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Abstract: Although several previous studies have examined factors influencing crime at a specific
point in time, limited research has assessed how factors influencing crime change in response to
social disasters such as COVID-19. This study examines factors, along with their relative importance
and trends over time, and their influence on 112 commercial crime reports (illegal street vendors,
dining and dashing, minor quarrels, theft, drunkenness, assault, vagrancy and disturbing the peace)
in Seoul’s alley commercial districts between 2019 and 2021. Variables that may affect the number
of commercial crime reports are classified into four characteristics (socioeconomic, neighborhood,
park/greenery and commercial district attributes), explored using machine learning regression-
based modeling and analyzed through the use of Shapley Additive exPlanations to determine the
importance of each factor on crime reports. The Partial Dependence Plot is used to understand
linear/non-linear relationships between key independent variables and crime reports. Among
several machine learning models, the Extra Trees Regressor, which has the highest performance,
is selected for the analysis. The results show a mixture of linear and non-linear relationships with
the increasing crime rates, finding that store density, dawn sales ratio, the number of gathering
facilities, perceived urban decline score, green view index and land appraisal value may play a crucial
role in the number of commercial crimes reported, regardless of social trends. The findings of this
study may be used as a basis for building a safe commercial district that can respond resiliently to
social disasters.

Keywords: commercial sales; safety; crime; PDP; Seoul

1. Introduction

After the outbreak and unprecedented spread of COVID-19, governments imple-
mented various response policies, and the fear of infection led to structural changes across
society, such as suspending inter-city public traffic, closing schools, canceling mass events
and encouraging working from home [1,2]. Particularly, several studies have identified a
relationship between decreased crime rates and government policies, such as social dis-
tancing, globally [3-5]. True crime data also speak to this trend, with the average number
of crimes decreasing by 5.48% at the end of 2020 compared to 2019 (the year before the
outbreak) in Korea. Additionally, crimes in commercial districts decreased by 13.1%, sug-
gesting that the lifestyle changes brought by COVID-19 may have had a direct impact on
commercial area crime.

The significance of crime in commercial districts is highlighted by the fact that 55.98%
of crimes from 2016 to the end of 2020 were committed in commercial areas [6]. Thus, it is
important to study these areas to better understand the factors that influence crime rates
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and how they change in response to new policies and societal shifts. This is especially
important in alley commercial districts, as they are the closest to daily life.

There have been a range of studies investigating and analyzing the causes of crime
in commercial districts while considering various factors. Particularly, urban built envi-
ronment factors (e.g., the number of CCTVs, parks and streetlights, building age), urban
greenery characteristics (e.g., the number and size of parks/green spaces) and demographic
features (e.g., population density, percentage of foreign residents, elderly population, living
population) have been commonly explored as potential crime-influencing factors [7-13].

Despite the extensive body of work investigating the drivers of urban crime, there
are notable gaps in the Korean literature. The first is the study of crime factors at a micro
level, such as individual market areas studied through granular crime reports that are able
to give a detailed picture of market-specific crime frequency. Most existing research in
Korea has predominantly concentrated on examining factors at the administrative district
level or larger. Additionally, the specific focus on commercial crime, which constitutes
a significant proportion of overall urban crime activity, is largely absent in the current
literature. Furthermore, recent variables related to social policies precipitated by the
COVID-19 pandemic, which have substantially impacted daily life, are yet to be thoroughly
explored as influential factors in the context of commercial district crime.

Therefore, this study aims to examine the factors affecting the number of 112 crime
report calls, defined as the number of verified reports officially received at the “112 Emer-
gency Number” reporting center (hereafter, commercial crime reports) before the outbreak
(2019), after the outbreak (2020) and after the implementation of strict social distancing
rules (2021) in Seoul alley commercial districts to understand the changes in the importance
and influence of variables over time. Across the sampled dataset, there were 451,478 total
crimes reported in 2019, 542,068 in 2020 and 538,031 in 2021. The crime reports are valuable
big data, as they show the interaction between citizens and police at a micro scale and
reflect the trend of crime over time. The number of reported calls (crime reports), which
has rarely been used in prior studies in Korea, make up our dependent variable [14]. In
addition, regression-based machine learning models, as opposed to classification-based
models, were employed to identify the importance and non-linear relationship between
a diverse set of factors and our dependent variable. We chose to frame our research as a
regression problem due to our dependent variable being a continuous variable, making it
unsuitable for classification modeling. The findings of this research could be utilized to
develop an alternative framework for resilient and more secure commercial districts.

