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Abstract

The negative effects of industrial pollutants on the whole environment have long been a
contentious issue in urbanization. While studies have analyzed the impacts of the econ-
omy and industry on depopulation separately, few focus on their combined and interactive
effects at the grid level. This study investigates the complex impacts of depopulation from
2010 to 2020 in China’s Beijing-Tianjin-Hebei agglomeration. Using remote-sensing and
geoinformatics data, we calculated the composite economic index and the composite pollu-
tion index to observe the spatial-temporal effects on depopulation. Subsequently, the study
employs the interpretable ensemble model to establish the relations between industrial
pollutants, economic variables, and population density and obtained nine distinct change
types. Findings reveal that many areas still confront population decline due to industrial
pollution despite GDP remaining an attraction to the population. The proportion of this
type of area in the nine types of changes over 10 years has ranked second steady, reaching
27.175%, 26.964%, and 29.569% in 2015-2010, 2010-2015, and 2010-2020, respectively.
In addition, combined with the visualization map of spatial distribution, it is observed that
the problem of population loss is particularly serious in lagging cities. Furthermore, the
top three pollutants with the most prominent adverse effects are O3, PM, 5, and PM,,. This
study offers important insights into sustainable urban development.

Keywords Industrial pollution - Economic development - Population decline - Combined
effects - Sustainable development

1 Introduction

The Industrial Revolution has facilitated rapid social and economic development world-
wide. However, it has also presented numerous challenges, including energy and resource
crises and ecological and environmental crises (Agboola et al., 2024; Alotaibi et al.,
2024). Consequently, a range of air pollution issues has emerged, which has gained sig-
nificant attention from various sectors of society (Dong et al., 2020). Research has shown
that industrial pollution has gradually become a critical factor constraining sustainable
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economic growth and social development (Miao & Gu, 2024), which deserves special
attention.

With the transformation of an era heavily reliant on heavy industry development,
research on industrialization gradually shifted towards environmental effects in the twenty-
first century. Many studies have found a positive correlation between industrial and eco-
nomic development (Gu et al., 2024a, 2024b). However, other research also found that
industrial city populations have become more vulnerable to environmental risk factors and
changes (Dvir et al., 2024). This vulnerability has led individuals to leave industrial cities
for better living conditions (Kovats, 2012).

Research on the relationship between air pollutants and population mainly focuses on
the following two aspects: Firstly, studying population outflow caused by natural environ-
mental disasters. These studies often explore the long-term effects of environmental disas-
ters on individual willingness to relocate based on national or regional scales (Brottrager
et al., 2023; Grace et al., 2018). Secondly, research on the impact of air pollution on popu-
lation outflow in the city scales (Chen et al., 2022; Liu & Yu, 2020). However, limited by
the low precision of panel data, research on environmental quality data at a large spatial
scale often focuses on describing overall characteristics, inevitably overlooking local vari-
ations within the scale.

Significant regional differences in industrial development exist between different
regions in China and within cities, and the spatial imbalance of pollution emissions is also
prominent (Shen et al., 2017). Industry’s impact on the environment varies within the same
province or city. Hence, the effects of industrial pollution on the microscale of the popula-
tion still need to be confirmed. Additionally, previous studies often limited their duration to
within 5 years (Germani et al., 2021; Liu & Yu, 2020; Zhao et al., 2021), since population
changes occur over a long period, the relationship between population, industrial pollution,
and economic levels over a longer period need to be explored further.

Regarding the methods, traditional studies mainly rely on various regression models
employing linear regression analysis, such as Multivariate Regression models (Tella et al.,
2021) or Land Use Regression models (Son et al., 2018) to understand the relationship
between industrial pollution, population loss, and urban development indicators using. In
general, linear regression models are relatively simple in computation and implementa-
tion, but non-linear problems and low-precision performance limit them (Gu et al., 2024a,
2024b; Ma et al., 2020).To better understand the complicated effects of economic or pollu-
tion and population, researchers have started using non-linear spatial econometric models
(Huang et al., 2020; Li & Wu, 2017).

Machine learning (ML) is the scientific and statistical models that construct a math-
ematical model based on sample data, also known as training data (Ma & Cheng, 2016).
In general, the causes of air pollutants and their spatial impact mechanisms are complex,
and pollutants exhibit high dynamics, volatility, and spatiotemporal heterogeneity (Liu
et al., 2022). ML can utilize massive amounts of observational data for training and testing,
effectively capturing patterns and temporal periodicity in pollutant concentration changes.
Therefore, based on previous studies (Balogun et al., 2021), ML is used to elucidate the
complex non-linear effects of economic development and industrial pollution on urban
depopulation.

