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Abstract: We investigate the dynamic interplay between air pollution (PM10) and income and their
joint association with quarterly sales in commercial alleys, focusing on the pre-COVID-19 (2018–
2019) and COVID-19 (2020–2021) periods in Seoul, South Korea. The objective of this study is to
identify how air pollution and income collectively influence consumer spending patterns by looking
at the increase and decrease in sales in commercial alleys, with a focus on contrasting these effects
before and during the COVID-19 pandemic, utilizing advanced machine learning techniques for
deeper insights. Using machine learning techniques, including random forest, extreme gradient
boosting, catboost, and lightGBM, and employing explainable artificial intelligence (XAI), this study
identifies shifts in the significance of predictor variables, particularly PM10, before and during the
pandemic. The results show that before the pandemic, PM10 played a notable role in shaping sales
predictions, highlighting the sensitivity of sales to air quality. However, during the pandemic,
the importance of PM10 decreased significantly, highlighting the transformative indirect impact
of external events on consumer behavior. This study also examines the joint association of PM10

and income with sales, revealing distinctive patterns in consumer responses to air quality changes
during the pandemic. These findings highlight the need for dynamic modeling to capture evolving
consumer behavior and provide valuable insights for businesses and policymakers navigating
changing economic and environmental conditions. While this study’s focus is on a specific region
and time frame, the findings emphasize the importance of adaptability in predictive models and
contribute to understanding the complex interplay between environmental and economic factors in
shaping consumer spending behavior.

Keywords: air pollution; explainable artificial intelligence (XAI); joint association of sales and air
pollution; machine learning; particulate matter (PM10); quarterly sales

1. Introduction

The interplay between socioeconomic factors and environmental conditions has a
significant impact on people’s spending behaviors. Much attention has been paid to
people’s expenditure behaviors. As commercial activities in the cities promote urban
sustainability and the vitality of public space [1], an improved understanding of people’s
expenditure behaviors can provide new ways of describing the economic shapes of cities [2]
and support better planning of shopping facilities or location decisions [3]. Expenditure
behaviors are influenced by socioeconomic (e.g., income, gender) factors [4] and different
environmental conditions (e.g., weather conditions, air pollution) [5]. Importantly, these
relationships often vary due to disruptive events (e.g., COVID-19), outbreaks [6], and
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natural disasters [7]. Among socioeconomic factors, income stands out as a particularly
influential element, shaping how individuals and households adjust their spending in
response to changing conditions, including during unprecedented global events such as
the COVID-19 pandemic.

Income has been advocated as a significant factor for determining expenditure
behaviors. There is no doubt that people with higher incomes spend more money
than those with lower incomes [8]. Interestingly, the associations between income
and expenditure behaviors changed during the COVID-19 pandemic. It was shown
that high-income households tended to reduce their spending more than low-income
households [9]. Not only that, but during the COVID-19 pandemic, stay-at-home orders
in the United States may also have led to substantial changes in people’s expenditure on
travel, grocery shopping, and other categories [10]. While income levels and pandemic-
related changes were crucial in shaping expenditure patterns, it is equally important to
consider environmental influences, particularly air pollution, which significantly alters
consumer behaviors and preferences.

Moreover, environmental factors such as air pollution have a significant effect on hu-
man behaviors and consumption patterns [11–13]. People tend to adjust their behaviors to
prevent air pollution exposure [11] and change their time allocation and expenditure [14,15].
Additionally, air pollution has been linked to an increase in medical expenditure [16] and
health insurance and reduced outdoor activities [17–20]. Air pollution has been found to
have indirect effects on consumer behavior. Studies have shown that air pollution can
disrupt consumption behaviors, leading to statistically significant economic effects [21].
Air pollution has a wide-ranging impact on consumer decision-making behavior, includ-
ing health risks, emotional changes, changes in daily habits, and individual and group
consumption behaviors [13]. Research has shown that air pollution increases customer
feelings of anxiety and discomfort, leading to an increase in online shopping activity when
consumers choose to decrease or avoid outdoor consumption [22]. Online public attention
to air pollution plays a mediating role in the relationship between air pollution and precau-
tionary behavior, influencing both proactive defensive behaviors and passive defensive
behaviors [23]. Additionally, air pollution has been found to induce bad moods in people,
leading to an increase in unhealthy food consumption as well [24]. Although finding
relationships between consumers’ expenditure and their income has long been of interest as
a research topic, questions about the joint effect of air pollution and income on expenditure
have not been answered yet.

