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Abstract: Low-visibility air pollution frequently occurs in the major cities of China and affects
residents’ physical and mental health. This study, using Gaoyou City as a case study, selected
10 typical residential communities with different locations and types and conducted a questionnaire
survey for two consecutive weeks to measure commuting behavior characteristics and health effects
among residents in environments with different degrees of air pollution from November to December
2022. Concerning commuting distance, the average straight distance for short-distance commuting
was 1.4 km, and the median commuting distance was 13.2 km. In air-polluted environments, residents’
commuting times were mainly concentrated within 1.5 h, with a majority taking 20 min to 30 min.
The working and living spaces presented a circular core distribution pattern, with low-visibility air
pollution significantly affecting the choice of commuting mode and having an indirect impact on
health. The proportion of people who chose bus commuting significantly increased as air pollution
changed from mild to moderate, whereas the proportion of people choosing slower commuting,
such as walking, significantly decreased. While no significant fluctuations in physical health levels
occurred, psychological health levels significantly decreased. In high air pollution environments,
residents’ sleep quality, attitudes towards life, emotional states, and other assessed factors exhibited
an inverted U-shaped correlation with commuting patterns. Low-visibility air pollution indirectly
damaged the health of residents by affecting their commuting patterns, reducing their physical
activity intensity and commuting options, and increasing their psychological stress and anxiety.

Keywords: commuting mode; physical health; psychological health; cluster analysis; logistic regression;
Gaoyou City

1. Introduction

Air pollution in Chinese cities has increased in recent years. Among the 200 largest
cities in China, less than 1% meet the air quality standards recognized by the World Health
Organization [1]. In this study, low-visibility air conditions refer to situations in which there
are varying levels of air pollution. Previous studies have mainly used the air quality index
(AQI) to measure the degree of air pollution. According to Chinese national standards,
air quality levels are divided into excellent (AQI ≤ 50), good (50 < AQI ≤ 100), minor
(100 < AQI ≤ 150), mild (150 < AQI ≤ 200), moderate (200 < AQI ≤ 300), and severe
pollution (AQI > 300) [2,3]. Research has shown that air pollution influences daily activities
such as residents’ travel. In low-visibility air pollution environments, the frequency of
various residents’ travel activities has been shown to decrease by varying degrees [4], with
a significant effect on residents’ slower commuting such as walking [5]. In addition, when
air pollution is severe, residents’ travel willingness and travel time significantly decrease.
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Generally, the higher the Air Pollution Index is, the worse the visibility is. But visibility
is not only affected by air pollution. Visibility is an indicator that reflects atmospheric
transparency, which is not only affected by the content of pollutants in the air but also by
air humidity and atmospheric fluidity. Therefore, except for hazy days, visibility is also
be very low during rainy and snowy weather [5]. Experts suggest that when visibility
is less than 500 m and more than 200 m, the speed of a motor vehicle should not exceed
80 km per hour. When the visibility is less than 200 m and more than 100 m, the speed of
a motor vehicle shall not exceed 60 km per hour. When the visual distance is generally
around 10 m, the speed of motor vehicles should be controlled below 5 km per hour [3].
Owing to severe air pollution, which can reduce travel visibility and result in varying
degrees of traffic congestion, some private car owners choose public transportation [6].
Therefore, air pollution may reduce residents’ willingness to travel and affect their choice
of transportation; its mechanism of action is multifaceted [7].

Commuting refers to the daily transportation behavior of residents between their
places of residence and work. Commuting is a daily high-frequency behavior, and some
studies have suggested that commuting behavior has a significant impact on residents’
emotional and mental states [8]. Commuting stress involves both objective and subjective
moderating factors [9]. Objective factors include commuting time, commuting distance,
commuting efficiency, and congestion level, while subjective factors include personal
expectations of commuting conditions, personal ability to control commuting travel, and
relevant personal and family characteristics [10]. Specifically, a long commute increases
the likelihood of psychological stress [11], negative mental attitudes [12], and lower self-
assessed health levels [13] among residents, with residents being more likely to be absent
from work due to illness (Figure 1). In addition to commuting time and distance, significant
differences have been reported in terms of the various modes of transportation chosen based
on residents’ mental states [14]. Commuting modes are typically divided into active and
passive. Active commuting modes, including walking, cycling, and other related forms of
transportation, have been considered modes of commuting that can bring about relaxation
and pleasure [15]. Passive commuting mainly refers to public transportation or private
car travel, which is likely to cause psychological stress in individuals [15]. Some studies
have found that commuting may cause personal health problems, including cardiovascular
disease, hypertension, physical discomfort, and other symptoms [16], while another study
reported a correlation between commuting mode and cancer [17].
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In addition, low-visibility air pollution has a significant impact on residents’ travel
patterns. Previous studies have demonstrated that residents are more willing to use public
transportation in air-polluted environments [18]. The more severe the air pollution, the
greater the density of use and distance of travel using public transportation in efforts to
reduce exposure to air pollution. In different air pollution environments, the frequency,
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time, density, intensity, and other indicators of residents’ transportation undergo significant
changes [18]. Research on residents’ travel behavior has shown that their daily commuting
behavior is significantly influenced by the external environment and that residents choose
different commuting modes accordingly [19]. Based on the planned behavior theory,
one study has suggested that air pollution negatively affects residents’ travel pleasure and
influences their choice of commuting tools [20]. Another study suggested that the impact of
low-visibility air pollution has multiple effects on residents’ commuting behavior [21]. First,
residents tend to choose taxis or private cars for travel, thereby reducing outdoor exposure
time. Second, while some residents choose public transportation for travel, the intensity
and frequency of travel significantly decreases [21]. It has also been suggested that middle-
aged and older adult populations are more sensitive to low-visibility air pollution and that
such populations tend to choose public transportation, allowing for their socioeconomic
status [22].

