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Social restrictions, such as social distancing and self-isolation, imposed owing to the coronavirus disease-19
(COVID-19) pandemic have resulted in a decreased demand of commodities and manufactured products. How-
ever, the factors influencing sales in commercial districts in the pre- and post-COVID-19 periods have not yet been
fully understood. Thus, this study uses machine learning techniques to identify the changes in important
geographical factors among both periods that have affected sales in commercial alleys. It was discovered that, in
the post-COVID-19 period, the number of pharmacies, age groups of the working population, average monthly
income, and number of families living in apartments priced higher than $600k in the catchment areas had
relatively high importance after COVID-19 in the prediction of a high level of sales. Moreover, the percentage of
deciduous forests appeared to be a important factor in the post-COVID-19 period. As the average monthly income
and worker population in their 60s and numbers of pharmacies and banks increased after the pandemic, sales in
commercial alleys also increased. The survival of commercial alleys has become a critical social problem in the
post-COVID-19 era; therefore, this study is meaningful in that it suggests a policy direction that could contribute

to the revitalization of commercial alley sales in the future and boost the local economy.

1. Introduction

The outbreak of the severe acute respiratory syndrome coronavirus 2
has significantly changed the pattern of our daily life. Owing to the
coronavirus disease-19 (COVID-19), most people prefer to stay at home
and are reluctant to go outside to reduce the risk of infection (He et al.,
2020). COVID-19 has affected the paradigm of our daily lives in several
different ways, including dietary intake (Bertrand et al., 2021), travel
habits (Anzai et al., 2020; J. Li et al., 2021), recreational activities
(Ainsworth and Li, 2020; Craig, 2021; Hammami et al., 2022), and has
also had a psychological impact (Hagger et al., 2020; Rodriguez-Rey
et al., 2020).

Social restrictions, such as social distancing, travel restrictions, and
self-isolation, imposed owing to the COVID-19 pandemic have resulted in
a decreased demand of commodities and manufactured products (Nicola
et al., 2020). The restaurant industry was one of the sectors most
vulnerable to the restrictions imposed during the pandemic. Dube et al.
(2021) discovered that the number of dine-in guests dropped to zero in
many countries owing to the restrictions imposed. Therefore, the unex-
pected crisis brought about by the recent COVID-19 pandemic has
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inflicted an economic blow on businesses and, in all respects, changed
consumption patterns and business environments. Hence, businesses are
forced to change their strategies to overcome the economic effects of
COVID-19 (Verbeke and Yuan, 2021).

After the pandemic, few studies regarding COVID-19 and its impact
on sales in commercial alleys in South Korea have been conducted (Lee
and Kim, 2021; Yu, 2021). For example, Yu (2021) analyzed the
long-term changes in commercial alley sales using time-series cluster
analysis and associations between geographical factors by including the
occurrence of COVID-19 as a dummy variable, and the sales of each
resulting cluster using panel analysis. However, recent studies have not
suggested any guidelines for growing sales of commercial alleys based on
the COVID-19 situation. The factors influencing the growth of sales in
commercial alleys must be identified, which might have changed after
the pandemic.

Thus, this study focused on the changes in crucial geographical fac-
tors in the pre- and post-COVID-19 periods that have affected sales in
commercial alleys. Machine learning techniques were used to predict
sales using various influential contexts and explore the differences in
important factors in the pre- and post-COVID-19 periods. Random forest
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(RF) and extreme gradient boosting (XGB) are two popular tree-based
algorithms. Among all machine learning algorithms, tree-based algo-
rithms offer excellent performance when structured data, such as
geographic information system (GIS) data, are used (Rudin, 2019). The
two algorithms helped detect the differences in influential factors during
both periods and were compared using 10-fold cross-validation to
determine the best model. The importance of influential factors in pre-
and post-COVID-19 periods was explored, and the results were inter-
preted using Shapley additive explanations (SHAP). Because the SHAP
approach is specialized for tree-based models (Rodriguez-Pérez and
Bajorath, 2020), RF and XGB models were used in this study. Tree-based
models combined with SHAP can obtain complex information from data,
and some studies using tree-based algorithms with SHAP have been
conducted in different research domains (Y. Kim and Kim, 2022;
Mangalathu et al., 2020; Zhang et al., 2022). Owing to the importance of
sales clusters suggested by Yu (2021), we included a variable from the
cluster analysis using an approach based on distances between com-
mercial alleys. Because clusters created based on sales can vary among
different years, we selected a more invariant method based on distance.
The distance also indicates that closer commercial alleys have similar
cultural, physical, and socioeconomic characteristics, which may affect
their sales. Additionally, owing to the increasing importance of green
spaces after COVID-19 (Lee and Kim, 2021), we included some variables
related to green spaces. Instead of the number of green spaces, the den-
sity of different green spaces, such as deciduous forest, coniferous forest,
mixed forest, natural grass, and artificial grass, was included to discover
more profound evidence of their role based on their type.