This study aims to fill these gaps by examining the relationships between air pollution,
income, and commercial alley sales, particularly in understanding how these factors jointly
influence consumer behavior. Previous studies predominantly focused on the isolated
effects of pollution or income [13,22,25–28], lacking a comprehensive view of their combined
impact on expenditure patterns, especially in varying circumstances such as the COVID-19
pandemic. Such an approach, while insightful, overlooks the synergistic effect that air
pollution and income may have on consumer behavior, particularly in varying contexts such
as the periods before and during the COVID-19 pandemic. Furthermore, previous research
often relied on traditional analytical methods that may not adequately capture the complex,
multifaceted interactions between air pollution, income, and consumer spending. To the
best of our knowledge, no previous studies have utilized machine learning techniques
for similar research. This motivated us to adopt this approach. The next challenge was
selecting the most suitable method. Some methods, such as decision tree models, are
considered white-box models, making them easy to interpret but susceptible to biases in
training data [29,30]. In contrast, methods like Support Vector Machine (SVM) and Deep
Neural Network (DNN), considered black-box models, offer better predictive capabilities
but are structurally complex, making it challenging to understand their decision-making
processes [31,32]. To overcome the limitations of traditional methods, advanced techniques
were chosen for integration, specifically Explainable Artificial Intelligence (XAI). XAI serves
as a methodological framework aimed at enhancing the interpretability of machine learning
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algorithms, making model results more accessible and comprehensible to humans [33].
This choice guided our research approach to compare the research with periods before and
during the COVID-19 pandemic as well.

Since the COVID-19 pandemic began in October 2019, many scholars have invested
significant effort into exploring various societal changes, (e.g., access to foods [34] and
green space [35]). Importantly, there are remarkable socio-economic implications of
the COVID-19 pandemic. For example, the COVID-19 pandemic may be significantly
responsible for changes in people’s mobility and expenditure during the COVID-19
pandemic due to physical distancing [36,37]. Di Crosta and his fellow researchers
found that people increased their expenditure during the lockdown period during the
COVID-19 pandemic in 2021 [38]. Particularly, psychological factors (e.g., impulsiveness,
satisfaction) may be responsible for such an increase in buying. Therefore, it would
be interesting to explore changes in people’s outdoor expenditure pre-COVID-19 and
during the COVID-19 period.

To this end, this study proposes to explore the relationships between air pollution and
income and their joint impact on expenditures through sales. Our study area comprises
commercial alleys in Seoul, South Korea, and the study focuses on sales in commercial alley
sales for expenditures. In particular, this study examines differences in the relationships
prior to COVID-19 (2018–2019) and during the COVID-19 pandemic (2020–2021). To find
these relationships, multiple machine learning methods were tested (i.e., random forest,
extreme gradient boosting, catboost, and lightGBM).

Our research questions are (1) Which machine learning method captures the dynamic
relationships between air pollution, income, and expenditure well? (2) To what extent
can air pollution and income contribute to sales in shopping streets? (3) How do these
relationships vary before and during the COVID-19 pandemic?

Through this study, we aim to provide valuable insights into the intertwined effects
of air pollution and income on consumer spending through commercial street sales, with
implications for urban planning, policy making, and business strategies in the context of
both normal and disrupted societal conditions.