Previous research has been limited to descriptions and summaries of feature patterns,
and an in-depth analysis of the internal influencing mechanisms is lacking. The relationship
between health issues that arise among residents and commuting is often overlooked;
however, the psychological and physiological health issues that commuting may cause
need to be addressed. In addition, commuters are often restricted by factors such as public
transportation availability and road traffic environments during travel, resulting in various
mental health problems such as fatigue, psychological stress, and depression. This study
focused on Gaoyou City, Jiangsu Province, China, as a case study to investigate the effects
of different commuting modes on health. Specifically, it used questionnaire surveys and
on-site interviews to identify the characteristics of residents’ daily commuting behavior
and to explore the impact of air pollution on residents’ commuting patterns and its health
effects (Figure 2).
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2. Data and Methods
2.1. Study Area and Data Source
2.1.1. Study Area

The main urban area of Gaoyou City in Jiangsu Province has a population of approxi-
mately 330,000 and a built-up area of approximately 52.12 km2 (Figure 3). According to
China’s seventh census, the population aged 60 or above in Gaoyou City accounted for
more than 30% of the total in 2022, with the working-age population aged between 18
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and 55 years accounting for less than 37%. As an important and comprehensive regional
transportation hub in Jiangsu Province, Gaoyou City has a high north–south traffic flow in
the eastern region of the city. The urban scale and developmental conditions of Gaoyou City
have led to different commuting modes within the city. In recent years, the construction
of the Gaoyou New Urban Area has strengthened the phenomenon of spatial mismatch
between workplaces and residences, thereby increasing the frequency of medium- and long-
distance travel among residents. With the diversification of transportation, particularly the
widespread use of motor vehicles and electric bicycles, more choices are available in terms
of residents’ daily commutes. There are significant differences in the transportation routes
and spatial environments corresponding to different commuting modes, resulting in differ-
ent commuting experiences, which, in turn, lead to differences in residents’ psychological
states and in health-related effects.
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Over the past 20 years, urbanization in Gaoyou City has continuously expanded,
the scale of built-up areas has increased, and the urban population has risen rapidly.
Urbanization has been reported to be beneficial for the rapid aggregation of populations, re-
sources, and other related factors, bringing greater convenience to residents’ daily lives [23].
However, at the same time, China’s rapid urbanization process has been accompanied by
high-intensity industrial production and transportation, with a steady increase in the level
of urban air pollution. Low-visibility air pollution restricts residents’ commuting behavior,
thereby negatively affecting their physical and mental health. Furthermore, large-scale
industrial production and expansion in the number of residents increases energy consump-
tion, which generates large amounts of greenhouse gases and exacerbates air pollution at
the micro-urban scale [24].
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2.1.2. Data Source and Processing

(1) Socio-economic attribute data

After considering multiple factors, such as the construction age of different residen-
tial quarters, housing quality, ownership of property rights, and distance from the city
center, 11 different types of residential quarters in Gaoyou City, including Yijiatianxia,
Yujingyuan, Jufuyuan, Juanli, and Haitangyuan, were selected in which to conduct a
questionnaire survey. The questionnaire sought information concerning individual so-
cioeconomic attributes, commuting behavior, and self-evaluation of health. A total of
762 questionnaires were distributed. Specifically, the survey collected detailed data on
Gaoyou City residents’ living places, workplaces, and commuting behaviors as well as
self-evaluation data on health status such as height, weight, daily living habits, physical
comfort, mental stress, and life satisfaction. The researchers distributed questionnaires for
two consecutive weeks in November and December 2022. A total of 762 questionnaires
were collected during the survey, including 718 questionnaires from individuals aged
16 years and above with regular commuting behavior and complete health status data. In
addition, the study quantified the working living distance of residents who filled in the
questionnaire based on the Gaode electronic map, eliminated obvious erroneous outliers,
and finally obtained 685 valid questionnaires, with a response rate of 89.9%. There were
more females than males, most were aged between 20 and 30 years, most had an educa-
tional background of junior high school level and above, and family income presented a
normal distribution (Table 1).

Table 1. Descriptive statistics of study sample (N = 685).

Item Count ProportionItem Count Proportion Item Count Proportion

Gender Marital status Body mass index
Male 371 44.2 Unmarried 121 17.6 Normal 399 58.2
Female 382 55.8 Married 564 82.4 Overweight 229 33.5

Obesity 57 8.4
Age Family Size Self-rating physical health

20–30 427 62.3 <3 378 55.3 Very
good 78 11.4

31–40 161 23.5 3~5 229 33.5 Good 293 42.8
41–50 51 7.4 >5 78 11.2 Normal 175 25.6
51–65 33 5.1 Not good 139 20.3
>65 14 1.7
Education level Annual family income Self-rating mental health
Primary school
and below 103 15.14 ≤100,000 42 6.2 Very

good 49 7.2

Junior high school 334 48.71 100,000–150,000 160 23.4 Good 216 31.5
High school 107 15.61 150,000–300,000 385 56.2 Normal 256 37.4
Bachelor’s degree
and above 141 20.55 >300,000 98 14.2 Not good 164 23.9

Note: The proportion unit is %.

In addition, a confidentiality option for residents’ privacy was added to the ques-
tionnaire content. The participants consented to participate in a survey on their personal
social and economic background and daily activity habits. The content of the questionnaire
fully informed the respondents of the risks they faced and of their rights. In particular, the
questionnaire was anonymized to protect the participants’ privacy. To further protect the
participants’ privacy, we actively deleted name attributes when we obtained data through
the questionnaire. This study only explored the characteristics and mechanisms of group
activity and did not conduct a differential analysis of individual patients.

Reliability analysis evaluates the consistency and stability of the model by comparing
multiple measurement results. This analysis mainly uses the Alpha analysis method and
semi reliability analysis method, calculates the reliability coefficient through different meth-
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ods, and then conducts a reliability analysis on the reliability coefficient. The reliability
analysis method used in this article is Cronbach’s Alpha coefficient. The value of the relia-
bility coefficient is between 0 and 1. When the coefficient is greater than 0.7, it is considered
that the model has strong reliability and can be used for systematic analysis; between
0.5 and 0.7, it indicates that the reliability of the model is average. This article uses SPSS
statistical analysis software for reliability analysis and uses Cronbach’s Alpha reliability
coefficient to measure the intrinsic reliability of the questionnaire. The Alpha reliability
coefficients of each indicator of the questionnaire are calculated separately (Table 2). From
the results, the Cronbach’s Alpha values of the reliability coefficients of each factor in the
survey questionnaire are all greater than 0.7, indicating that the internal structure of the
survey questionnaire options is good. There is strong consistency among the questionnaire
options, and using the questions in the questionnaire to measure the influencing factors of
residents’ commuting behavior has good reliability.