The rest of this paper is organized as follows: Section 2 is a summary
of the published work regarding the conceptual categories for
geographical factors and the impact of COVID-19 on commercial alleys.
Section 3 introduces data processing and machine learning model tuning.
Section 4 compares the performances of RF and XGB models, selects the
best model, and shows the changes in the important variables before and
after COVID-19. In Section 5, we discuss the associations between the
selected important variables and sales in commercial alleys. We conclude
this study in Section 6.

2. Related work
2.1. Conceptual categories for geographical factors

Turhan et al. (2013) suggested the following six categories of factors
that influence sales: population structure, economy, competition, satu-
ration level, store characteristics, and magnet. Population structure in-
cludes population size, age, gender, education level, occupation, number
of households, political orientation, traveling time, and shopping habits
(Y. Li and Liu, 2012). Economic factors indicate the population economic
status and represent part of the population structure (Turhan et al.,
2013). Competition includes elements related to the effects of a
competitive retail environment on store performance, such as size and
number of competitors (Reinartz et al., 1999). The saturation level in-
dicates the attractiveness of a particular market for determining whether
a higher profit can be achieved (Dunne et al., 2013). Store characteristics
include important aspects of stores, such as accessibility and store image
attributes (Turhan et al., 2013). The magnet factors suggested by Kuo
et al. (2002) include magnet shops or facilities that can attract more
trade, including cultural and educational institutions, vehicle mainte-
nance facilities, and leisure activities.

These categories were used to strategically select the location of retail
store in the research area. Many studies have considered various types of
influential factors to maximize profitability using the analytical hierar-
chy process (Akalin et al., 2013; Erbiyik et al., 2012; Harwati and Utami,
2018; Hsu and Chen, 2007; KoA & Burhan, 2015; Kuo et al., 2002;
Manowan et al., 2022; Tzeng et al., 2002) and techniques for order
preference by similarity to ideal solution (Chang and Hsieh, 2014), fuzzy
models (Chou et al., 2008), analytic network process (Cheng et al., 2005),
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hybrid models (Singh et al., 2020), and machine learning models (Fu
et al., 2022). Recently, Fu et al. (2022) included residential and business
areas, pedestrian flow, competition, store characteristics, and the number
of households as factors for training a model using machine learning
techniques to predict daily turnover for eventual use in convenience store
site selection.

2.2. Impact of COVID-19 on commercial alleys

Various studies have been conducted to understand the impact of
COVID-19 on small businesses. From April to June 2020, the number of
active business owners in the U.S. abruptly fell from 15.0 to 11.7 million
(Fairlie, 2020). Although small businesses employ approximately 50% of
American workers (A. Bartik et al., 2020), they are more vulnerable to
economic crises than large businesses (=Kennickell et al., 2015). A sur-
vey identified that many small businesses were likely to fail without
financial support during the pandemic (A. W. Bartik et al., 2020).
Moreover, financial difficulties caused by the pandemic reduced the
employers' and employees' capacities to endure stress (Isabelle et al.,
2022). One of the ways that small business owners can overcome the
negative impact of the pandemic is to stay connected with the community
and industry to acquire sources required for their entrepreneurial eco-
systems (Liguori and Pittz, 2020). Despite previous studies, there is
insufficient information regarding the changing nature of the surround-
ing influential environments after the COVID-19 pandemic that can in-
fluence the performance of small businesses in commercial districts to
guide them for growing their performance, such as sales.

In South Korea, interest in commercial alleys has recently increased;
hence, some studies have focused on the revitalization of commercial
alleys and their performance prediction, such as sales, considering
numerous geographical factors in the pre- and post-COVID-19 periods.
Particularly, commercial alleys in Seoul do not have large distribution
facilities, are located near densely populated areas, and are commercial
districts comprising businesses related to daily life, such as wholesale,
retail, restaurants, and services (Kang and Lee, 2018). Small business
stores are primarily located close to residential areas and are easily
affected by changes in the surrounding environment (Yu, 2021). Kim and
Lee (2019) examined the associations between sales in commercial alleys
and influential factors, including business characteristics, spatial struc-
ture of the city, and catchment characteristics, using multiple linear
regression. The sale rates in the 20-40 age group and periods when
people are active, such 6-11 am and 5-9 pm, were found to be statisti-
cally significant and positively associated with total sales of commercial
alleys. The monthly average income in the catchment areas was also
significantly and positively associated with sales. Kang and Lee (2018)
used geographically weighted regression to identify the customer char-
acteristics that can affect sales in commercial alleys. They discovered that
the proportion of female customers had the largest effect on sales in the
northwestern region of Seoul. Moreover, they discovered that the pro-
portion of customers in the 20-30 and 40-50 age groups significantly
affected the sales in southeastern and northeastern regions. They used
logistic regression to identify the factors that contribute to sales growth
in commercial alleys. Their results showed that growth in sales shares of
females and population aged between 20s-30s, and building density had
significantly positive effects on the sales growth of commercial alleys,
whereas the income level of catchment areas and proximity to subway
stations had significantly negative effects.