2. Materials and Methods
2.1. Workflow

All variables including the target and predictor variables are calculated using Seoul
commercial alley data and Air Korea data. The target variable comprises sales in com-
mercial alleys, and the predictor variables include air pollution. These variables are used
to train various machine learning models, including random forest, extreme gradient
boosting, catboost, and lightGBM. The validation of the models is tested using 10-fold
cross-validation. Based on the results of the performance of the four models, the best
model is selected for further analysis using feature importance and partial dependence
plots. The relative importance of the variables can be examined using feature importance,
and the association between sales and air pollution can be investigated using the partial
dependence plots (Figure 1).
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2.2. Datasets

As the study area comprised commercial alleys in Seoul, South Korea (Figure 2), sales
in commercial alleys and predictor variables were obtained from the Seoul commercial
alley data published in the Seoul Open Data Plaza (https://data.seoul.go.kr/) (accessed on
1 September 2023). Among all the 1671 commercial alleys in Seoul, 1088 commercial alleys
were selected for this study, excluding the commercial alleys with missing values in sales
and predictor variables from 2018 through to 2021.

A total of 70 predictor variables were used in this study, and among them, 69 variables
were downloaded from the Seoul Open Data Plaza and calculated based on the catchment
areas of commercial alleys. A catchment area is a 200 m circular buffer around each
commercial alley. There was also one variable regarding air pollution that was calculated
by analyzing data from 297 monitoring stations to calculate the average PM10 concentration
for each commercial alley. The data were obtained from the Air Korea initiative, which
is managed by the Korea Environment Corporation (KEC) (https://www.airkorea.or.kr)
(accessed on 1 September 2023). Ordinary kriging can provide the most accurate estimated
exposures for air pollution [39]; thus, it was used in this study to estimate the PM10 over all
of Seoul. The spatial resolution of the calculated PM10 was 70 m.

https://data.seoul.go.kr/
https://www.airkorea.or.kr


Sustainability 2024, 16, 530 5 of 19
Sustainability 2024, 16, x FOR PEER REVIEW 5 of 20 
 

 
Figure 2. Commercial alleys in Seoul. 

A total of 70 predictor variables were used in this study, and among them, 69 varia-
bles were downloaded from the Seoul Open Data Plaza and calculated based on the catch-
ment areas of commercial alleys. A catchment area is a 200 m circular buffer around each 
commercial alley. There was also one variable regarding air pollution that was calculated 
by analyzing data from 297 monitoring stations to calculate the average PM10 concentra-
tion for each commercial alley. The data were obtained from the Air Korea initiative, 
which is managed by the Korea Environment Corporation (KEC) (https://www.airko-
rea.or.kr) (accessed on 1 September 2023). Ordinary kriging can provide the most accurate 
estimated exposures for air pollution [39]; thus, it was used in this study to estimate the 
PM10 over all of Seoul. The spatial resolution of the calculated PM10 was 70 m. 

2.3. Target and Predictor Variables 
This study aims to predict quarterly sales in commercial alleys before and during the 

COVID-19 pandemic and to examine the joint association of air pollution and income with 
sales. The target variable is the total quarterly sales of all businesses in each commercial 
alley, and all the predictor variables were also based on quarters. A stepwise regression 
and the Variance Inflation Factor (VIF) were used to detect and mitigate the multicolline-
arity between the predictor variables [40]. All target variables and 70 predictor variables 
are presented in Table 1. The Supplementary Materials provide a detailed account of the 
variables used in our study, including their specific categorizations and roles in the anal-
ysis of Seoul’s commercial alley sales. Two years of data in 2018 and 2019 are used for the 
time prior to COVID-19, while 2020 and 2021 data are used for the period during the 
COVID-19 pandemic. 

  

Figure 2. Commercial alleys in Seoul.