Table 2. Reliability analysis of the influencing factors of commuting behavior among residents.

Factor Corbach’s Alpha Value Standardized Corbach’s Alpha Value

Age 0.8821 0.9014
Gender 0.8745 0.8901

Education level 0.7892 0.8191
Annual household income 0.7233 0.7912

Occupation 0.7563 0.7244
Car ownership 0.8135 0.8227

(2) Air quality data

With the continuous development of air quality monitoring and forecasting technolo-
gies in China, cities at all levels have established air monitoring stations for real-time
monitoring of the urban AQI. This index includes six categories of pollutants: particulate
matter (PM)2.5, PM10, carbon monoxide (CO), nitrogen dioxide (NO2), ozone (O3), and
sulfur dioxide (SO2) (Table 3). The data used in this study were obtained from the Ministry
of Ecology and Environment of China (http://www.cnemc.cn/ (accessed on 13 November
2022)). There are seven air monitoring stations in the Gaoyou urban area, located on
Haichao Road, Wu’an Road, Qinyou Road, Wenyou Road, and Zhuguang Road. We contin-
uously collected the daily average AQI and concentration data concerning the six types
of pollutants for 2022. Correlation analysis revealed that the AQI had a significantly high
correlation with the concentrations of the six types of pollutants. Therefore, this study
used AQI values from the air monitoring stations in each area to represent the air pollution
situation. According to Chinese national standards, air quality levels are divided into excel-
lent (AQI ≤ 50), good (50 < AQI ≤ 100), minor (100 < AQI ≤ 150), mild (150 < AQI ≤ 200),
moderate (200 < AQI ≤ 300), and severe pollution (AQI > 300). As shown in Table 1, the
daily average AQI of Gaoyou City in 2022 was 68.82, and the single-day AQI ranged from
excellent to highly polluted. Simultaneously, there was a significant difference in the AQI
values at each monitoring station (F = 7.982, p = 0.000), indicating a significant difference in
the air pollution levels in each area of the Gaoyou urban area.

2.2. Independent and Dependent Variables

This study used a binomial logistic regression quantitative analysis model to control
for individual socioeconomic attribute variables and measure the effects of commuting
patterns on resident health. The model comprised two dimensions and six indicators,
with the dependent variables being physical and psychological health. Physical health
factors included body mass index (BMI), sleep quality, and the number of sick days,
which were used to quantify the physical health status of residents through objective data.
Psychological health factors included psychological state, mental stress, and emotional
state, which were quantified using self-evaluation data to measure residents’ mental states.

http://www.cnemc.cn/
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This study obtained N types of commuting patterns through systematic clustering analysis,
which served as the independent variables of the model. In addition, sex, age, education
level, annual family income, nature of the work unit, housing tenure, number of cars, and
other indicators were selected as control variables.

Table 3. Air quality index (AQI) statistics and sub-indicators.

Variable (Unit) Basic Definition Mean/Day Variance Minimum Max

AQI (Value) Single-day AQI 68.82 28.58 20.08 167.92

PM2.5 (µg/m3)
Particle index with aerodynamic

equivalent diameter less than or equal
to 2.5 µm in the atmosphere

76.13 23.25 23.71 103.21

PM10 (µg/m3)
Particle index with aerodynamic

equivalent diameter less than or equal
to 10 µm in the atmosphere

83.27 21.07 33.91 112.13

CO (mg/m3)
Carbon monoxide concentration index

in the atmosphere 4.82 0.15 3.15 4.97

NO2 (µg/m3)
Nitrogen dioxide concentration index

in the atmosphere 37.21 9.37 29.18 48.27

O3 (µg/m3)
Ozone concentration index in

the atmosphere 74.23 25.43 41.72 92.18

SO2 (mg/m3)
Sulfur dioxide concentration index in

the atmosphere 85.17 19.18 67.19 103.94

Specifically, the model classified health levels into two categories: “healthy” and
“unhealthy” based on questionnaire responses. In terms of physical health, the study
obtained the height and weight of the respondents based on the questionnaire survey and
calculated BMI according to the formula weight (kg)/square of height (m2) to evaluate
whether residents’ BMI was normal according to the range criteria of 18.5–24.0 [24]. Sleep
quality was assessed using the question “How is your sleep quality?” with answers of
“very poor” or “relatively poor” being considered unhealthy, while answers of “average”,
“good”, or “very good” considered healthy. A taking leave frequency of “5 or more
times” was considered unhealthy, while a taking leave frequency of “5 or less times”
was considered healthy. This article considers taking 5 or more vacations per month as
unhealthy. The main basis is the employee assessment policy documents formulated by the
human resources management departments of most Chinese enterprises [25,26]. Chinese
enterprises generally adopt a work and rest system of five days a week and two days
off, with an effective working time of 20 days per month. If an employee takes 5 or
more vacations per month, it will reduce their effective working hours by 1/4, which
will seriously affect the normal production and operation of the enterprise. Enterprise
managers may believe that the employee’s physical condition is insufficient for the job and
thus consider the employee to be unhealthy [27].

In terms of attitude towards life, the questionnaire investigated four areas: “being
able to handle problems well”, “getting along well with oneself and others around me”,
“frequently participating in social and collective activities”, and “having many close friends,
colleagues, or relatives”, with answers in relation to them of “sometimes”, “often”, or
“always” considered healthy, while “never” or “rarely” were considered unhealthy. When
two or more unhealthy options were selected, the participant was considered to have a
negative attitude towards life. In stress measurement, the question set sought information
on whether “I feel a lot of pressure”, with answers of “often” or “always” considered
unhealthy, while answers of “never” or “rarely” were considered healthy. In measuring
emotional states, the question set sought information on whether ‘I feel very relaxed”, with
answers of “often” or “always’ considered healthy while answers of “never” or “rarely”
were considered unhealthy.
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2.3. Statistical Analyses
2.3.1. K-Means Clustering

The k-means clustering algorithm, an iterative clustering analysis algorithm that
categorizes samples with similar properties into one class and samples with significant
differences in properties into different classes, was used. The specific steps taken involve
randomly selecting K objects as the initial clustering centers, calculating the distance
between each object and the centers of each subclass, and assigning each object to the
nearest clustering center. The algorithm iterates the above process repeatedly until the
final clustering center no longer changes and reaches the local minimum of the sum of the
squares of errors.