After the COVID-19 pandemic, few studies regarding COVID-19 and
its impact on commercial alley sales were conducted. Yu (2021) analyzed
the long-term changes in commercial alleys sales using time-series cluster
analysis and the associations between geographical factors, including the
occurrence of COVID-19 as a dummy variable, and the sales of each
resulting cluster using panel analysis. Their results indicated that the
COVID-19 pandemic had a negative effect on all clusters, which had
relatively different sales levels. Lee and Kim (2021) focused on the role of
urban parks in the revitalization of commercial alley sales post-COVID-19
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and discovered that a higher number of parks near commercial alleys and
parks with better visual features were associated with lower sale losses.

However, recent studies have not suggested guidelines for growing
sales in commercial alleys by considering the unusual situation of COVID-
19. Thus, this study attempts to provide insights into the revitalization of
commercial alley sales using machine learning techniques.

3. Methods
3.1. Datasets

This study used the commercial alley data of Seoul, South Korea,
published in the Seoul Open Data Plaza (https://data.seoul.go.kr/), to
identify geographical factors. We selected 1,008 out of the 1,009 com-
mercial alleys in Seoul; one was omitted because its data regarding the
factors associated with apartments was missing (Figure 1). Data collected
in 2018 and 2019 were used for pre-COVID-19 period, whereas those
collected in 2020 and 2021 were used for the post-COVID-19 period.
Because 2018 and 2019 were the years immediately preceding the
COVID-19 pandemic, we used the data of these two years to represent the
pre-COVID-19 period. In terms of the timeline, comparing data of pre-
vious years, such as 2018 and 2019, is more plausible than comparing
data of other years with those of 2020 and 2021, because the trend of
sales over time and other influential factors might not have changed
considerably and we can focus solely on the effect of COVID-19 on the
commercial alley sales.

All factors provided in the dataset were calculated based on the
catchment areas of commercial alleys from where businesses or services
attract their customers (Figure 2). A catchment area is a 200 m circular
buffer around each commercial alley, and previous studies have noted
that the characteristics of catchment areas can affect the commercial
alley sales (Kang and Lee, 2019; Lee and Kim, 2021). However, the sales
used in this study were estimated based on the areas of commercial
alleys.
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Land cover data from 2019 and 2020 provided by the Ministry of
Environment, Korea were used to calculate the densities of different types
of green spaces. The middle level of the land cover map had a 5 m res-
olution and 22 classes, including residential, industrial, transportation,
forest, and grass areas, and water bodies. As no data were available for
2018 and 2021, we used the land cover data for 2019 and 2020 as sub-
stitutes to determine the densities of green spaces in 2018 and 2021,
respectively.

3.1.1. Response variable and factors

This study aimed to classify sales into three levels: low, medium, and
high, and it specifically focused on the influential factors that determined
high level of sales in the pre- and post-COVID-19 periods, and the pre-
diction of sales in the post-COVID-19 period using these factors. There-
fore, the response variable indicates the level of total sales of all
businesses in each commercial alley (Table 1). The abbreviated factor
names used in this study and their descriptions are summarized in
Table 2. Sales below the 25th percentile level indicate low level, those
above the 75th percentile indicate high level, and those between the 25th
and 75th percentiles are indicate medium level. The number of influen-
tial factors used in this study was 75, as presented in Table 1, and all
factors can be grouped into the economy, magnet, and population
structure categories based on the six different categories proposed by
Turhan et al. (2013), except for time and connectivity. As there was no
data available for the competition, saturation level, and store charac-
teristics categories, these three categories were not considered. Among
the two newly added categories, connectivity describes how nearby
commercial alleys are socially and culturally connected and the time
category defines temporal units, such as quarters or months, which can
help evaluate the variability of sales over time. The data of the influential
factors were not normalized or transformed, which allowed us to inter-
pret the associations between the factors and sales predictions using their
original values and units.