2.3. Target and Predictor Variables

This study aims to predict quarterly sales in commercial alleys before and during the
COVID-19 pandemic and to examine the joint association of air pollution and income with
sales. The target variable is the total quarterly sales of all businesses in each commercial
alley, and all the predictor variables were also based on quarters. A stepwise regression and
the Variance Inflation Factor (VIF) were used to detect and mitigate the multicollinearity
between the predictor variables [40]. All target variables and 70 predictor variables are
presented in Table 1. The Supplementary Materials provide a detailed account of the
variables used in our study, including their specific categorizations and roles in the analysis
of Seoul’s commercial alley sales. Two years of data in 2018 and 2019 are used for the
time prior to COVID-19, while 2020 and 2021 data are used for the period during the
COVID-19 pandemic.
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Table 1. Details of the target and predictor variables.

Name Description Notes

Target Sales Level of total sales of all businesses in each
commercial alley Seoul commercial alley data

Predictor

Stores Number of all businesses in each commercial alley Seoul commercial alley data

Household related to the
area of the apartment

Number of households living in apartments under 66
or greater than 66, 99, 132, or 165 square meters Seoul commercial alley data

Household related to the
price of the apartment

Number of households living in the apartment pricing
under USD 100,000 or greater than USD 100,000, USD
200,000, USD 300,000, USD 400,000, USD 500,000, or

USD 600,000

Seoul commercial alley data

Income (KRW) Average monthly income Seoul commercial alley data

Facility

Number of facilities including total, public facilities,
banks, hospitals, clinics, pharmacies, kindergarten,
elementary schools, middle schools, high schools,

colleges, department stores, supermarkets, theaters,
accommodations, airports, railway stations, bus

terminals, subway stations, and bus stops

Seoul commercial alley data

Dynamic population
Total, male, female, 10s, 20s, 30s 40s, 50s, over 60s;
Monday, Tuesday, Wednesday, Thursday, Friday,

Saturday, and Sunday
Seoul commercial alley data

Resident population Total, male, female, 10s, 20s, 30s, 40s, 50s, and over 60s Seoul commercial alley data

Worker population Total, male, female, 10s, 20s, 30s, 40s, 50s, and over 60s Seoul commercial alley data

Quarter Quarter of a year Seoul commercial alley data

Air pollution PM10 concentration Air Korea

2.4. Machine Learning Techniques
2.4.1. Models

Four different machine learning models—random forest, extreme gradient boost-
ing, catboost, and lightGBM—were tested to predict quarterly sales in commercial alleys.
Python programming languages were helpful in implementing these four models and
testing their performance. The best algorithm with the highest predictive accuracy was
used to identify the feature importance and investigate the joint association of air pollution
and income with sales in commercial alleys. Because all four models are based on decision
trees, they can provide feature importance, and this is the reason why only tree-based
models were tested.

Hyperparameter tuning was conducted for each machine learning model using the
entirety of the four-year data. The random search defines a search space with the hyperpa-
rameter value ranges and randomly picks combinations in the space for validation. The
ranges of hyperparameters for tuning RF, XGB, Catboost, and LightGBM and the best sets
of hyper parameters are shown in Table 2.
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Table 2. Hyperparameter ranges and optimized hyperparameter sets.

Hyperparameter ranges
for tuning

RF

maximum depth [5, 10, 15, 20]
minimum samples leaf [1, 2, 4]
minimum samples split [2, 5, 10]
number of estimators [100, 500, 1000, 1500, 2000]
cost complexity pruning alpha [0.0, 0.01, 0.05, 0.1, 0.2]
maximum features [‘sqrt’, ‘log2’, none]

XGB

gamma [0.5, 1, 5, 10]
learning rate [0.01, 0.05, 0.1, 0.2]
maximum depth [3, 4, 5, 6, 7]
number of estimators [100, 500, 1000, 1500, 2000]
subsample [0.8, 0.9, 1.0]
subsample ratio of columns for each tree [0.6, 0.8, 1.0]
L1 regularization [0.0, 0.01, 0.1, 0.5]
L2 regularization [0.0, 0.01, 0.1, 0.5]