However, studying the combined effects of economic and industrial development still
requires further verification. Although previous research on using machine learning has
achieved good results in modeling nonlinear problems, most models are still black-box
models that lack interpretability and cannot evaluate the importance of variables nonline-
arly. Therefore, Shapley Additive exPlanations (SHAP) proposed by Roth (1988) was used
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as an interpretation method combined with ML, which can calculate the contribution of
each variable in the overall relationship, namely the importance of variables (Gu et al.,
2025).

Furthermore, previous studies have rarely delved into the interaction effects between
economic development and industrial pollution variables influencing the population. Inter-
action effects are the simultaneous effects of two or more independent variables on the
dependent variable. These reveal how economic development and industrial pollution
jointly influence urban population changes, identifying which variable combinations are
most sensitive to these changes. Hence, it has become imperative to investigate the syner-
gistic effects among various variables.

Based on these backgrounds, the Beijing-Tianjin-Hebei (BTH) urban agglomeration is
an excellent testbed. From 2000 to 2021, the urbanization rate of BTH has increased from
38.92 to 69.35%, according to the National Bureau of Statistics of the People’s Republic of
China, 2020. Meanwhile, industrialization issues in BTH are particularly prominent, and
the expansion of heavy industries has led to severe air pollutants (Lu et al., 2022). Accord-
ing to data released by the Ministry of Environmental Protection of China, 8 out of the
20 cities with the most severe pollution in 2022 are in BTH (Wang & Ge, 2023). Further-
more, some research has indicated that the BTH has reached a mature stage of develop-
ment, characterized by a declining population and shrinking cities (Jiang & Lv, 2022; Lyu
& Jiang, 2022). Hence, the complex impact of economic and industrial development on the
internal population needs to be further explored and confirmed.

In this context, the main objective of this study is to examine population inequality
across various regions under the combined influences of economic and pollution factors.
To achieve this, the methodology entails utilizing high-resolution urban data (1 km*1 km)
from multiple sources to calculate the CEI and CPI for each region. Subsequently, an inter-
pretable LightGBM and SHAP model was employed to analyze the nonlinear effects of
economic and industrial pollution factors on the population. The main contributions of this
study can be summarized as follows: (1) Observing the combined impact of composite
economic development and industrial pollution index. (2) Describing the inequal com-
bined effects of population decline on the micro-scale within cities. (3) Explaining the
detailed impact of different factors on the population using interpretable machine learning
models. This article brings new perspectives to the field, providing valuable insights for
researchers and policymakers regarding economic development and pollution control in the
megaregion.

2 Research materials
2.1 Research area

This study selects the Beijing-Tianjin-Hebei (BTH) urban agglomeration as the study area.
The total area is 218,000 square kilometers, with a population of 113 million in 2019 and
a GDP of 8.46 billion yuan. Located in northern China, BTH is one of the largest and
most economically vibrant urban agglomerations. However, the heavy industry in this
region used to be highly developed (Lyu & Jiang, 2022), with multiple cities included
in the "National Plan for the Adjustment and Transformation of Old Industrial Bases
(2013-2022)". Therefore, the contradiction between urban development and air pollutants
in BTH has become increasingly prominent (Liang et al., 2019).
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As shown in Fig. 1, BTH includes 14 cities, namely Beijing and Tianjin, 11 cities in
Hebei Province, and Anyang City in Henan Province. China’s capital, Beijing, sits at the
center of the BTH and is the central city of this urban agglomeration. Due to the grad-
ual population decline in this area since 2010 (Meng & Long, 2022), we select three-time
points, 2010, 2015, and 2020, to explore the impact of economic development and indus-
trial pollution on population outflows in the BTH. In addition, to better understand the
impact at a meso-micro scale, the study area is divided into 379,228 grids using a 1 X 1 km
fishnet based on GIS Pro.

2.2 Data collection and processing

All the data collected and used in the study are presented in Table 1. The dependent vari-
able is the population density of each grid. Multiple high-resolution urban datasets were
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selected for 2010 and 2020 as explanatory variables to explore the impact of economic
development and industrial pollution on population density (PD).

First, we collected the China population density data (1 km resolution) in 2010, 2015,
and 2020, which were sourced from WorldPop and extracted and aggregated to each grid.
The rate of change in population data reflects the population trend over a decade. The
unit of the dataset is population per square kilometer, based on the corresponding official
United Nations population estimates, adjusted for country totals (WorldPop, & Bondar-
enko, 2020).

Secondly, a series of ambient air pollutants remote sensing datasets in 2010, 2015, and
2020 are collected and integrated. These pollutants include SO,, NO,, PM, 5, PM,,, and
O;. These substances are all associated with exhaust emissions generated during industrial
production, significantly impacting the environment. These are commonly used variables
in previous studies. The selected reference, source, and resolution of each dataset can be
seen in Table 1. It is worth noting that there is a lack of data for 2010 as the high-precision
SO, remote sensing dataset is only available up to 2013. Therefore, this study obtained
data for the corresponding year through the downscaling process in Sect. 3.1.