The quarters in the time category indicate the sales variations in
different seasons, whereas the clusters contribute to the better prediction
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Figure 1. Commercial alleys (green color) in Seoul.
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Figure 2. An example of a catchment area (pink color) around a commercial alley (green color).

of different levels of sales by accounting for the connectivity of nearby
commercial alleys, which indicate that commercial alleys are more
related to nearby commercial alleys based on Tobler’s first law of geog-
raphy (Tobler, 1970), both socially and culturally. Particularly, k-means
cluster analysis (Lloyd, 1982) was conducted to group commercial alleys,
and a silhouette (Rousseeuw, 1987) was used to evaluate the quality of
clusters and determine the number of clusters (Figure 3). To determine
the clusters, we used the x and y coordinates that can help geographically
define clusters of commercial alleys. As a result, the optimal number of
clusters was discovered to be two, indicating the highest average
silhouette coefficient value. The two clusters separating the western and
eastern areas of Seoul are shown in Figure 4. The number of commercial
alleys in the western cluster was 495, whereas that in the eastern cluster
was 513.

3.2. Machine learning techniques

3.2.1. RF and XGB

We used two machine learning models, RF and XGB, to predict
different levels of sales in commercial alleys based on economy, magnet,
population structure, connectivity, and time factors. All machine learning
processes, including training and validation, were implemented on Py-
thon. An appropriate algorithm between the two was selected based on
the evaluation results for further analysis to examine the important fac-
tors and associations between some factors and sales.

Both RF and XGB are tree-based ensemble machine-learning algo-
rithms that combine the predicted results of multiple classifiers to
perform more accurate predictions. Particularly, RF (Breiman, 2001)
generates numerous decision trees in parallel and predicts different
classes based on the votes of the generated trees. Each tree is built
using a different bootstrap sample, which is called bagging, and a

subset of variables is randomly selected for each node. The best split is
then selected within a random set of variables to split the node. In
contrast, XGB (Chen and Guestrin, 2016) trains several weak classifiers
sequentially to generate a strong classifier. It adopts the notion of
gradients such that the loss function is minimized. Particularly, XGB
supports parallelization during the construction of each tree for effi-
cient computation. In this study, we used the scikit-learn and xgboost
packages of Python to implement the RF and XGB algorithms,
respectively.

For each model, hyperparameter optimization was performed
through a random search using the entire four-year data, and the models
were tuned using the optimized hyperparameters. Random search de-
fines a search space using hyperparameter value ranges and randomly
selects combinations from the space for validation. To avoid overfitting,
we conducted a three-fold cross-validation during hyperparameter tun-
ing. Table 3 lists the hyperparameter ranges used for tuning the RF and
XGB models and the optimized hyperparameter combinations for each
model. Training and validation of the two models were conducted using
the resulting combinations.

For the RF, the minimal cost-complexity pruning alpha parameter was
used for pruning to prevent overfitting. The largest cost-complexity,
which was smaller than the defined parameter, was used to select the
subtree. The default parameter is not pruned. When the parameter value
increases, the number of pruned nodes increases. In XGB, the gamma
parameter is a regularization parameter, which defines the threshold of
gain improvement to maintain a split. XGB starts pruning the tree
backward and removes splits beyond which there is no positive gain. In
each split, the gamma subtracted from the gain is calculated, and pruning
is performed when its value is negative.

A part of the first decision tree constructed via the RF using tuning
parameters is shown in Figure 5. Important factors used in the prediction
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Table 1. Details of the response variable and influential factors.

Table 2. Factor names and their descriptions.

Name Description Notes Factor name Description

Response Sales Level of total sales of all Seoul Aa# Number of families living in apartments
businesses in each commercial commercial smaller than 66 m? or larger than 66, 99, 132,
alley. alley data or 165 m>.

Economy Household Number of families living in Seoul Ap # Number of families living in apartments

related tothearea  apartments smaller than 66 m? commercial priced under $100,000 or over $100,000,

of the apartment or larger than 66, 99, 132, or alley data $200,000, $300,000, $400,000, $500,000, or
165 m?. $600,000.

Household Number of families living in Seoul IC Average monthly income.

relatedftohthe ;partments pr iced$under :;)lmmdemial F_t, F_pf, F_ba, F_hos, F_clin, F_pha, F kin, ~ Total number of all facilities, public facilities,

price of the 100,000 or over $100,000, ey data F_ele, F_mid, F_high, F_col, F_ds, F supm,  banks, hospitals, clinics, pharmacies

apartment $200,000, $300,000, F_thea, F_acco, F air, F_railsta, F buster,  kindergarten, elementary schools, middle
$400,000, $500,000, or F_substa, F_busstp schools, high schools, colleges, department
$600,000. stores, supermarkets, theaters,

Income Average monthly income. Seoul accommodations, airports, railway stations,

(currency: KRW) commercial bus terminals, subway stations, and bus stops,

alley data respectively.