Catboost

iterations [100, 500, 1000, 1500, 2000]
depth [5, 10, 15]
learning rate [0.01, 0.05, 0.1, 0.2]
subsample [0.8, 0.9, 1.0]
column sample by level [0.6, 0.8, 1.0]
L2 regularization coefficient for leaf values [1, 3, 5, 10]

LightGBM

number of estimators [100, 500, 1000, 1500, 2000]
maximum depth [3, 4, 5, 6, 7]
number of leaves [31, 63, 127]
learning rate [0.01, 0.05, 0.1, 0.2]
subsample [0.8, 0.9, 1.0]
column sample by level [0.6, 0.8, 1.0]
L1 regularization [0.0, 0.01, 0.1, 0.5]
L2 regularization [0.0, 0.01, 0.1, 0.5]

Optimized
hyperparameter

combination

RF
maximum depth = 20, minimum samples leaf = 2,
minimum samples split = 2, number of estimators = 500, cost complexity
pruning alpha = 0.0, maximum features = ‘log2’

XGB
gamma = 10, learning rate = 0.05, maximum depth = 6, number of
estimators = 1500, subsample = 0.9, subsample ratio of columns for each
tree = 1.0, L1 regularization = 0.01, L2 regularization = 0.5

Catboost iterations = 2000, depth = 10, learning rate = 0.2, subsample = 0.9, column
sample by level = 0.6, L2 regularization coefficient for leaf values = 5

LightGBM
number of estimators = 1500, maximum depth = 6, number of leaves = 63,
learning rate = 0.05, subsample = 0.9, column sample by level = 0.6, L1
regularization = 0.1, L2 regularization = 0.0

2.4.2. Partial Dependence Plots (PDPs)

In recent years, the field of machine learning has made efforts to create methods for in-
terpreting the inner workings of predictions, which have historically been black boxes [41].
Partial dependence plots (PDPs) are valuable tools for investigating the relationship be-
tween a target variable and one or more predictors within a machine learning model. These
plots visually illustrate the average reaction of the target variable, taking into account the
influence of a specific predictor variable and leaving all other predictors unchanged. In
the following equation, PDP (Xi, x) defines the partial dependence of the predictor Xi on
a value x. N corresponds to the overall count of instances within the dataset. f (Xi,j, x)
denotes the forecast rendered by the model f when the value of feature Xi is adjusted to x
in instance j, maintaining the constancy of all other predictors. With the PDPs, data can be
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analyzed for valuable insights into the joint association of air pollution and income with
sales in commercial alleys.

PDP(Xi, x) =
1
N

N

∑
j=1

f
(
Xi,j, x

)
(1)

3. Results
3.1. Prediction Performance

After conducting a stepwise regression and exploring the VIF, a total of 28 predictors
were selected. The R-squared (R2) values represent the goodness-of-fit of each model,
with higher values indicating a better fit. The Mean Squared Error (MSE) values measure
the accuracy of the models, with lower values indicating better performance. Table 3
below compares the performances of RF, XGB, Catboost, and LightGBM before COVID-19
(2018–2019) and during the COVID-19 pandemic (2020–2021). Catboost showed the best
performance among the four models before COVID-19 (R2 = 0.92, MSE = 1.82). During the
COVID-19 pandemic, XGB showed the best model fit (R2 = 0.96, MSE = 1.15). For further
analyses, Catboost was used due to its better performance before COVID-19, which is a
normal time period before the pandemic, to explore the association between sales and
predictor variables.

Table 3. Comparison of performances of RF, XGB, Catboost, and LightGBM.

RF XGB Catboost LightGBM

2018–2019 2020–2021 2018–2019 2020–2021 2018–2019 2020–2021 2018–2019 2020–2021

R2 0.90 0.95 0.92 0.96 0.92 0.96 0.92 0.96

MSE 2.39 1.65 1.86 1.07 1.82 1.15 1.84 1.16

3.2. Importance of Predictor Variables

The relative importance of the selected 28 predictor variables in the prediction of sales
is shown in Figure 3a,b. When comparing the relative importance of two critical factors,
average monthly salary and PM10, in predicting quarterly sales, there is a notable shift in
importance over two different time periods.