Zj =
1
Nj

∑
Nj
i=1 Xi, Xi ∈ Sj (1)

where Sj refers to the jth clustering class with a cluster center of Zj, and Nj refers to the jth
aggregate class Sj and the number of samples included in j. This study used the K-means
method to classify the commuting behaviors of residents. Specifically, samples with similar
indicators, such as commuting mode, commuting time, and commuting distance, were
clustered into one category, and the commuting mode of the residents was classified.

2.3.2. Standard Deviation Ellipse Analysis

Standard deviational ellipse (SDE) analysis is used to describe the directionality and
range characteristics of the spatial distribution of geographical elements [27] and is mainly
applied to active spatial analysis [28]. This study utilized the SDE measurement tool in
ArcGIS to quantitatively analyze the spatial characteristics and differences in residents’
commuting travel under different air quality levels and to identify the spatial distribution
pattern of residents’ commuting travel in air pollution environments.

2.3.3. Binomial Logistic Regression Model

Binomial logistic regression is a probabilistic nonlinear model involving a multivariate
analysis method that is used to study the relationship between binary classification results
and commuting patterns. Logistic regression can be used to predict the probability of occur-
rence of each categorical variable. This model addresses many limitations of multiple linear
regression and does not assume a linear relationship between dependent and independent
variables in advance, which can effectively take the problem of nonlinear effects in the
model into account [29].

Binomial logistic regression analysis is mostly used in medical sociology and public
health research to comprehensively evaluate the factors influencing health risks. There
are two types of classification results for health prediction: healthy and unhealthy. The
dependent variable Y follows a binomial distribution with values of 0 and 1. The overall
probability of Y = 1 is π (Y = 1), and the m independent variables are X1, X2, . . . , Xm. The
binomial logistic regression model was as follows:

π(Y = 1) =
exp(β0 + β1x1 + β2x2 + · · ·+ βmxm)

1 + exp(β0 + β1x1 + β2x2 + · · ·+ βmxm)
=

1
1 + exp[−(β0 + β1x1 + β2x2 + · · ·+ βmxm)]

(2)

where x1, x2, . . . , xm are the driving factors affecting health outcomes, β0 refers to the
intercept (or constant term), and βm is the regression coefficient corresponding to Xm (j = 1,
2, . . . , m). Positive (negative) values representing the relevant independent variable Xm
can increase (decrease) the occurrence rate of event i. The larger the absolute value of βm,
the larger the independent variable Xm effect on the occurrence rate of event i. We use the
formula exp (m) to measure the index based on the natural logarithm [27]. The following
formula was used in the logistic regression model. Specifically, the model substitutes the
independent variable of an individual into the formula. When obtaining the estimated
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values of regression parameters (b0, · · · , bj), the predicted value p̂ of the sample’s health
probability. (Y = 1) can be obtained, as follows:

p̂ =
exp(b0 + b1x1 + b2x2 + · · ·+ bmxm)

1 + exp(b0 + b1x1 + b2x2 + · · ·+ bmxm)
(3)

3. Results
3.1. The Residents’ Main Daily Commuting Modes in Gaoyou City

This study first assessed the use of walking, cycling, and other slow commuting
methods; public transportation and subways as public transportation commuting methods;
taxis and private cars as motor vehicle commuting methods; and electric bicycles and
motorcycles as other commuting methods. Overall, full-time employees in the study area
mainly chose public transportation commuting (accounting for approximately 33.66%),
followed by slow commuting (accounting for approximately 28.29%). There was a close
connection between commuting distance, time, and mode. This study next comprehen-
sively analyzed the health effects in relation to these factors using a systematic clustering
analysis, focusing on four different commuting modes. Table 1 shows the characteristics
of commuting distance, commuting time, and commuting mode in the four commuting
modes, namely, Mode 1, Mode 2, Mode 3, and Mode 4. Mode 1 refers to short-distance
slow travel, Mode 2 refers to medium-distance mixed travel (combined use of public trans-
portation and small cars), Mode 3 refers to long-distance motor vehicle travel, and Mode
4 refers to long-distance mixed travel (combined use of public transportation and slow
travel) (Table 4).

Table 4. The main classification features of different commuting modes.

Commuting Mode Mode 1 Mode 2 Mode 3 Mode 4

Commuting distance/km
Mean value 1.4 4.2 14.1 15.8

Median 0.9 3.8 13.0 13.5
Standard deviation 1.3 2.2 7.5 6.6

Commuting time/min
Mean value 7.9 19.6 44.7 28.8

Median 10.0 20.0 40.0 23.0
Standard deviation 2.5 6.2 11.5 16.1

Transportation vehicles (proportion)/%

Walking or cycling 58.3 17.9 3.7 28.4
Public

transportation 4.2 42.3 61.1 33.8

Car 15.3 15.4 31.5 19.6
Other modes 22.2 24.4 3.7 18.1

Number of samples / 172 156 132 78

3.2. Spatial Characteristics of Commuting Behaviour under Different Air Pollution Environments

Based on the questionnaire survey data, the residential and employment addresses
of the sample population were located spatially. This study used ArcGIS visualization
software to perform kernel density analysis, SDE ellipse analysis, and spatial interpolation
analysis of residential and employment areas to determine the commuting characteristics of
the surveyed population [22,23]. The results showed that there were significant differences
in the dominant direction and activity range of commuting for the same commuting mode
under different degrees of air pollution (Figure 4). Concerning commuting distance, the
average straight distance for short-distance commuting was 1.4 km, with a median of
0.9 km, indicating that the surveyed individuals generally had short commuting distances
to cover (Table 3).
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In addition, the proportion of those who engaged in long-distance commuting was not
high, with 32.7% reporting commuting distances exceeding 10 km and a median commuting
distance of 13.2 km. In terms of the main commuting directions, in slight air pollution
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environments, the long-distance commuting of residents in Gaoyou City was concentrated
along both sides of the north–south expressway, while short-distance commuting areas of
concentration were relatively scattered. In moderately and heavily polluted environments,
the main commuting directions were concentrated in large industrial development parks in
the northern part of the city as well as on both sides of the highways on the eastern side of
the city, with some commuting clusters around residential areas within the city. Concerning
the commuting scope, with the intensification of air pollution, the range of residents’ long-
distance commuting activities significantly decreased, as did the range of short-distance
slow-travel commuting. Based on the current land use in Gaoyou City, commuter travel
was mostly concentrated in residential areas, industrial areas, transportation corridors,
and other areas with intensive human activities. Overall, on a micro-urban spatial scale,
low-visibility air pollution environments had a significantly negative impact on residents’
daily commuting behavior.