Magnet Facility Number of facilities including Seoul LC_df, LC_cf, LC_mf, LC_ng, LC_ag Percentages of deciduous forest, coniferous
all facilities, public facilities, commercial forest, mixed forest, natural grass, and
banks, hospitals, clinics, alley data artificial grass, respectively.
pharmacies, kindergat?en, DP_t, DP_m, DP_f, DP_#, DP_M, DP_Tu, Dynamic population total, male, female, 10s,
dimelm";lr}’ ;Ch‘l’l"ls»l mldﬁle DP_W, DP_Th, DP_F, DP_Sa, DP_Su 20s, 30s 40s, 505, and over 60, Monday,
schools, high schools, colleges, Tuesday, Wednesday, Thursday, Friday,
department stores, Saturday, and Sunday, respectively.
supermarkets, theaters, s =

. . RP_t, RP_m, RP_f, RP_# Resident population total, male, female, 10s,
accommodations, airports, )
. . . 20s, 30s, 40s, 50s, and over 60, respectively.
railway stations, bus terminals,
subway stations, and bus stops. WP_t, WP_m, WP_f, WP_# Worker Population total, male, female, 10s,
Green space Percentage of deciduous Land cover 20s, 30s, 40s, 50s, and over 60s, respectively.
forest, coniferous forest, mixed  data Cluster Cluster.
forest, natural grass, and Qs Quarter.
artificial grass.

Population Dynamic Total, male, female, 10s, 20s, Seoul

structure population 30s 40s, 50s, or over 60, commercial
Witewalay, ey, Wilvesity,  altay @kt Shapley value based on the weighted average of all marginal contri-
Thursday, Friday, Saturday, . .

Sunday butions over the varying S.
Resident Total, male, female, 10s, 20s, Seoul | S|!(N _ ‘ S\ _ 1)!
population 30s, 40s, 50s, or over 60. commercial D;(v)= Z I (S u{i}) —v(S))
alley data SCN\{i} :
Worker Total, male, female, 10s, 20s, Seoul . . .
. . Python contains a package for SHAP. Using SHAP, we examined the
population 30s, 40s, 50s, or over 60. commercial R i i K
alley data importance of influential factors, impact of these factors on model

Connectivity ~ Cluster Two clusters based on K-means output, and dependence of some factors on the predictions.
distance.

Time Quarter Quarter of a year. Seoul ‘

commercial '
alley data ?
R » 3
I AN AL LA A
04 | ¥ e Sy Y/ ’ ha
of sales, including the working and dynamic populations, are illustrated ‘;

with the values that split the incoming data. - ‘

5 |

203 ]l i

3.2.2. SHAP 2 i
Over the past few years, the machine learning research domain has § | |

endeavored to develop methods for interpreting the internal logic of = |

predictions, which remains a complex black box (Carvalho et al, ©02 | !

2019). The SHAP approach can provide interpretability tools (Lundberg £ | |

and Lee, 2017). It was developed based on the theoretically optimal Z | ;

Shapley values of the game theory. It aims to explain the contribution ||

of each variable to the prediction, and can provide information 01 | !

regarding the importance of variables in the prediction and the asso- !

ciations between each variable and predictions using the Shapley value.

The Shapley value determines the average marginal contribution of A |

. . . . ’ 0.0 '
each variable to the predicted results. The following equation defines |
the contribution @ of each variable. S is a subset containing the vari- 12345678 9101112131415161718 192021222324

ables, whereas N denotes all variables. The value function v takes S as

the input, and v(SU{i}) — v(S)) indicates the marginal contribution of

S|{(N—[S|=1)!
N!

variable i to the outcome. is the weight used to calculate the

Number of clusters k

Figure 3. Silhouette plot to determine the optimal number of clusters via
k-means.
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Figure 4. Result of k-means cluster analysis of commercial alleys with the
optimal number of clusters; x and y coordinates are relative coordinates, which
represent the locations of commercial alleys and clusters.

Table 3. Hyperparameter ranges and optimized hyperparameter combinations.

Hyperparameter ranges RF
used for tuning

maximum depth € [5, 7, 10, 15, 20], minimum
samples leaf € [1, 2, 4],

minimum samples split € [2, 5, 10],

number of estimators € [1000, 1100, 1200, 1300,
1400, 1500, 1600, 1700, 1800, 1900, 2000]
minimal cost-complexity pruning alpha € [0.01,
0.05, 0.1, 0.2]

XGB  gamma € [0.5, 1, 5, 10],

learning rate € [0.001, 0.01, 0.1],

maximum depth € [5, 7, 10, 15, 20],

minimum sum of instance weight in a child € [5, 10,
15, 20],

number of estimators € [1000, 1100, 1200, 1300,
1400, 1500, 1600, 1700, 1800, 1900, 20001,
subsample € [0.6, 0.8, 1.0],

subsample ratio of columns for each tree € [0.6, 0.8,
1.0]

Optimized hyperparameter RF maximum depth = 70, minimum samples leaf = 1,

combinations minimum samples split = 2, number of estimators =
1900,
minimal cost-complexity pruning alpha = 1900,