Before the onset of the COVID-19 pandemic, both characteristics held positions in the
top 10 prominent predictors. Specifically, PM10 ranked as the 10th most important feature,
underscoring its relevance to sales forecasting, while average monthly income secured the
3rd position. This indicates that pre-pandemic, the economic factor of monthly income
played a substantial role in shaping quarterly sales predictions.

During the COVID-19 pandemic, there were significant changes in what factors were
most important for predicting outcomes. Notably, while the importance of monthly average
income remained consistent, PM10 experienced a remarkable decline in its relevance. In
the pandemic period, PM10 descended to the 24th position among 28 features, illustrating
its reduced impact on quarterly sales prediction compared to the pre-pandemic period.
This shift underscores the dynamic nature of predictive factors in the context of changing
external circumstances. It highlights the influence of the pandemic on consumer behavior,
with environmental factors like PM10 giving way to other influential variables in shaping
sales trends during and after the COVID-19 crisis.
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sales amount; Stores: number of stores; Worker_Pop_60+: population of workers aged 60 and above;
Qtr_Code: quarter code; Gen_Hospitals: number of general hospitals; Subway_Stations: number
of subway stations; Apts>600M_KRW: number of apartments priced KRW 600 million and above;
Apts_300M_KRW: number of apartments priced KRW 300 million; Female_Residents: female resident
population; Existing_Pop: female population; Apts_132_Mtr_Sq: number of apartments with an
area of 132 m2; Total_Facilities: number of attracting facilities; Female_Workers: female worker
population; Worker_Pop_Age_10: population of workers aged 10; Bus_Terminals: number of bus
terminals; Middle_Schools: number of middle schools; PM10: particulate matter with diameter of
10 (PM); Theatres: number of theatres; Monthly_Avg_Income: monthly average income amount;
Kindergartens: number of kindergartens; Apts_66_Mtr_Sqr: number of apartments with an area of
66 m2; Universities: number of universities; Worker_Pop_Age_50: population of workers aged 50;
Gov_Offices: number of government offices; Pharmacies: number of pharmacies; Apts_400M_KRW:
number of apartments priced KRW 400 million; Apts_200M_KRW: number of apartments priced
KRW 200 million; Apts_99_Mtr_Sqr: number of apartments with an area of 99 m2; Apts_165_Mtr_Sqr:
number of apartments with an area of 165 m2.
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3.3. Joint Association of Air Pollution and Income with Sales

The effect of air pollution on sales forecasts before and during the COVID-19 pandemic
is visually presented in Figures 4 and 5. In both periods, a consistent negative relationship
between PM10 and quarterly sales was observed.
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Figure 5. Partial dependence of PM10 on quarterly sales during the COVID-19 pandemic (2020–2021).