Finally, the study also collected some control socio-economic data, GDP, and road den-
sity, to present the economic development of cities. Many studies have shown that GDP
is significantly related to the economic level of cities and a two-way causal relationship
between environmental pollution and economic growth (Yan et al., 2022). Efficient trans-
portation systems have a positive impact on urbanization, and the higher the urbanization
level of a city, the greater the density of its road network, and the higher the economic level
of a city. Road density is chosen as an indicator to represent road traffic volume, which
has a strong correlation with the economic development of cities (Liu et al., 2020). The
road vector data is derived from the OSM historical dataset, but its dataset only covers
the years 2014-2020. Based on the fact that the construction of roads in cities is relatively
regular and constantly evolving and improving, in this study, the data for all these years
were aggregated using the grid where the study area is located, and then the data for the
year 2010 were fitted by a linear regression model. Additionally, to eliminate the influence
of depopulation caused by demographic structure, this study incorporated one other control
variable (elderly population) that reflects the demographic situation. This 1 km grid-level
dataset for the research year is also attained from Worldpop.

2.3 Data accuracy verification

Since the integrated and estimated data in this study are based on remote sensing data,
there is some uncertainty. Numerous studies have shown that too small a study cell magni-
fies the inaccuracy of the data, while aggregation to larger blocks means loss of informa-
tion. In contrast, the use of a 1 km*1 km grid as the unit of analysis provides relatively
good statistics of satellite data from different sources and can provide more reliable data
estimates.

To estimate the accuracy of the data, we counted the most important PD and various
pollutant data (2020) at the municipal unit of BTH and analyzed them against the offi-
cial government-released demographic yearbook data and pollutant monitoring station data
averages in spatial distribution. As shown in Fig. 2, when the estimated data coming from
remote sensing data and the observed data officially released by the government are nor-
malized by the maximum and minimum, the distribution and variability of the data on the
municipal units maintain a high degree of consistency. Since the focus of this study is on
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analyzing the spatial patterns of relative changes between different regions and the differ-
ential distribution of population contraction, a small amount of error in the data is accept-
able. This type of high-precision remote sensing data has also been used extensively in
related urban science and environment studies because of the breadth and relative accuracy
of the data, resulting in more detailed results of urban unit characterization.

Overall, all explanatory and control variables were extracted and linked to the grids
using the multi-value-to-point tool in GIS Pro. The point location values were interpolated
using the bilinear interpolation method. After data normalization, cleaning, and collinear-
ity testing, out of the initial 379,228 grids in the study area, 375,944 grids were included in
the subsequent model construction and data analysis.

3 Methodology
3.1 Downscaling of ambient air pollutant

SO, is a non-negligible pollutant in air pollution, but due to the lack of 1 km SO, data
monitoring products before 2013, this study adopts downscaling to realize the generation
of 1 km SO, data from 2010. The technical core of downscaling is to construct a data rela-
tionship with the 2015 1 km SO, values by finding data available for both 2010 as well as
2015, and then mapping this relationship to the 2010 data to calculate the 2010 1 km SO,
values. Details of the implementation are given below:

The first step is to collect variables related to the spatial distribution of SO,. According
to previous studies, there are many factors closely related to the spatial distribution of SO,,
one is the atmospheric factor, and the other is the terrestrial factor. For atmospheric factors,
CO2 emissions, aerosols, and six commonly used near-surface atmospheric moisture indi-
ces were selected in this study, all of which were satellite remote sensing image data. For
terrestrial factors, NDVI was selected to characterize the vegetation cover and unnatural
surface cover of the land. In addition, SO, in different spatial and temporal dimensions will
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be correlated with the spatial distribution of the current year. Therefore, we additionally
acquired the SO, distribution dataset with an accuracy of 0.25degree for the same year, the
SO, emissions dataset with an accuracy of 0.1°, and the SO, distribution dataset for 2013
with an accuracy of 10 km. Due to the spatial autocorrelation of SO, itself, the study fur-
ther refers to digital image processing by using the tool Neighborhood Summary Statistics
in ArcGIS Pro to calculate the mean values of the nearest 4-neighborhood and 8-neighbor-
hood pixels of each pixel, which are collectively included as variables in the subsequent
downscaling model. Full details of the variables in this step and the data sources are shown
in Table 2.

Subsequently, the full satellite data values were INTEGRATED into a 1 km grid in Arc-
GIS Pro, nulls and outliers were removed, and the data were converted into pure dimen-
sionless values using Min—Max normalization to facilitate the ability to compare metrics
of different units and magnitudes. We then used the machine learning model LightGBM
(see Sect. 3.3.2 for details) to construct a model of the relationship between the values of
1 km SO, in 2015 and the variables in Table 2 and to predict the values of 1 km SO, in
2010 based on this relational model. Here, the data of 2015 is divided into training and
testing sets according to the ratio of 70% and 30%, and the parameters of the model after
hyper-parameter tuning are learning rate =0.35, max depth=11, and estimators =500. The
predicted performance of the model is good, as shown in Table 3.