3.3. Time Characteristics of Commuting Behavior among the Residents in Different Air
Pollution Environments

Overall, in terms of different air pollution environments, the commuting times of the
residents could be divided into four categories: the first category was within 20 min, with
an increasing trend for this category in relation to both low and moderate air pollution; the
second category ranged from 20 min to 30 min, which accounted for the largest and highest
proportion of commuting hours in Gaoyou City; the third category ranged from 30 min
to 60 min, where the commuting time fluctuated but with an overall significant decrease
as air pollution increased; and the fourth category was for 1 h or longer, with the lowest
proportion of residents travelling for this time (Figure 5). In high air pollution environments,
the residents tended to use motor vehicles to replace slow travel, significantly shortening the
commuting time, with the proportion of short-distance travel among residents significantly
increasing, while the proportion of those using long-distance travel showed a decreasing
trend. In moderately polluted environments, the proportion of those with a long commute
time of 20 min was the highest, whereas the proportion of those with a short commute time
of 10 min was the highest.
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Concerning commuting options, as air pollution worsened, the proportion of residents
who chose self-driving and public transportation increased significantly. In high air pollu-
tion environments, the proportion of self-driving commuters was the highest, followed by
public transportation users, slow commuters, and multimodal mixed commuters. Residents
choosing faster transportation options could reach their destinations faster, reducing their
exposure time to air pollution and the probability of harm, as well as being able to control
their departure time more flexibly, making it easier for them to adjust their commuting
behavior in response to changes in the external air environment.
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3.4. The Characteristics of Residents’ Physical and Mental Health Status under Different
Commuting Modes

Overall, women had a higher proportion of abnormal BMI and low emotional state
variables, whereas their other health-related indicators showed better results than those
of men. Among the population aged 20–65 years, there was a gradual decrease in the
proportion of physical and mental health issues among residents as they aged. Those
with a bachelor’s degree or above asked for sick leave more often and experienced higher
psychological stress compared with those with lower educational qualifications. The
proportion of participants with other unhealthy indicators was relatively low. The health
statuses of residents in terms of different occupational types differed markedly, with
those working in government agencies, public institutions, self-employed businesses, and
freelancers having low levels of physical and mental health issues, while those working
in state-owned enterprises and private enterprises had high levels. The more cars a
family owned, the higher the levels of physical and mental health among the residents.
In particular, the psychological stress level of residents with two or more cars was lower
than that of residents without cars or with only one car, accounting for 56.5%. The physical
and mental health statuses of the residents in different air pollution environments and
commuting modes are shown in Table 5.

Table 5. The commuting modes and health effects among residents under different air
pollution environments.

Each Categorical Variable

Physical Health Level Mental Health Level

Low Body
Mass Index

(Proportion%)

Poor Sleep
Quality

(Proportion%)

Frequent Sick
Leave

(Proportion%)

Negative
Attitude

(Proportion%)

Major
Psychological

Pressure
(Proportion%)

Depression
(Proportion%)

Analysis variables

Commuting mode
Mode 1 43.2 7.6 11 15.3 33.9 13.6
Mode 2 37 13.7 11 17.8 43.8 17.8
Mode 3 26.5 8.8 8.8 8.8 35.3 11.8
Mode 4 12.5 7.2 3.3 14.2 24.8 7.9

Control variables

Air pollution
environment (AQI)

AQI ≤ 50 8.5 6.7 5.9 10.2 9.3 10.5
50 < AQI ≤ 100 9.2 8.3 9.6 15.3 14.5 16.3
100 < AQI ≤ 150 23.3 17.2 19.6 19.2 18.6 19.8
150 < AQI ≤ 200 6.2 5.7 4.3 8.2 7.9 7.3

Gender Male 44.8 8.8 9.6 14.4 35.2 15.2
Female 29.6 10.2 11.1 15.7 38.9 13

Age

≤20 18.2 9.1 18.2 9.1 45.5 18.2
20–35 31.5 13 11.1 15.7 41.7 15.7
35–50 53.1 7.4 8.6 14.8 35.8 13.6
50–65 23.3 3.3 10 13.3 20 6.7
>65 66.7 0 0 33.3 33.3 33.3

Education

Junior high school
and below 30.4 4.3 26.1 8.7 17.4 0

High school 29.5 11.5 8.2 8.2 37.7 14.8
College degrees 45.3 9.4 8.5 22.2 34.2 17.1

Master’s degree or
above 31.3 9.4 9.4 6.3 59.4 12.5

Annual household
income

≤100,000 41.2 5.9 9.4 9.4 23.5 8.2
100,000–150,000 28.3 10 10 16.7 41.7 15
150,000–300,000 37 11.1 14.8 22.2 37 20.4

>300,000 43.5 13 8.7 17.4 52.2 17.4

Employment

Government
agencies and
institutions

48.1 3.7 0 3.7 37 7.4

State-owned
enterprises 53.8 0 3.8 23.1 42.3 19.2

Private enterprise 32.2 13.8 9.2 18.4 35.6 19.5
Freelancer 55.6 5.6 5.2 16.7 5.1 3.1

Number of
family cars

None 40.7 12.8 7 17.4 33.7 18.6
1 36.3 5.6 10.5 11.3 35.5 11.3
≥2 34.8 17.4 21.7 26.1 56.5 13.2

4. Discussion
4.1. The Short-Distance Slow Commuting Mode Had a Significant Positive Impact on Residents’
BMI and Sleep Quality

The correlation analysis results between different commuting modes and health indi-
cators after controlling for socioeconomic attribute variables are presented in Tables 5 and 6.
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The analysis results of some models were consistent with the conclusions of the descriptive
statistical analysis presented in Table 5. First, the short-distance slow commuting mode
had a significant positive impact on residents’ BMI and sleep quality. Compared with
Mode 3, Mode 1 had the lowest risk of unhealthy BMI among the residents, with a sig-
nificant positive correlation between the two statistical indicators. This finding accords
with the results reported by Qing et al. [15]. This study examined the health effects of
commuting behavior among residents, and the results showed that walking had the highest
health benefits, followed by buses, subways, and private cars. In addition, middle- and
long-distance commuting patterns were significantly correlated with BMI, sleep quality,
psychological stress, and other indicators. Long-distance commuting also had a significant
negative correlation with indicators such as residents’ attitudes towards life and emotional
states. The correlations between commuting patterns and employee sick leave behavior
were not significant, which may be because the effects of employee sick leave behavior
are more complex and could not be captured in this model. However, the survey sample
was mainly composed of middle-aged and young people who had a relatively low overall
health risk. Therefore, the effects of this factor were unlikely to have been significant.