XGB  gamma = 0.5, learning rate = 0.1, maximum depth

=15,
minimum sum of instance weight in a child = 10,
number of estimators = 1700,
subsample = 1.0,
subsample ratio of columns for each tree = 0.8

4. Results

4.1. Prediction performance

The performances of RF and XGB models were evaluated via 10-fold
cross-validation. Precision, recall, and F1-score were calculated for each
class, and all averages were weighted considering class imbalance
because the numbers of instances with low and high level of sales were
much lower than that with the medium level. We compared their per-
formances by separating the four-year data into 2018-2019 and
2020-2021 datasets, because we assumed that the two models may work
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differently with the datasets containing information from pre- and post-
COVID-19 periods. As evident from Table 4, XGB performed better than
RF, achieving higher predictive accuracy, precision, recall, and F1-score
for both datasets. Interestingly, although RF and XGB were tuned using
the entire four-year data, they exhibited better performances for the
2020-2021 dataset. Their prediction accuracies with errors using 2- to
10-fold cross-validations are shown in Figures 6(a) and (b). The mean
accuracy of RF increased until 5-fold cross-validation and fluctuated
slightly thereafter. In contrast, the mean accuracy of XGB increased until
7-fold cross-validation and remained almost unchanged thereafter. For
both RF and XGB, the difference between the minimum and maximum
accuracies was the smallest in 2-fold cross-validation, whereas it was the
highest in 10-fold cross-validation. We decided to employ XGB for further
analyses using SHAP because a higher number of folds indicates less bias
in measuring the prediction error (Rodriguez et al., 2010), and XGB
showed higher accuracy than RF in 10-fold cross-validation.

4.2. Importance of influential factors

The relative importance of the top 20 influential factors at all and
high levels of sales with mean Shapley values are shown in Figures 7(a)
and (b), respectively. For the prediction of sale level, worker population
in their 50s, quarters, the total number of all facilities and banks, number
of families living in larger-area or higher-priced apartments, resident
population in their 60s, and others were found to be relatively important
in the pre-COVID-19 period. In contrast, in the post-COVID-19 period, the
worker population in their 60s became the second most important
influential factor, which was not among the top 20 influential factors in
the pre-COVID-19 period. Additionally, the importance of other age
groups, such as 10s, 30s, and 40s, in the worker population increased
compared to that in pre-COVID-19 period. The percentage of artificial
grass and average monthly income were also found to be important in the
post-COVID-19 period.

For only predicting high level of sales, the importance of the number
of banks, pharmacies, and subway stations, and male and worker popu-
lation in their 20s increased compared to the prediction of all levels in the
pre-COVID-19 period. In the post-COVID-19 period, the number of
pharmacies, worker population in their 30s, 40s, and 60s, average
monthly income, and the number of families living in apartments priced
higher than $600k had higher importance than in the period pre-COVID-
19 period. Additionally, the percentage of deciduous forest appeared to
be a relatively important influential factor in the post-COVID-19 period.

4.3. Impact of important influential factors on the high level of sales

The impact of the 20 most important influential factors on the pre-
diction of a high level of sales in the pre- and post-COVID-19 periods is
shown in Figure 8. In the summary plot, each point represents a Shapley
value that indicates an instance of a factor. As the Shapley value of a
factor increases, its contribution toward the prediction of the high level
of sales increases. The red and blue colors indicate high and low values of
factors, respectively. In the pre-COVID-19 period, as the total number of
all facilities, banks, subway stations, and male and worker population in
their 20s increased, sales in commercial alleys were higher. In contrast,
low values of the dynamic population in their 60s and low percentages of
natural grass and deciduous forest had a higher contribution toward the
prediction of the high level of sales. Larger numbers of families living in
apartments priced higher than $100k, $200k, $300k, or $600k aided in
the accurate prediction of the high level of sales, whereas smaller number
of families living in apartments priced under $100k contributed more
toward the high level of sales.

In the post-COVID-19 period, sales in commercial alleys were higher
as the numbers worker population (in their 20s, 40s, and 60s), phar-
macies, banks, and total facilities and average monthly income increased
(Figure 9). However, the low percentage of deciduous forests and low
dynamic population on Sundays contributed to the higher prediction of
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Figure 5. Example of a single decision tree constructed via RF.

Table 4. Performances of the RF and XGB models for the two datasets:
2018-2019 and 2020-2021.

RF XGB

2018-2019 2020-2021 2018-2019 2020-2021
Accuracy (%) 89.34 91.29 89.89 91.58
Precision (%) 89.46 91.34 89.97 91.61
Recall (%) 89.34 91.29 89.89 91.58
F1 (%) 89.32 91.29 89.88 91.57

the high level of sales. Further, a larger number of families living in
apartments priced higher than $200k or $600k aided in the accurate
prediction of the high level of sales, whereas a smaller number of families
living in apartments priced lower or higher than $100k contributed to the
higher prediction of the high level of sales.