Finally, to verify the reliability of the results, we also carried out a pre-experimental
model, first constructing a model with 2020 data to generate the 1 km SO, values for 2015
and measuring the accuracy of the model predictions against the values from the original
2015 dataset, which yielded ideal predictions.

Table 2 Descriptions of impact factors for SO, downscaling model

Name Resolution Data Source

Atmospheric factors

CO, emission 0.1° Emissions Database for Global Atmospheric Research
Aerosol Optical Depth (AOD) 1 km MCD19A2.061 from GEE
actual vapor pressure (AVP) 1 km HiMIC-Monthly

vapor pressure deficit (VPD)
dew point temperature (DPT)
mixing ratio (MR)

specific humidity (SH)

Land factor

Normalized Difference Vegeta- 1 km China Resource and Environmental Science Data Platform
tion Index (NDVI)

SO, factors

SO, 0.25° OMI/Aura Sulphur Dioxide (SO,) Total Column

SO, emission 0.1° Emissions Database for Global Atmospheric Research
SO, emission (N4)

SO, emission (N8)

SO,_2013 1 km Multiple air pollution dataset (MuAP)

SO, 2013 (N4)

SO,_2013 (N8)
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Table 34 The pe.rformance R-square MAE MSE RMSE

evaluation metrics of the

LightGBM regression model 2020_Train model  0.8932 00259 00013  0.0366
2020_Test model 0.8623 0.0283 0.0017 0.0418
2015_Train model 0.9173 0.0201 0.0088 0.0296
2015_Test model 0.9007 0.0216 0.0011 0.0325

3.2 Calculation of Composite Index: Entropy Weight Method (EWM)

Referring to previous studies (Wan et al., 2015), this study adopted the EWM to deter-
mine the weights of the variables mentioned in Table 1, which include four economic and
ten types of pollutant data. These data were normalized and weighed using Python, result-
ing in the calculation of the composite economic index (CEI) and composite pollution
index (CPI) for 2010, 2015, and 2020. The main formulas involved in the measures are as
follows:

¢j=—k Y pyjin(py)j=1,....m M
i=1
I 1—e
si=2m—j‘xij’i= 1,...,7’! )
FLYl—e @

where, ¢; means the entropy value of the j indicator, and s; represents the overall score of
the system. x;; is the normalized data of each indicator and p; means the probability of the
occurrence. Note that the indicators under the facilities system are all positive, whereas,
under the perceptions system, openness as well as greenness are positive while enclosed is

negative.

3.3 Analysis of impact factors: LightGBM model and SHAP
3.3.1 Noncollinearity test

To ensure the reliability of our analysis, it is essential to test for noncollinearity among the
independent variables. In this study, we employ the Ordinary Least Squares (OLS) regres-
sion model to detect multicollinearity. The primary purpose of using the OLS model is
to examine the Variance Inflation Factor (VIF) values. VIF values exceeding 10 indicate
significant multicollinearity issues, which can distort the regression results. By identifying
and addressing these issues, we ensure that our LightGBM model will provide more accu-
rate results.

3.3.2 Regression analysis
To analyze and explain the combined effects of the variables on the urban population,

this study combines the advanced LightGBM model with SHAP. LightGBM regression
model, an integrated ML algorithm based on decision trees and gradient boosting, has
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demonstrated superior performance to artificial neural networks and traditional linear sta-
tistical models regarding accuracy and generalization (Ke et al., 2017). Due to this study’s
large amount of data and diverse variables, we utilized ML regression models to construct
the nonlinear relationships between the change rates of the eight independent variables and
the dependent variable (population density) from 2010 to 2020.

Additionally, hyperparameter tuning was conducted to optimize the performance of
the LightGBM model. This process involved adjusting parameters such as the number of
leaves, learning rate, max depth, and feature fraction to minimize the loss function and
enhance the model’s predictive accuracy. Grid search and cross-validation techniques were
employed to ensure robust model selection and prevent overfitting.

3.3.3 Interactive effects interpretation

Subsequently, the SHAP model was employed to decouple the nonlinear relationships fur-
ther and observe the impact of individual variables and the combined effect of multiple
variables on the dependent variable. SHAP is an effective eXplainable Al (XAI) technique
that can model, interpret, and visualize complex processes (Kuhn & Tucker, 2016). SHAP
builds upon this concept and quantifies the contribution value of each feature in the model,
considering the dimensions of individual observations (Strumbelj & Kononenko, 2014).
Therefore, this study applied the SHAP to explain the LightGBM model and decouple the
importance of each variable in detail. All data computations, cross-validation, training,
testing, and model tuning were performed using Python.