2. Literature Review
2.1. Crime Influencers

The number of crimes has increased rapidly with urbanization, with the phenomenon
being more concentrated in urban areas. Previous research has discovered factors that
influence crime rates by examining various elements. With regard to socioeconomic as-
pects, resident/living population, population density, age, the number of foreign residents,
income level and land appraisal value have often been used to derive influencing fac-
tors [7,11,15-17]. Considering resident populations, population density, as well as the
number of foreign residents (those holding a resident visa, indicating their intent to remain
in Korea for more than 6 months), was analyzed and associated with urban crime in the
Seoul metropolitan area, finding that these two variables are positively correlated with
violent crimes (murder, robbery, rape, violence and theft) [16]. In a similar study in Korea,
which sought to identify the factors that contribute to crime in neighborhood parks, used
population features such as population density, the percentage of foreign residents and
elderly population [7]. Their results showed that the proportion of foreign residents had a
positive relationship with park crime, and the proportion of elderly people had a negative
relationship. They further suggested that, as the population becomes larger and more
diverse, the violent crime rate becomes lower. Another study used youth, elderly and
foreign resident population percentages as demographic characteristics to analyze crime
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rates, and only the percentage of the elderly population was found to be a significant
variable [15].

In the case of studies that utilized land appraisal values to reflect the economic level
of an area, they utilized living population and land appraisal value as socioeconomic char-
acteristics and found that land appraisal value was negatively associated with crime [11].
Other researchers found the opposite result for these characteristics, while also finding that
nightlife population, defined as floating populations between midnight and 5:00 a.m., was
positively related to crime rates [17].

For neighborhood characteristics, studies have often used land use features (e.g., com-
mercial building gross floor area, commercial land use ratio and land use mix index) to
identify relationships with crime rates [18-21], finding that, in particular, commercial floor
area had a complex relationship. One study found an insignificant relationship between the
proportion of commercial floor area and crime rates [21], whereas another study identified
it as a factor that increased the number of crimes [18]. The fear of crime also tends to
increase when the land use mix ratio is high [21]. The fear of crime and perceptions are
critical when considering crime report rates and frequencies, as they have a strong indirect
effect on reports [22-25].

Studies using parks and greenery characteristics have primarily used per capita park
area, neighborhood park area, the percentage of green space and street cleanliness [7,21,26-28].
For instance, the orderliness of the street environment and the percentage of greenery were
negatively associated with the fear of crime [21,28], potentially having an indirect influence
on decreasing reported crime. On the other hand, in the case of studies that utilized park
area per capita to identify factors, crimes were likely to decrease as parks and green spaces
increased [7,26].

The characteristics of the commercial area were also considered in analyzing factors
affecting crime in the areas, but studies that have examined this relationship are quite
limited [28,29]. While examining the correlation between the fear of street crime and the
physical characteristics of commercial districts, they found that the number of vacant stores
and entertainment venues increased the fear of crime [29], potentially increasing the rates
of reported crime indirectly. In another study, using the percentage of stores open at night
and the percentage of ground floor vacancies, researchers investigated the influence that
these variables had on influencing the fear of crime in commercial streets and discovered
that both variables had a positive relationship [28].