Next, we examined the impact of a single factor on predictions with
each data instance using the dependence plots shown in Figures 10 and
11 for the pre- and post-COVID-19 periods. We selected clusters and the
percentage of deciduous forests, which were newly created for this study,
as well as the top seven most important influential factors. As the worker
population in their 30s, 40s, and 60s and numbers of pharmacies, banks,
and total facilities increased, the prediction of a high level of sales
increased until some points in both periods. For example, the prediction
increased until the total number of all facilities was 100 in the post-
COVID-19 period and then remained constant or gradually decreased.
Among the sales quarters, the second quarter showed higher prediction
values than the other three quarters in both periods, whereas the fourth

quarter aided more in predictions in the pre-COVID-19 period. Addi-
tionally, among the clusters, cluster 0, which groups the commercial al-
leys on the east side of Seoul, achieved a higher prediction value than
cluster 1, and this pattern was more evident in the pre-COVID-19 period.
For deciduous forests, the prediction value remained constant or
decreased as their percentage reached 10 in the pre-COVID-19 period,
whereas it increased until their percentage reached 10 in the post-
COVID-19 period. A percentage of more than 10 for the deciduous for-
est in the catchment areas did not aid in the accurate prediction of the
high level of sales.

5. Discussion

A noticeable trend in the importance of geographical factors was that
the importance of some factors decreased in the post-COVID-19 period. It
was discovered that the relative importance of the numbers of all facil-
ities (F_t), families living in apartments priced higher than $600k
(A_p_600k), and male worker population (WP_m) in the pre-COVID-19
period dramatically decreased in the post-COVID-19 period, consid-
ering the high level of sales in commercial alleys. Particularly, the rela-
tive importance of the number of facilities became seventh in the post-
COVID-19 period, from first in the pre-COVID-19 period. This indicates
that people no longer visit retailed stores or restaurants after reaching
their destinations, such as subway stations, hospitals, or schools. The
importance of the number of families living in apartments priced higher
than $600k and male worker population in the pre-COVID-19 period was
also reduced to 10th and 18th, respectively, from 4th and 5th, respec-
tively, in the post-COVID-19 period.

K-fold Cross-validation

Folds

(a) RF

K-fold Cross-validation

Folds

(b) XGB

Figure 6. Prediction accuracies with errors of RF and XGB after 2- to 10-fold cross-validations.
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Figure 7. Importance of influential factors in the XGB model.
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Figure 9. Impact of important influential factors on the prediction of a high level of sales in the period after COVID-19.

COVID-19 period. This corroborates the importance of banks and phar-
macies in the service strategy of supermarkets in the U.S., as traditional
supermarkets in the U.S. have been adding convenience services,

However, the importance of some factors did not significantly change
in the post-COVID-19 period. The numbers of pharmacies and banks
retained high importance for predicting the high level of sales in the post-
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Figure 10. Dependence of influential factors on the prediction of the high level of sales in the pre-COVID-19 period.

including banks and pharmacies, for several decades to offer one-stop
shopping (Kinsey and Senauer, 1996). Interestingly, regarding the high
level of sales, the worker population comprising middle-aged or older
adults and average monthly income were two emergent important factors
in the post-COVID-19 period. Regarding the older adult worker popula-
tion, as they had spent most of their life in an offline world, they
remained loyal customers of nearby commercial alleys in the
post-COVID-19 period. Average monthly income was determined to be
one of the important influential factors in new shopping patterns owing
to the change in consumer behavior during the pandemic (Valaskova
et al., 2021).

The impact and dependence of important influential factors on the
accurate prediction of the high level of sales were interpreted using
Shapley values. The worker population in their 60s and total facilities
were the two factors that showed considerable changes in Shapley
values. The prediction was highest when the worker population in their
60s reached 1,500 in the pre- and post-COVID-19 periods, and then it
diminished by degrees. However, when the worker population in their
60s reached 1,500, its Shapley value was much higher in the post-
COVID-19 period than pre-COVID-19 period and remained high even
after the worker population increased. This indicated the changed
importance of worker population in their 60s during the pandemic
period. Before the pandemic, the Shapley value of the number of fa-
cilities reached 1.0 when the number of facilities reached 150, whereas
it increased to only 0.2 when the number of facilities was 100 in the
post-pandemic period. This indicates that the number of facilities
around commercial alleys is not as important anymore, and a higher
number does not contribute to a dramatically high prediction of the
high level of sales.