To provide a comprehensive analysis, we also explored the interactive effects of vari-
ables using SHAP interaction values. This method allows us to identify and visualize how
pairs of variables jointly influence the population density. By analyzing these interactions,
we gain deeper insights into the complex interdependencies and nonlinear dynamics pre-
sent in the data. All data computations, cross-validation, training, testing, and model tuning
were performed using Python, leveraging libraries such as LightGBM, SHAP, and Scikit-
learn for implementation.

4 Results
4.1 Spatial-temporal distribution of economic, industrial pollution and population

This study utilizes the rate of change in the CEI to represent economic fluctuations, the rate
of change in the CPI to characterize industrial pollution changes, and the rate of change in
PD to signify population density changes between 2010 and 2020. The economic, indus-
trial pollution, and population dynamics variations are categorized and discussed, yielding
nine distinct change types, as outlined in Table 4.

Subsequently, we conducted a spatial distribution visualization analysis of these nine
types of regions, as shown in Fig. 3, where the numbers in the legend represent the types
of regions. These types are not uniformly distributed across various cities within the urban
agglomeration; instead, significant type clustering effects are observed among different
cities.

It is observed that in the two periods from 2010 to 2015 and from 2015 to 2020, the
largest proportion is accounted for by the seventh category (economic decline, pollution
increase, and population increase), comprising 48.930% and 49.111% respectively. This
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Table 4 The nine types of changes are economic, pollution, and population

Type Economic

Pollution change Population

2015 t0 2020 2010 to 2015 2010 to 2020

change change

0 None of the fol- 4184 4185 3942
lowing types

1 Increase Increase Decline 19,624 19,355 20
2 Increase Decline Decline 2528 2527 14
3 Increase Increase Increase 37,805 37,595 32
4 Increase Decline Increase 8150 8150 193
5 Decline Increase Decline 102,162 101,369 111,164
6 Decline Decline Decline 5889 6844 29,937
7 Decline Increase Increase 184,629 183,949 180,814
8 Decline Decline Increase 10,973 11,970 49,828

The data on the table represents the number of grids

2015 to 2020

2010 to 2015

2010 to 2020

LB M

;.

450

225

450

900

Fig.3 The spatial distribution of nine types of changing patterns

1,350

1,800
Kilometers
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suggests that in many regions, industrial pollution not only fails to stimulate economic
growth but has triggered an economic downturn. Meanwhile, people continue to move to
certain areas despite unfavorable economic and air quality conditions. Combined with spa-
tial distribution visualization analysis of nine types of regions in Fig. 3 and the BTH Col-
laborative Development Strategy, the seventh category is mainly the northwestern ecologi-
cal conservation areas of the region. This indicates that the seventh category areas are still
ecologically better in the BTH region despite the rise in pollution, suggesting that reduc-
ing industrial pollution and maintaining a good ecology can attract population inflow. The
diametrically opposite situation is the second-ranked category 5 area (economic decline,
pollution increase, and population decline), which accounts for 26.964% and 27.175%,
respectively from 2010 to 2015 and from 2015 to 2020. This means that the combination
of increased industrial pollution and decreased population is prevalent in highly developed
mega-city clusters. Combined with Fig. 3, the fifth category areas are almost excluded
from Beijing, suggesting that the problem of population loss is more serious in the less
developed cities in the BTH region as industrial pollution increases, as well as the econ-
omy, declines. At the same time, when analyzing the situation from 2010 to 2020 in a com-
prehensive manner, the proportions of category 7 and category 5 areas are stable in the first
and second places, accounting for 48.096% and 29.569%, respectively, which indicates that
the situation reflected by these two types of areas is stable and sustainable.

In the periods from 2010 to 2015 and from 2015 to 2020, the proportion of category
3 areas (economic increase, pollution increase, and population increase) ranks third, with
10.000% and 10.056%, respectively, indicating that a minority of regions can attract popu-
lations by offsetting the adverse effects of industrial pollution through economic growth.
However, when analyzing the overall situation from 2010 to 2020, the proportion of cat-
egory 3 areas is only 0.009%, suggesting that such a situation may be specific to the period,
and in terms of long-term development, the BTH region still needs to address the issue of
population exodus due to industrial pollution.

The first category (economic increase, pollution increase, and population decline) rep-
resents the next most prevalent regions, accounting for 5.148% and 5.220% in the peri-
ods 2010-2015 and 2015-2020, respectively. This underscores the challenge of economic
development in countering population declines caused by intensified industrial pollution.
Across the 2010-2020 period, Category 1 areas account for 0.005%, a lower percentage.
According to the China Statistical Yearbook, the population of the BTH region was 105.97
million in 2020, 93.26 million in 2015, and 104.4 million in 2010. The population of the
BTH region has experienced population reduction and growth between 2010 and 2020,
which may have contributed to the decrease in the proportion of Category 1 areas. At the
same time, type 1 is primarily distributed in the southeastern part of BTH, encompassing
cities like Anyang, Hengshui, and Cangzhou according to Fig. 3. This, to a certain extent,
reveals significant economic disparities between the southeastern and northwestern parts of
BTH, where the overall economy in the southeast part is growing while the northwestern
region is experiencing economic decline.