During the COVID-19 period, a distinct pattern emerged. There was a significant
increase in sales, approximately USD 150,000, as PM10 levels rose from 35 to 38 µg/m3.
However, this was followed by a dramatic drop in sales, amounting to USD 300,000,
as PM10 levels increased from 38 to 55 µg/m3, as shown in Figure 5. When quarterly
sales decrease, PM10 values tend to be higher. This phenomenon highlights the complex
and dynamic relationship between air quality and sales during the pandemic, and it is
noteworthy that the second drop in sales during 2020–2021 was comparatively smaller
than in the pre-pandemic period of 2018–2019. It is evident that higher PM10 values are
consistently linked to lower quarterly sales in both time periods.
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The associations between monthly salary and sales were examined using PDPs. There
were V-shaped relationships between income and sales, although the association was
mostly positive after USD 2500. The large drops between incomes of USD 2000 and USD
2500 before and during the COVID-19 pandemic were unexpected. The average monthly
income before COVID-19 and during the COVID-19 pandemic seems to have had a positive
association in both periods, as visualized in Figures 6 and 7.
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The joint association of air pollution (PM10) and the monthly average income with
sales is visually presented in Figures 8 and 9, representing the pre-COVID-19 and during
the COVID-19 pandemic periods, respectively. These figures provide valuable insights into
the dynamics of sales behavior.
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A clear pattern emerges in both time periods. The lowest sales (depicted in dark
blue) consistently appear within a range of relatively modest income levels, typically
around USD 2500, coupled with higher PM10 concentrations in the range of 50 to 75 µg/m3.
Conversely, the highest sales (illustrated in yellow) tend to coincide with higher monthly
salaries exceeding USD 6000 and lower PM10 values around 16 µg/m3 before COVID-
19. This pattern underscores the significant influence of income and air quality on sales
outcomes. Importantly, it is evident that individuals with higher income levels living
near commercial alleys significantly contribute to increased sales figures, particularly
when exposed to lower PM10 levels. This association was notably pronounced before the
COVID-19 pandemic. However, a notable transformation occurred during the COVID-19
pandemic. The very lowest sales (depicted in dark blue) persisted across a range of PM10
concentrations, irrespective of income levels. This shift is attributed to a sharp reduction in
sales resulting from lockdown measures and social distancing during the pandemic, which
indicates that the concentration of PM10 after COVID-19 had no discernible relationship
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with sales in commercial alleys for individuals with lower income levels. This observation
underscores the profound impact of external events, such as the pandemic, in reshaping
the dynamics of income, air quality, and sales in commercial areas.
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4. Discussion

The findings presented in this study shed light on the dynamic interplay between
various predictor variables, specifically PM10, income, and their joint association, in the
context of predicting quarterly sales trends. These findings take on added significance
in light of the disruptive impact of the COVID-19 pandemic on consumer behavior and
economic conditions. While previous studies primarily focused on the impact of weather
conditions on sales [42–45], our investigation highlights the need to consider broader
environmental and economic factors, such as PM10 levels and income, as potential drivers
of sales trends.

The feature importance analysis revealed a striking shift in the importance of PM10 as
a predictor of quarterly sales before and during the COVID-19 pandemic. Pre-pandemic,
PM10 ranked as the 10th most important feature, highlighting its importance to sales fore-
casting [46]. This suggested that, in the absence of external shocks, environmental factors
like air quality played a noteworthy role in shaping sales predictions [47]. However, during
the pandemic, PM10 experienced a remarkable decline in its importance, plummeting to
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the 24th position among 28 features [48,49]. This shift underscores the pandemic’s transfor-
mative effect on consumer behavior, where factors like air pollution receded in importance
compared to other influential variables [38].

The study identified a consistent interesting correlation between PM10 levels and
quarterly sales both before and during the COVID-19 pandemic. Notably, pre-pandemic
increases in PM10 concentrations corresponded to substantial declines in quarterly sales.
This association is a significant finding, highlighting the sensitivity of sales to air quality,
with higher levels of PM10 linked to reduced economic performance [50,51]. During the
COVID-19 period, the relationship became even more complex. A slight increase in sales
was observed; noticeably, PM10 level values were quite low compared to before-pandemic
values, followed by a subsequent drop in sales with higher PM10 levels. This dynamic
suggests that the pandemic may have influenced consumer behavior, leading to nuanced
responses to air quality changes [52,53]. The observation that the second drop in sales
during the pandemic was smaller than prior to the pandemic suggests potential adaptation
and resilience within the business environment [54–56].

The analysis of the association between income and sales revealed intriguing V-shaped
relationships, particularly in income ranges between USD 2000 and USD 2500 before and
during the COVID-19 pandemic. These unexpected drops in sales within this income
bracket warrant further investigation. However, overall, the association between income
and sales was predominantly positive, indicating that higher income levels were generally
linked to higher quarterly sales. This aligns with economic theory and underscores the
importance of disposable income in driving consumer spending [57,58]. The V-shaped
patterns suggest that there may be specific income thresholds that significantly impact
consumer behavior, which warrants deeper exploration in future studies.