Table 6. Correlation analysis between different commuting modes and health indicators.

Body Mass
Index Sleep Quality Sick Leave

Frequency Life Attitude Psychological
Stress

Emotional
State

Mode 1

Pearson correlation 0.819 0.719 −0.406 −0.237 −0.306 0.3165
Significance

(Double tailed) 0.116 ** 0.111 ** 0.943 0.067 0.934 0.027 *

Covariance 0.960 0.585 −0.012 −0.689 0.049 1.140

Mode 2

Pearson correlation 0.754 0.662 −0.552 −0.625 0.427 0.636
Significance

(Double tailed) 0.477 * 0.411 ** 0.504 0.094 0.717 * 0.068 ***

Covariance 0.050 0.035 −0.013 −0.073 0.025 0.110

Mode 3

Pearson correlation −0.124 0.112 0.105 −0.002 0.091 −0.025
Significance

(Double tailed) 0.858 ** 0.140 0.181 0.978 0.231 * 0.740

Covariance −0.057 0.260 0.120 −0.005 0.367 −0.092

Mode 4

Pearson correlation −0.207 0.134 0.131 −0.032 0.082 −0.031
Significance

(Double tailed) 0.782 * 0.129 0.126 0.849 * 0.254 0.731 *

Covariance −0.067 0.273 0.157 −0.027 0.356 −0.108

Note: *, **, and *** represent p = 0.1, p = 0.05, and p = 0.001, respectively.

Commuting, as a daily journey between home and work, is an important factor
affecting individual psychological stress, as shown by Wu Jiangjie [16], who conducted
research on a national scale and found that commuting time had a significant negative
impact on happiness and health. Overall, commuting was found to be closely related
to the residents’ health. The effect of commuting on health includes two dimensions in
temporal and spatial behavior theory. Commuting time occupies the total daily time of
residents, reducing their time spent exercising and indirectly affecting their individual
health. However, under different commuting modes, residents choose different modes of
transportation and are exposed to different external air environments, which in turn affects
individual health levels.

4.2. Long-Distance Self-Driving Commuting Had a Significant Negative Impact on Residents’
Mental Health

This study used six indicators of physical and mental health as dependent variables,
with health impairment as a comparison item. The model results showed how different
levels of air pollution, commuting modes, and socioeconomic backgrounds affected the
health status of the residents (Tables 7 and 8). In terms of BMI and psychological stress, the
proportion of unhealthy participants increased significantly with increases in commuting
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distance and commuting time. The proportion of unhealthy participants in Mode 3 was
relatively high, while the proportion of unhealthy participants in Mode 1 was relatively
low. The results showed that the slow commuting mode increased the intensity of physical
activity, and residents had a more positive perspective, thereby reducing the risk of an
abnormal BMI. However, commuters in Mode 3 used buses and cars as transportation tools,
and commuters sat inside these vehicles for long periods of time, resulting in less physical
activity and a higher risk of an unhealthy BMI. In addition, a positive commuting mode
can help guide residents to relax and look at the scenery along the way while commuting,
thereby helping to relieve psychological stress.

Table 7. Regression model concerning the effect of commuting mode on physiological health.

Influence Factor
Abnormal Body Mass Index Poor Sleep Quality High Frequency of

Sick Leave

Sig. Exp(B) Sig. Exp(B) Sig. Exp(B)

Commuting mode
(comparison: Mode 4) 0.609 / 0.911 / 0.193 /

Mode 1 0.434 ** 1.464 0.866 * 0.872 0.088 * 0.177
Mode 2 0.899 * 0.949 0.850 * 1.158 0.401 ** 0.445
Mode 3 0.689 0.763 0.827 1.092 0.359 0.482

Air pollution level
(comparison: 150 < AQI ≤ 200) 0.726 / 0.927 / 0.932 /

AQI≤50 0.986 0.981 0.923 0.000 0.982 0.000
50 < AQI ≤ 100 0.801 * 1.285 0.976 * 0.000 0.968 ** 0.000
100 < AQI ≤ 150 0.659 ** 0.649 0.999 0.000 0.999 0.000

Gender (comparison: female) 0.056 / 0.532 / 0.858 /
Male 0.290 0.979 0.381 1.028 0.175 1.049

Education background
(comparison: Master’s degree

or above)
0.195 / 0.801 / 0.060 /

Primary school and below 0.918 * 0.911 0.607 2.227 0.735 * 0.609
Junior high school 0.837 ** 1.156 0.834 * 1.247 1.242 3.330

High school 0.178 0.465 0.432 * 2.014 0.137 4.557
Annual household income

(comparison: over 300,000 yuan) 0.793 / 0.729 / 0.954 /

Below 100,000 0.999 0.000 0.932 * 0.032 0.827 * 0.788
100,000–150,000 0.999 0.000 0.927 ** 0.054 0.795 *** 0.766
150,000–300,000 0.999 0.000 0.908 0.018 0.594 1.779

Employment
(comparison: Freelancer) 0.324 / 0.866 / 0.913 /

Government agencies and
institutions 0.207 *** 0.207 0.926 * 0.000 1.000 2.619

State-owned enterprises 0.447 * 0.379 1.000 0.328 0.999 0.000
Private enterprise 0.633 * 0.530 0.999 0.000 0.999 0.000