Additionally, some noticeable Shapley values were those of sales
quarters and economic status. In the pre-COVID-19 period, the fourth
quarter had the highest Shapley value, reaching 1.5, while the second
quarter had the highest Shapley value in the post-COVID-19 period. This
indicates that there was a large rebound in services and retail sales in
Korea in the second quarter of 2021 (Statistics Korea, 2022). The large
recovery in retail sales in the second quarter of 2021 was also observed in
other countries, such as Canada (Retail Insider, 2021). High levels of
economic status, including monthly income and the number of families
living in apartments priced higher than $600k, in the surrounding areas
of commercial alleys aided in the higher prediction of the high level of
sales. Similarly, when the number of families living in lower priced
apartments priced (A_p_b100k) was low, the prediction of the high level
of sales became accurate. The fact that families with a high level of
economic status account for a higher percentage of total annual spending
(U.S. Department of Labor Bureau of Labor Statistics, 1998) is also true
during the pandemic, although its importance was diminished.

Even though the clusters were found to be not relatively important,
the contribution of sales in commercial alleys on the east side of Seoul
was higher than the contribution of those on the west side. However,
such a pattern was not as clearly observed in the post-COVID-19 contri-
bution compared to that in the pre-COVID-19 period, which indicated
that the geographical location of a commercial alley did not significantly
affect sales in the post-COVID-19 period, as the sales of several com-
mercial alleys scattered all over Seoul were simultaneously impacted
negatively during COVID-19 (Yu, 2021).

Although the role of green space was found to be important during the
pandemic period, as proven in a previous study (Lee and Kim, 2021), this
study was the first to discover the details of their association. The
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Figure 11. Dependence of influential factors on the prediction of the high level of sales in the post-COVID-19 period.

summary plot indicated that as the percentage of deciduous forests
decreased, the prediction increased. However, the dependence plot
revealed complex associations in that the Shapley value increased as the
percentage of deciduous forests reached 2-3%. Thereafter, the Shapley
value decreased as the percentage of deciduous forests increased to 10 in
the pre-COVID-19 period, whereas it remained unchanged or increased in
the post-COVID-19 period. The Shapley value was below zero after the
percentage of deciduous forests reached 10, which indicates that a higher
percentage of green environments did not help increase sales in either
period. This may be related to the fact that a small percentage of greenery
is sufficient to impart a relaxing effect on people, and they do not prefer an
excessively high percentage of surrounding greenery (Choi et al., 2016).

6. Conclusions

7. This study examined the effects of changes in important influential
factors on commercial alley sales in the pre- and post-COVID-19 periods
using machine learning techniques. XGB was found to be the best algo-
rithm among the RF and XGB algorithms that were tested to predict the
level of sales, and it showed higher prediction accuracy (91.58%) for the
post-COVID-19 dataset than for the pre-COVID-19 dataset (89.89%).

8. As the survival of commercial alleys has become a critical social
problem in post-COVID-19 era, this study makes a significant contribu-
tion in that it suggests a policy direction that could contribute to the
revitalization of commercial alleys in the future and boost the local
economy. However, this study has some limitations that should be
addressed in future research. First, it did not consider the changing
consumption trends post-COVID-19. E-commerce and home delivery
services have rapidly emerged during the COVID-19 pandemic, along
with a significant increase in Internet usage and social media (Donthu
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and Gustafsson, 2020; Unnikrishnan and Figliozzi, 2020). Specifically,
online sales in California grew by 180% during the pandemic (Fairlie and
Fossen, 2022). Home delivery can be an influential factor in store char-
acteristics because it provides an ease of access to services (Turhan et al.,
2013). In future studies, it can be used as a salient factor for predicting
sales in commercial alleys. Second, this study did not explain how each
influential factor affects the sales of different types of businesses. All sales
data used in this study included the total sales of different types of
businesses, such as retail stores, restaurants, and services, in commercial
alleys; thus, the resulting impacts were averaged associations and did not
specify the contribution of each influential factor toward each type of
business. Therefore, future research should focus on specific types of
businesses or consider the business types as influential factors. Third, the
factors within the catchment areas were estimated using a pre-defined
200 m circular buffer. However, we need to test different distances or
buffer types to validate the reliability of the size and shape of the
catchment areas. Therefore, sensitivity analyses should be conducted to
investigate the varying associations between influential factors and sales,
according to different conditions. Finally, other machine learning algo-
rithms or advanced ensemble learning techniques, such as stacking en-
sembles, can be used in future research. CatBoost and light gradient
boosting machine algorithms are some competitors to XGB. In future
studies, we need to compare the performances of these algorithms with
that of XGB. Further, we will develop a new innovative machine learning
algorithm specialized for GIS data to contribute to the machine learning
research domain, rather than using existing traditional machine learning
algorithms. A stacking ensemble can combine the predictions of multiple
machine learning algorithms to achieve a better prediction performance.
By applying this technique, we can increase the performance of the
trained model.
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