The joint association analysis of PM10 and income before and during the COVID-19
pandemic provides valuable insights into the dynamics of sales behavior. Before COVID-19,
individuals with higher income levels and less PM10 exposure were associated with the
highest sales figures, emphasizing the significance of both economic and environmental
factors [59]. However, during the pandemic, the relationship changed significantly [60].
The lowest sales persisted across a range of PM10 concentrations, irrespective of income
levels, highlighting the profound impact of external events, such as lockdowns and social
distancing measures [61]. This shift underscores how crises can disrupt traditional patterns,
with environmental factors becoming less influential in the face of such extraordinary events.
Our analysis indicates that increased air pollution levels correlate with a decrease in sales in
commercial alleys. This trend aligns with studies suggesting that consumers tend to reduce
outdoor activities and shift toward online shopping in response to poor air quality [62].
For instance, air pollution levels can lead to increased consumer anxiety and a preference
for indoor activities, indirectly impacting spending patterns in physical retail spaces [62].
Our findings also reveal that the combined effect of air pollution and income levels plays a
significant role in determining expenditure behaviors. This is particularly evident during
the COVID-19 pandemic, when shifts in spending habits were observed. High- and lower-
income households showed a greater tendency toward irregular spending than before the
COVID-19 pandemic. This demonstrates how socioeconomic and environmental factors
interplay with external events to influence consumer behavior.

In addition to these key findings, it is essential to recognize that the COVID-19 pan-
demic served as a catalyst for redefining consumer behavior and business strategies globally.
The pandemic prompted businesses to adapt rapidly to new circumstances, with many
shifting their focus to e-commerce, contactless services, and remote work [63–65]. While
air quality remains a critical factor, the pandemic demonstrated that external events could
override its influence. Thus, businesses must remain agile and responsive to evolving
consumer preferences and external shocks. Considering the risk levels of COVID-19, future
research is necessary to conduct an analysis of the relationship, such as how consumers’
consumption behavior has changed.
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5. Conclusions

This study investigated the relative importance of monthly income and air pollution
in predicting sales in commercial alleys and the joint association of monthly income and
air pollution with sales. Catboost was selected as the best algorithm for the analyses using
machine learning techniques. This study underscored the importance of adaptability in
predictive models, especially in the face of external shocks such as the COVID-19 pandemic.

It is important to note several limitations of this study. Firstly, the data used for the
analysis was limited to a specific region and time period. The extrapolation of these findings
to other regions or different time frames should be undertaken with caution, as variations
in consumer behavior, economic conditions, and environmental factors may significantly
impact the results. Additionally, while this study examined a comprehensive set of pre-
dictor variables, there may be other unaccounted-for factors influencing sales trends that
require further investigation. Furthermore, causal relationships between predictor variables
and sales were not established in this study, and future research should delve into causal-
ity. Lastly, the V-shaped income–sales relationships observed warrant a more in-depth
investigation to understand the underlying mechanisms and their generalizability. The
results highlight the shifting significance of predictor variables, such as PM10 and income,
and emphasize the need for dynamic modeling to capture changing consumer behavior.
Understanding these dynamics can be invaluable for businesses and policy makers seeking
to navigate and respond effectively to evolving economic and environmental conditions.

Our study provides indirect yet insightful evidence of changing patterns of consumer
behavior, influenced by both environmental factors, such as air pollution, and socioeco-
nomic factors, like income. These findings are particularly relevant in the context of urban
sustainability and planning. They highlight the need for cities to consider environmental
health and its impact on economic activity within urban commercial spaces. The shift
toward online shopping in response to poor air quality and the varied spending habits
based on income levels during the pandemic offer valuable insight for policy makers and
business owners. Future urban planning and economic strategies should integrate these
behavioral insights to promote sustainable and resilient urban commercial environments.
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