Recent studies have examined the relationship between urban attributes, zones and
crime, contributing to a nuanced understanding of the subject. Ref. [30] investigated the
impact of mixed land use on violence and property crime in neighborhood block groups,
focusing on the presence of criminogenic facilities and sociodemographic conditions. The
study found that mixed land use could reduce property crime, whereas violent crime was
influenced by mixed land use in adjacent areas. On a different note, ref. [31] explored the
spatiotemporal influence of urban features on crime risk by proposing a distance-aware
risk signal function. Their approach aimed to improve the accuracy of spatial influence
analysis by considering the actual distance between crime events and urban features in an
area. They identified a relative change in risk intensity and strength around certain urban
features, such as gas stations, particularly in disadvantaged areas during late-night hours
and weekends. Last, another study, ref. [32], introduced a novel method to analyze crime
incident data, which are characterized by high spatial and temporal resolutions, to identify
spatiotemporal crime patterns across Greater Manchester in 2016. This methodological
advancement aimed to address challenges posed by unidirectional temporal effects in
spatial data pooled over time.

These studies emphasize the significance of exploring crime in commercial districts,
particularly in light of the societal changes induced by the COVID-19 pandemic. The
findings from these studies may provide insightful references, as this research endeavors
to examine micro-level crime-influencing factors in Seoul’s alley commercial districts,
especially across different temporal phases of the pandemic. Through employing advanced
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regression-based machine learning models, this research aims to identify the importance of
and non-linear relationship between diverse factors and crime, offering a more granular
understanding of crime dynamics in commercial districts.

2.2. Distinction of This Research

Most previous studies on crime in Korea have focused on the physical aspects of the
city as a whole. The majority of research has found similar results for factors influencing
crime/the fear of crime by utilizing demographic and built environment factors, such as
population density, foreign/elderly populations, income level and park features. However,
existing studies have generally conducted their analyses only on a specific period (e.g., a
certain year in which an accident occurred), and thus, there is a lack of research on how
factors influencing crime have changed in response to social disasters such as COVID-19.
Furthermore, as noted in existing theories of criminal behavior (such as the broken window
theory), criminal behavior is influenced by the perceived degree of spatial awareness,
yet there is a lack of research assessing the perceived aspects of crime in the literature.
Therefore, the distinction of this study is as follows.

First, we sought to identify changes in crime impact factors over time, focusing on
the period of the COVID-19 outbreak and the implementation of social distancing policies.
Unlike previous studies that analyzed factors only at a specific point in time, this study has
novelty in that it divides the analysis into three periods: before and after COVID-19 (2019,
2020) and after the implementation of social distancing measures (2021) to understand the
changes affecting crime according to social trends.

Second, compared to prior research that primarily considered the physical aspect of
commercial areas, this study examines the factors affecting the occurrence of crime by
considering the green view index (GVI), representing the perception level of visitors, and
the Mu-score, an alternative approach to show the degree of perceived urban decay.

Third, because eight types of commercial crime reports (112 Emergency Number
reported crime call data; illegal street vendors, dining and dashing, minor quarrels, theft,
drunkenness, assault, vagrancy and disturbing the peace) were used rather than the five
major violent crimes (murder, robbery, rape, assault and theft) used in most studies of crime
factors, it was possible to analyze crime that is more specifically related to commercial
areas, which is largely composed of misdemeanors and not included in the main datasets
(i.e., five major violent crimes data). In addition, commercial crime report data may more
specifically identify/count the location of crimes and reflect more detailed crime types.
As such, although prior studies have focused on the borough and administrative district
level, this study’s data are better able to look at the commercial district level, giving a more
granular view of trends.

Finally, unlike previous studies that used basic regression analysis to identify influenc-
ing factors, this study adopts more advanced regression-based machine learning models to
assist in identifying the importance of influencing factors. Simple regression analyses are
limited in their ability to suggest the importance of influencers that should be prioritized
for crime prevention. Thus, the importance of crime-influencing factors, as well as the
non-linear relationships between diverse variables and crime, can be identified through
this study.