Number of family cars
(comparison: 2 or more) 0.635 / 0.170 / 0.049 /

None 0.496 * 0.635 0.220 * 3.010 0.026 10.110
1 0.347 0.555 0.061 5.211 0.017 10.267

Marital status
(comparison: unmarried) 0.971 / 0.841 / 0.333 /

Married 0.623 * 0.566 0.999 0.000 0.999 0.000
Constant 0.999 3.797 × 108 0.998 4.902 × 102 0.998 1.371 × 102

Number of samples 472 398 396
Log-likelihood 236.670 103.525 87.087
Cox & Snell R2 0.129 0.125 0.193
Nagelkerke R2 0.178 0.265 0.408

Note: *, **, and *** represent p = 0.1, p = 0.05, and p = 0.001, respectively; AQI, air quality index.
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Regarding the two indicators of negative mentality and low mood, the commuting
mode showed an inverted “U” shaped relationship with health level. The probability of
residents being mentally unhealthy under the conditions of Modes 1 and 2 was lower,
whereas the conditions of Modes 3 and 4 corresponded to a higher probability of residents
being mentally unhealthy. Additionally, there was a close correlation between sleep quality
and sick leave frequency. The sleep quality of the residents under Mode 3 conditions was
generally poor, and the corresponding number of sick leave requests was high. A possible
reason for this is that Mode 3 mainly involves long-distance car travel, with commuters
staying in their cars for extended periods. This enclosed environment may have increased
residents’ mental stress. Overall, the impact mechanism of commuting modes on resident
health was complex. A long commuting distance led to greater psychological stress and a
worse mental state for the residents, resulting in negative health effects. However, short-
distance commuting may also have resulted in poor health effects owing to changes in the
commuting environment (air pollution and outdoor temperature). In addition, the health
level of the residents was likely to have been influenced by various factors, such as health
status, exercise habits, daily habits, dietary habits, and their type of work.

Table 8. Regression model concerning the effect of commuting mode on mental health.

Influence Factor
Negative Attitude Psychological Stress Depression

Sig. Exp(B) Sig. Exp(B) Sig. Exp(B)

Commuting mode
(comparison: Mode 4) 0.743 / 0.823 / 0.673 /

Mode 1 0.591 * 0.675 0.610 ** 0.784 0.568 0.648
Mode 2 0.443 * 0.607 0.980 1.011 0.375 * 0.547
Mode 3 0.503 * 0.683 0.611 * 0.497 0.329 0.026

Air pollution level
(comparison: 150 < AQI ≤ 200) 0.877 / 0.512 / 0.802 /

AQI≤50 0.766 1.600 0.153 ** 4.297 0.779 * 1.524
50 < AQI ≤ 100 0.499 0.379 0.426 * 2.140 0.534 2.568
100 < AQI ≤ 150 0.796 0.687 0.569 1.728 0.714 1.750

Gender (comparison: female) 0.708 / 0.671 / 0.344 /
Male 0.596 * 0.984 0.393 0.983 0.651 0.986

Education background
(comparison: Master’s degree

or above)
0.747 / 0.153 / 0.763 /

Primary school and below 0.602 * 2.075 0.051 6.475 0.998 1.014 × 108

Junior high school 0.398 2.454 0.254 ** 2.172 0.635 ** 0.626
High school 0.883 1.132 0.070 2.725 0.777 1.267

Annual household income
(comparison: over 300,000 yuan) 0.518 / 0.145 / 0.810 /

Below 100,000 0.363 5.294 0.070 7.503 0.412 3.924
100,000–150,000 0.967 1.065 0.166 4.053 0.306 4.931
150,000–300,000 0.652 2.086 0.805 1.293 0.331 5.047

Employment
(comparison: Freelancer) 0.594 / 0.481 / 0.497 /

Government agencies and
institutions 0.319 0.000 0.253 ** 3.017 0.774 1.558

State-owned enterprises 0.293 *** 0.000 0.303 * 1.682 0.482 3.373
Private enterprise 0.237 0.000 0.616 1.662 0.610 * 0.475

Number of family cars
(comparison: 2 or more) 0.369 / 0.646 / 0.491 /

None 0.833 0.836 0.552 ** 1.465 0.245 0.283
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Table 8. Cont.

Influence Factor
Negative Attitude Psychological Stress Depression

Sig. Exp(B) Sig. Exp(B) Sig. Exp(B)

1 0.447 * 1.850 0.985 1.011 0.387 * 0.410
Marital status

(comparison: unmarried) 0.578 / 0.033 / 0.877 /

Married 0.162 9.055 0.685 0.583 0.269 0.000
Constant 0.999 0.797 × 106 0.712 0.511 × 108 0.999 1.481 × 109

Number of samples 424 379 433
Log-likelihood 127.480 237.325 125.970
Cox & snell R2 0.095 0.158 0.119
Nagelkerke R2 0.184 0.214 0.226

Note: *, **, and *** represent p = 0.1, p = 0.05, and p = 0.001, respectively; AQI, air quality index.

4.3. Long-Distance Commuting Had a Negative Impact on Residents’ Health under High
Concentration Air Pollution

In environments with high concentrations of air pollution, the residents tended to
choose a mixed travel mode, combining public transportation and slow traffic, for long-
distance commuting. The residents use more physical energy when moving from their
places of residence to subway/bus stations and during the transportation transfer process,
which would help maintain a healthy BMI. In addition, in high air pollution environments,
residents’ sleep quality, attitudes towards life, emotional state, and other factors exhibited
an inverted U-shaped relationship with commuting patterns. These results indicated that
commuting a moderate distance was more conducive to improving residents’ sleep quality
and stabilizing their emotional and mental states, which accords with previous findings [29].
Non-motorized travel is often considered an effective way to exercise and a pleasant way
to travel [30].

The residents’ socioeconomic attributes also indirectly affected their health. Those with
higher levels of education had a greater probability of taking sick leave, with those having
a master’s degree or above having the highest probability of taking sick leave. In contrast,
those with a junior high school qualification or below had the lowest probability of taking
sick leave. This may be because highly educated individuals are more likely to engage in
mental labor, spend more time sitting, and have less time engaging in physical activity, with
negative effects on their physical health. There was also a significant correlation between
car ownership and residents’ health, with one-car owners having better health than those
without cars. People who owned two or more cars had the best health status, which is
consistent with the results of a previous study [31].