Regions where industrial pollution has decreased, such as category 8 (economic decline,
pollution decline, and population increase) and category 4 (economic increase, pollution
decline, and population increase), account for 3.184% and 2.919% in 2010-2015, and
2.168% and 2.168% in 2015-2020, respectively. These categories only contribute 13.254%
and 0.051% over the combined 2010-2020 decade, indirectly suggesting that regions with
reduced industrial pollution remain a minority. Notably, despite decreases in industrial pol-
lution in some areas, they still experience population outflows. For example, the second
and sixth categories constitute 0.672% and 1.820% from 2010 to 2015, and 0.672% and
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1.566% from 2015 to 2020, totaling 0.004% and 7.963% for the decade from 2010 to 2020,
respectively. However, these regions represent a relatively small share of the total, indicat-
ing that the overall trend suggests reducing industrial pollution could solve the issue of
population exodus.

In summary, industrial pollution is increasing in most parts of the BTH region, and
sometimes it is difficult for economic development to counteract the population loss caused
by increased industrial pollution. In addition, the problem of population loss is more seri-
ous in the less developed cities in the BTH region. In the long run, the BTH region still
needs to pay great attention to the phenomenon of population exodus due to pollution prob-
lems, and for this reason, each region should reduce industrial pollution and maintain a
good ecological environment.

4.2 Effects of industrial pollutants and the economy on population
4.2.1 Noncollinearity results of variables

This study initially conducted ordinary least squares (OLS) analysis on the independent
and dependent variables using the GIS Pro platform, the most commonly used and classic
method. OLS analysis serves two primary purposes: it can detect whether the relationship
between variables is linear or nonlinear and examines factors’ correlation and potential col-
linearity. The results are presented in Table 5.

Collinearity, as measured by the variance inflation factor (VIF) greater than 10, gener-
ally suggests a high degree of covariance between the data, indicating potential issues in
the regression model. Apart from PM,, and PM, 5 factors for the period 2015-2020, the
other factors do not exhibit severe collinearity at other time points (VIF> 10). However,
the distribution differences between these two collinear factors are substantial in different
regions, potentially significantly impacting population changes. Therefore, these factors are
still included in further nonlinear ML model analysis.

4.2.2 Non-linear regression results of variables
This study split the data into a training set (70%) and a test set (30%) with a random state

of 42. The hyperparameters of the LightGBM model are determined using a systematic

Table 5 The OLS analysis and VIF result of the change rate of variables

Variables 2015 to 2020 2010 to 2015 2010 to 2020

Coef Sig VIF Coef Sig VIF Coef Sig VIF
GDP 0.0007 0.00* 1.03 0.0019 0.00%* 1.00 0.0028 0.00%* 1.03
RD 0.0022 0.01* 1.00 0.0004 0.93 1.00  —0.0021 0.82 1.00
SO, —-0.0014  0.60 1.84 0.0000 0.84 1.00 0.0000 0.45 1.00
O, —0.1413 0.00* 1.67 —-0.1247  0.00* 1.00 -0.3978  0.00* 1.32
NO, 0.0055 0.01* 1.08 0.0097 0.12 1.02 -0.0117  0.00* 1.02
PM,, 0.5610 0.00* 2143 -0.8671 0.00%* 1.34 -0.5117  0.00* 9.13
PM, 5 -0.4370  0.00* 19.99 0.9237 0.00%* 1.32 0.4609 s 0.00* 9.36
Old 0.3834 0.00* 1.01 0.4509 0.00%* 1.01 0.4128 0.00%* 1.02
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grid search method available in the Scikit-learn library of Python. Based on the hyperpa-
rameter results, the optimal model parameters for the LightGBM model were determined
to be learning rate=0.15, max depth="7, and n_estimators =300.

Furthermore, we calculate the R2, MAE, MSE, and RMSE (Root Mean Squared Error)
to assess the predictive test set performance of the LightGBM model. The detailed results
are shown in Table 6. Due to this study’s relatively large sample size, considering various
variables comprehensively, there are no apparent signs of overfitting or underfitting. While
the overall R-square is not great enough, it is already better than the OLS model. As well as
the other ML model evaluation metrics values are very good. As a result, the fitting perfor-
mance of the LightGBM model can be considered satisfactory. The model is interpretable
for the study’s complex relationships between these variables.

To determine the impact of industrial pollution and urban economic variables on popu-
lation density, this study combined the LightGBM model with the SHAP method to reveal
the importance of each variable about population density. Specifically, we used LightGBM
feature importance plots and SHAP summary plots to highlight the importance of each fac-
tor on population density in BTH, as shown in Fig. 4.

