enhance its attractiveness, making the focus on living
quality an increasingly important consideration in migration decisions.

3.3. Factors Influencing Population Mobility During the COVID-19 Pandemic

To compare the factors influencing population mobility before and after the COVID-19
pandemic, city-specific characteristics, inter-city distances, and flow data from 2020 and
March 2020 were used to construct inter-city population mobility models. Additionally, four
pandemic-related statistical indicators, namely confirmed counts, suspected counts, and the
stringency index, were incorporated into the models to better simulate population mobility
patterns under the influence of the pandemic. Considering the significant reduction in
population flow during the pandemic, the actual flow was multiplied by 1000 times during
modeling to enhance the significance of these features.
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From the results, it can be observed that the top ten factors influencing the overall
model in 2020 remain the same as in 2019, and the direction of their impact also stays
consistent (Figure 6b). Pandemic-related influencing factors had a negligible impact on
the population mobility model for the entire year of 2020. Given that the concentrated
outbreak of COVID-19 in China occurred in early 2020, we selected March 2020 to construct
a monthly scale population mobility model using GraviGBM to further analyze changes in
factors affecting population mobility during the pandemic. The results show that distance
remained the most important factor influencing population mobility in March 2020, but
the impact of shorter distances on mobility increased significantly. GDP was no longer
the primary influencing factor; instead, the population size and natural growth rate of the
destination became more influential. The population size of the destination continued to
have a positive effect, as it was before the pandemic. However, after the outbreak of the
pandemic, the destination’s population natural growth rate exhibited a prominent positive
effect. This could be because higher population growth rates are often associated with
better healthcare systems and public health conditions, and during the pandemic, people
tended to choose such places to ensure their own and their families’ safety and health.
Additionally, pandemic-related factors such as the destination’s confirmed count, as well
as the origin’s stringency index, had a positive effect on population mobility. Economic
factors, population density, transportation, and other non-pandemic-related influential
factors no longer played a significant role under pandemic conditions.

Additionally, we chose the single flow from Benxi to Zhuhai as a representative city to
study the contribution of features to predicting the flow values and compared these results
with those from Section 3.2, both before and after the pandemic. We found (Figure 9b) that,
during the outbreak of the pandemic, distance replaced the origin’s GDP growth rate as
the most important contributing feature to this flow. The absolute SHAP value for distance
far exceeded other features, and it had a negative effect on the predicted values. Economic
factors represented by GDP and the GDP growth rate diminished during the pandemic
outbreak. Population-related features continued to make important contributions after the
pandemic outbreak, and their direction remained the same as before the pandemic. The
destination’s confirmed count had a negative effect on this flow. The number of confirmed
and dead cases at the destination increased people’s concerns about infection risk, affecting
their willingness and decision to migrate. We also selected Xiaogan City in Hubei Province,
which experienced severe outbreaks in March, as the origin and studied the feature decision
process for the flow to Zhuhai. The results show (Figure 9c) that the main influencing
features had a positive effect on this sample, meaning that the actual flow of this sample
was higher than the average flow of the samples during the same period. In contrast to the
feature analysis results for Benxi to Zhuhai, distance had a positive impact in this sample.
This indicates that during the outbreak, populations in severely affected areas tended to
migrate to cities that were farther away. The important pandemic-related indicators for the
origin included confirmed count and Stringency index, both of which had a positive effect.
In the contemporaneous samples from Benxi to Zhuhai, the important factors were related
to the destination’s pandemic situation. The phenomenon may signify people’s willingness
to leave areas with strict lockdown measures for areas with more normalized management.

4. Discussion

The GraviGBM model, built on the classical gravity model, enhances the accuracy
of mobility flow predictions by introducing a nonlinear structure and incorporating mul-
tiple geographic features. It also offers an expandable framework to include additional
factors such as socioeconomic information and pandemic severity. This integration of
diverse factors significantly improves population flow modeling by leveraging advanced
AI techniques to handle complex multi-source data.

The SHAP method interprets the GraviGBM model, explaining the contributions of
geographic variables. We found that population size and distance have effects similar to the
classical gravity model, with GDP playing a significant role in intercity migration. During
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the COVID-19 outbreak, distance and population size remained crucial, while pandemic-
related indicators gained importance, highlighting concerns about health and safety.

The GraviGBM model effectively simulates population flows between cities with
similar populations, indicating that migration is influenced by a complex set of factors
beyond just distance and population size. Prior to COVID-19, the economy was a decisive
factor; after the outbreak, the severity of the pandemic influenced migration decisions,
emphasizing the impact of health risks and lockdown measures. This finding underscores
the importance of integrating both health and socioeconomic data.

Our research provides a data-driven model for simulating population flows and
elucidates the roles of geographic variables. Future research should consider utilizing
complex structures like deep learning and examining model transferability to areas with
limited data. Multi-scale and geospatial transfer applications are potential directions.
Data-driven models leveraging AI technology will offer new perspectives for population
migration modeling and will enhance the understanding of migration dynamics.

In our efforts to enhance the linear structure of the gravity model, we explored neural
network methods, including linear neural networks, as well as Convolutional Neural
Networks (CNN) and Graph Convolutional Networks (GCN). Unfortunately, due to the
extreme imbalance in the dataset (with mobility index distribution spanning from 0.000278
to 29.766, and 75% of the data concentrated below 0.00256), neural network approaches
tended to overfit on low values, leading to significant discrepancies between simulated
results and actual values. Besides lightGBM, we also experimented with other machine
learning methods such as random forests, support vector regression, linear regression, and
decision tree regression. Among these, lightGBM exhibited the most promising perfor-
mance, outperforming other methods in mitigating the challenges posed by the highly
imbalanced nature of the dataset. The exploration of diverse AI techniques in handling
imbalanced geospatial data significantly contributes to geospatial analysis and enhances
model robustness.

5. Conclusions

This study introduces GraviGBM, a novel and extensible mobility flow generation
model, and employs SHAPs to comprehensively analyze the determinants of population
flows, especially within the context of the COVID-19 pandemic. The research outcomes
indicate that GraviGBM significantly outperforms traditional models, achieving a lower
RMSE that underscores its superior simulation capabilities, enabling a more accurate repre-
sentation of the relationship between the characteristics of origin and destination cities and
population migration. This enhanced simulation capability facilitates a deeper understand-
ing and analysis of migration trends. Prior to the pandemic, distance played a pivotal role
in population mobility, but during the crisis, short distances gained prominence as people
sought to adapt to changing circumstances. Pandemic-related indicators became crucial
determinants of population flows, underscoring the profound impact of public health crises
on mobility patterns. Notably, this study sheds light on the intricate interplay between
economic and living conditions in city-to-city migration decisions, offering valuable in-
sights for urban planning and decision-making. Moreover, this research highlights the
resilience and adaptability of populations during times of crisis, as individuals sought safer
and more stable environments. These findings hold significant implications for urban plan-
ning, pandemic response strategies, and informed decision-making processes, providing a
multifaceted perspective on population mobility in a rapidly changing world.
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