4.4. Short-Distance Slow Commuting Had a Significant Impact on Residents’ Mental Health under
Moderate Concentration Air Pollution

In terms of mental health, especially life attitudes and psychological stress, there was
also a U-shaped relationship between the commuting mode and health level (Table 7).
Compared to Mode 3, Mode 1 commuters experienced less psychological stress, whereas
Mode 2 commuters experienced more psychological stress. The impact of the commuting
mode on residents’ mental health was not significant in moderate and low air pollution
environments. This finding reflects the complex mechanisms involved in terms of what
affects mental health, with commuting behavior unlikely to be an independent factor
influencing the psychological state of residents. In a moderately polluted environment,
the psychological stress of those in Mode 1 was less, while there was no clear significant
stress in the other modes. A possible reason for this is that short commutes take less
time, residents are less likely to be exposed to air pollution, and their mental states are
more relaxed. This finding does not support a previous study reporting that moderate
commuting is conducive to reducing residents’ psychological stress [32]. Educational
background, annual family income, and housing tenure significantly affected residents’
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psychological status. Among the residents, most psychological stress was reported in those
qualified to at least junior high school level, followed by those with college degrees, and
then by those with high school qualifications. However, there was a significant inverse
relationship between annual family income levels and residents’ psychological stress. In
addition, among the factors that affected residents’ emotional states, when the number of
family cars was one, residents’ emotional states were worse compared with those with no
or two cars or more, at a statistically significant level.

In severe pollution situations, citizens often use their own cars to commute, which can
have multiple impacts on the environment. On the one hand, residents choose to drive
themselves to avoid exposing themselves to polluted air environments during transporta-
tion transfers, thereby achieving the effect of protecting themselves [30]. On the other hand,
excessive car travel can lead to road traffic congestion and affect travel safety. At the same
time, too many cars on the road emit more exhaust gas, further exacerbating the level of air
pollution [31]. This conclusion is similar to other existing research results; some scholars
have paid attention to the ecological renewal of old communities and believe that reducing
the concentration of air pollutants and the risk of residents’ pollution exposure can help
promote residents’ physical and mental health. This study uses a computational fluid dy-
namics numerical simulation model to compare and analyze various spatial layout schemes,
proposes spatial form optimization strategies for actively improving air environmental
quality, and forms community functional layout schemes that adapt to air environmental
quality [32,33].

5. Conclusions

This study examined the main patterns and health effects of commuting behavior
among urban residents under different degrees of air pollution. This study used a binomial
logistic regression model to examine statistical correlations between commuting patterns
and various health indicators under different air pollution environments while controlling
for residents’ socioeconomic attributes. The study provided corresponding explanations
for the possible mechanisms of commuting behavior and the health effects on residents
under different air pollution conditions.

5.1. Key Findings

The main conclusions are as follows:
(1) The daily commuting travel of the residents of Gaoyou City can be divided into

four modes. Mode 1 involved short-distance slow travel, Mode 2 involved medium-
distance mixed travel (combining public transportation and small car use), Mode 3 in-
volved long-distance motor vehicle travel, and Mode 4 involved long-distance mixed travel
(combining public transportation and slow travel);

(2) In air-polluted environments, residents’ commuting times were mainly concen-
trated within 1.5 h, with a majority taking 20 to 30 min. The proportions of those with
commuting times of 40 min and 1 h were roughly equal, whereas there were very few
residents with commuting times exceeding 1.5 h. Concerning commuting options, the
proportion of residents choosing self-driving commuting was the highest, followed by
public transportation, slow commuting, and multimodal mixed commuting in high air
pollution environments;

(3) Long-distance commuting under high air pollution concentrations negatively
affected the health of the residents. In high air pollution environments, residents’ sleep
quality, attitudes towards life, emotional states, and other assessed factors exhibited an
inverted U-shaped correlation with commuting patterns. A moderate commuting distance
was more conducive to reducing the likelihood of health issues related to poor sleep quality
and mental states and in stabilizing residents’ emotions and promoting their mental health.
In addition, under medium-concentration air pollution conditions, short-distance slow
commuting had a significantly positive effect on residents’ mental health, which is likely
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explained as being because short commutes take less time, residents are less likely to be
exposed to air pollution, and their mental states are more relaxed.

5.2. Implications

In this study, air pollution variables were introduced into the study of behavioral
geography, enriching the research results on commuting behavior in the field of behavioral
geography. The study results provide a basis for relevant government departments to con-
duct more effective urban management and planning. First, it is necessary to optimize the
urban spatial layout and ensure a balanced development of employment and housing using
a sustainable development framework that is appropriately adapted to the population size
and transportation capacity. Second, at the technical level, the focus needs to be on provid-
ing comprehensive support facilities across areas with differing functional requirements
and improving the networking level of infrastructure and public service facilities within
regions. At the same time, there needs to be a balanced allocation of employment and
residential space, with transportation demands appropriately met and with regional traffic
pressure alleviated, to promote efficient and orderly commuting behavior among residents.

5.3. Limitations and Future Research Directions

Owing to the complex impact of commuting patterns on health, the question remains
concerning the scale at which moderate commuting behavior is more beneficial to health.
This issue requires further exploration and the collection of environmental experimental
data for in-depth verification. Considerable research has been conducted on commuting
patterns [34], commuting differences among different groups [17,35], job residence relation-
ships and commuting behavior [36], urban spaces [37], commuting behavior [38–40], and
excessive commuting [41]. These studies are mostly based on questionnaire survey data
such as activity logs or travel logs. Commuting distance is often measured by the straight-
line distance between the home and workplace or the shortest path network distance cal-
culated based on GIS tools rather than the actual commuting distance of residents [42–44].
Moreover, owing to the limitations of short-term data, in most studies, residents’ daily com-
muting behavior is considered fixed and undifferentiated, and few studies have explored
the differences in commuting between residents on different working days. Given this
situation, we intend to refine and classify the travel trajectories of residents’ commuting
behavior for different population groups in subsequent studies and interpret the effects of
different travel modes on residents’ physical and mental health. In addition, in the next step
of research, structural equation models will be employed to identify the interrelationships
and health effects of factors such as work and residence distance, commuting methods, and
commuting time.
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