If we disregard the positive or negative effects on the outcome, the rankings of each
variable are shown in Fig. 4-Left. Among these, the "old population density" significantly
impacts "population density," as the age structure is closely related to population density.
Between 2010 and 2015, the importance of other variables, from high to low, is as follows:
PM, 5, PM,,, GDP, O;, SO,, NO,, and road density. Between 2015 and 2020, O;, GDP,
PM, 5, SO,, PM,,, NO,, and road density, in descending order of importance. The com-
bined analysis of the other variables for 2010-2020 is in order of importance: O3, PM, s,
GDP, SO,, PM, NO, and road density. It can be preliminary analyzed that industrial pol-
lution variables generally all have a greater impact on population density than economic
variables at the three time points 2010, 2015, and 2020.

Figure 4-Right displays the specific observed positive and negative effects of each vari-
able. It can be observed that three times in 2010, 2015, and 2020, a certain concentration
of PM, 5, PM,,, SO,, and O; is more likely to harm population decline. RD exhibits dual
effects, possibly because this variable has relatively balanced distributions across different
regions, and their singular impact on the population could be more pronounced. Further-
more, increased road density contributes to the rise in population density.

4.2.3 Interactive effects between variables
The study further examines the interactive effects of depopulation between different variables,

as shown in Fig. 5. For the figure on the left, there is a main effect on the diagonal, and inter-
actions on either side of the diagonal, with the interaction increasing the further apart the dots

Table 6 The pe'rformance Rsquare MAE MSE RMSE
evaluation metrics of the
LightGBM regression model 2015102020 Train model  0.645 0.005 7305 0.008

Test model 0.616 0.005 7.145 0.008
2010t0 2015  Train model  0.647 0.005 6.892 0.008
Test model 0.606 0.005 8.311 0.009
2010t0 2020  Train model  0.680 0.005 7.197 0.008
Test model 0.620 0.005 8.474 0.009
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Fig.4 Important ranking results of the variables. Left: Feature importance of variables based on the Light-
GBM model. Right: SHAP value of variables based on the SHAP explainer

are inside. The first thing that can be seen is that the interactive effects are relatively consistent
across periods, which indicates that the main pollutant indicators for decline in population

density are stable.

When considering the interaction between combined and single variables, it can be more
easily observed that the negative impact of PM, 5, PM,,, and O; on population density is sig-
nificantly ahead, and their combinations also have a relatively negative effect on the popula-
tion. Moreover, when industrial pollution factors are combined with economic development
factors, such as GDP and PM,, the positive impact of economic development is offset, result-
ing in a negative effect on population density.
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5 Discussion

According to the results findings, it can be observed that in the BTH region, only cer-
tain areas show a growth trend in population. At the same time, most other cities exhibit
an economic decrease, pollution increase, and population outflow. This is consistent with
previous research findings, where areas experiencing population outflow cover most coun-
ties outside the main urban areas of Beijing and Tianjin, forming an expansion zone in
the suburbs of these mega-cities (Wu, 2019). Specifically, the upward trend in CPI in the
BTH region also exhibits some coupling with the topography. The western and northern
mountainous regions and the eastern areas show an increasing trend, while the central and
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east plain areas show a decreasing trend. In contrast, the index shows a steady decline in
the plain areas. The pollution patterns within the urban agglomeration exhibit significant
differences.

This may be because China issued the “Air Pollution Prevention and Control Action
Plan (Action Plan)” to improve air quality in 2013 and the supporting assessment methods
and the implementation details for the Action Plan were issued in 2014 (Hu et al., 2020).
Previous studies have shown that long-term exposure to these pollutants has significant
adverse effects on human health, and is even considered one of the main causes of morbid-
ity and mortality, especially in the BTH region, where deaths related to PM2.5 are particu-
larly prominent (Liu et al., 2017). Since 2016, the Chinese government has invested heav-
ily in promoting environmental technologies and strict emission standards. Most polluting
factories and high-emission vehicles have been shut down and eliminated, and traditional
solid fuels in household energy have gradually been replaced by cleaner modern energy
sources. Over the years, the overall pollution levels in the BTH region have gradually
decreased, mitigating population loss caused by air pollution and setting a good example
for many other emerging market countries and developing nations.

However, despite the decline in pollution levels in core areas, regional disparities in
pollution remain. Previous studies have shown that the implementation of air quality poli-
cies affects regional differences in air pollution improvement, with developed areas typi-
cally experiencing greater improvements than less developed areas. This is also reflected
in the urban—rural divide, where urban areas generally see a higher reduction in PM2.5
levels compared to rural areas. Notably, the largest urban—rural disparity exists in the BTH
region, where pollution control policies are the strictest. The implementation of these poli-
cies in urban areas is more stringent than in rural areas, leading to a greater reduction in
PM2.5 levels in urban regions (Xiao et al., 2020).

Due to industrial relocation and outsourcing, PM2.5 emissions have increased in other
parts of China (Fang et al., 2019). In the BTH urban agglomeration, heavily polluting
heavy industries have been transferred from developed counties to less developed counties
that are not urban centers. Cities such as Beijing and Tianjin, which are gradually undergo-
ing industrial transformation, have been able to attract more population inflows. In contrast,
less developed areas, particularly in the southern part of the BTH region, such as cities like
Xingtai and Handan in Hebei, which heavily rely on low-end manufacturing industries,
have a large number of coal-burning industrial enterprises in the surrounding counties and
urban areas. Therefore, after 2015-2020, pollution levels in developed areas like Beijing
and Tianjin significantly declined, while the pollution levels in peripheral, underdevel-
oped areas increased. Ultimately, the overall industrial transformation in the BTH region
reduced pollution in the more developed areas, which, leveraging their inherent economic
advantages, were better able to attract population inflows. In contrast, despite economic
growth, the increase in pollutants in previously underdeveloped areas ultimately led to sig-
nificant population outflow and subsequent economic decline.

So the increase of PM2.5, PM,,, and O; exhibits a strong negative effect on population
density, consistent with previous research (Chen et al., 2022; Liu & Yu, 2020; Qin & Zhu,
2018). Furthermore, this negative effect cannot be counteracted by economic development.
However, the negative effects of nitrogen and sulfur dioxide were insignificant. These
results may be attributed to the policies implemented by the Chinese government during
this period to control atmospheric pollutants. Measures such as switching from coal to
cleaner energy sources like natural gas or electricity, banning small industrial boilers and
coal-burning stoves for household heating, and promoting electric or hybrid vehicles have
decreased NOx and SO2 concentrations and increased O; concentration. This has resulted
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in a more severe ozone pollution problem, which is consistent with previous studies (Fang
et al., 2020; Wang et al., 2014).

Notedly, the air pollutants in mega-cities like Beijing have decreased much faster than
in other cities, indicating that larger cities have higher environmental regulatory require-
ments (Liang et al., 2019). The composite variation of CPI and population density exhibits
an irregular radial outflow of population from core cities such as Beijing and Tianjin. This
confirms the population decline in underdeveloped areas on the edge of the mega-region
due to regional development imbalances (Wu, 2019).

In summary, the government should take further measures to control air pollution.
Secondly, the government should continue to promote economic development and invest
in infrastructure, including road construction. There should be a transition in the overall
energy structure to reduce emissions. Additionally, when addressing air quality issues,
the government should avoid using industrial relocation as the sole solution, as it may
adversely affect underdeveloped cities. Comprehensive policies must be formulated to bal-
ance regions’ economic and environmental needs, promoting sustainable development and
improving population mobility.

6 Conclusions

This study focuses on the mechanism of economic and industrial pollution in urban popula-
tions. The impact of changes in the combined effect on population density in the BTH from
2010 to 2020 can be investigated at a microscale level. The main findings are as follows:

1. Economic Development and Population Dynamics: Economic development struggles to
counter population decline exacerbated by increased industrial pollution. In most areas
within the Beijing-Tianjin-Hebei (BTH) region, industrial pollution is on the rise. Addi-
tionally, less developed cities within the BTH region facing both economic downturns
and increased pollution levels have experienced significant population outflows.

2. Spatial Inequality in Combined Effects: The combined effects in various regions within
urban agglomeration are unequal, and the impact of industrial pollution factors under
different type combinations is also unevenly distributed. Overall, air quality is more
influenced by PM, 5 and PM,,.

3. Threshold Effects of Pollution on Population Density: Once it reaches a certain concen-
tration, industrial pollution hurts population density, and this negative effect remains
unmitigated when interacting with economic factors. The adverse effects of PM, 5 PM,,
and Oj; are the most significant.

This study contributes to a deeper understanding of the complex impact of urban pol-
lution on the population and further promotes sustainable and healthy urban development.
However, there are some limitations. Due to data limitations, this study only compared data
from 2010 and 2020. Since population mobility is a continuous long-term process, future
research needs to study the combined effect on population density on a longer time scale.
In addition, population density is influenced by multiple factors and is a complex process.
It needs to be determined whether residents’ perceptions of the impact of industrial pollu-
tion on population distribution align with satellite data. Additionally, since individuals in
the floating population have different characteristics, In the future, it is possible to explore
the differences in population sensitivity to air pollution, especially in combination with
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the differences in the level of regional socio-economic characteristics, and analyze the het-
erogeneous impact of air pollution on residents’ willingness to settle or migrate. Further
empirical research to further investigate individuals’ perceptions of industrial pollution
could also be valuable inputs for policymaking, promoting healthy urban development and
environmental regulation in China.
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