3. Research Methodology
3.1. Study Area

The temporal context of this study is divided into three periods: 2019 (before the
COVID-19 outbreak), 2020 (right after the outbreak) and 2021 (after the implementation of
social distancing). Although commercial districts in Seoul have been classified into four
types (developed, alley, traditional and tourist-oriented commercial districts), this study
uses alley commercial districts as a study sample since they often represent the conditions
of the local economy.
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Developed commercial districts are characterized by expensive rents and large floating
populations compared to other types of commercial districts and are occasionally used as
an indicator of the regional economic level. On the other hand, alley commercial districts
are densely packed with housing and life-oriented businesses, which are closely related
to the local economy. Thus, 1010 alley commercial districts in Seoul, which account for
the largest proportion of all commercial districts and show different consumption patterns
due to their nature locational characteristic that is closely connected to the commercial
hinterland, are selected as our target study area [33]. Although the commercial crime report
density (number of 112 Emergency Number reports per commercial district area (m?)) is
used as the dependent variable, 10 commercial districts had missing data, making them
unsuitable for analysis, and were consequently dropped from the dataset, leaving a total of
1000 alley commercial districts selected as the final sample (Figure 1).

Research area (n=1000)

- Exclusive area

River

Seoul ’x

N
0 25 5 Kilometers

Figure 1. Study area.

3.2. Data Collection

The dependent variable, commercial crime report density, is the number of commercial
crime reports from each year divided by the area of their respective commercial districts.
This normalization is performed in order to account for the variations in size among the
commercial districts. These data were obtained from the Korean National Police Agency’s
Smart Policing Big Data Platform. While collecting the data, we excluded crimes deemed
insufficiently related to commercial areas, as well as murder, voice phishing, economic
crimes and suicide, for which the type of occurrence could not be specified. By considering
prior studies, eight types of crimes (illegal street vendors, dining and dashing, minor
quarrels, theft, drunkenness, assault, vagrancy and disturbing the peace) are categorized
and considered commercial-related crimes [33,34].

Commercial crime report data are different from the real crime statistics provided by
the National Police Agency, predominantly focusing on five major crimes, and are more
suitable for identifying trends in commercial crime, mainly consisting of minor crimes [35].
In addition, commercial crime report data are useful in examining changing patterns of
crime occurrences over the course of a year in detail, and the actual crime statistics data are
published only as the total number of crimes that occurred during the year.

Independent variables were collected based on the features of each variable, which
were classified into four characteristics that can affect the crime, and a total of 18 variables
were utilized. For socioeconomic features, living population, youth sales ratio, middle-aged
sales ratio, elderly sales ratio and land appraisal value were considered. Living population
is a concept that encompasses resident and floating populations, including not only those
who live within the commercial district but also those who visit the area for daily activities,
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such as education, work and other activities that generate administrative demand [36].
Living population data were collected and estimated based on the SK Telecom annual
averages [37]. Based on a study that identified that the number of crimes may be impacted
by different age usage, we employed three different age groups’ average sales ratios [15].
Age groups are defined as 20-30 s (youth), 40-50 s (middle-age) and over 60s (elderly).
Land appraisal value represents the economic level of a specific commercial district, and
the data were obtained from the Individual Land Appraisal Value by using the median
value of each commercial district.

Neighborhood features include the commercial land ratio, land use mix index,
commercial-to-housing ratio and the number of gathering facilities. The land use mix
index was calculated by dividing the natural logarithm of the sum of four land use area
ratios (residential, commercial, industrial and green spaces) by the total number of land
uses. For example, when the area is fully covered by residential areas (100%), the value
is 0. If an area has equal proportions of all land uses, the value is 1. Thus, a higher index
indicates an area with more complex land uses. The commercial-to-housing ratio was
derived by dividing the percentage of commercial building areas by residential building
areas. Gathering facilities are the number of theaters and educational institutions within a
commercial district, which induce the floating population to increment in shopping areas.

Regarding park/greenery features, the number of neighborhood parks, children’s
parks and small parks within 400 m of each commercial district were used. Moreover, the
green view index (GVI), representing the greenness rate of an area, was considered one
of the park/greenery features. The GVI was calculated by using the Treepedia model, an
object recognition computer vision technique, to measure the amount of street greenery
in the image. For each commercial district, Google Street View (GSV) images were taken
for every 20 m of road, and the average greenery percentage of all images was quantified
as a value between 0 and 100. As the value increases, the percentage of greenery that is
cognitively perceived by visitors in the commercial district also increases [38,39]. However,
since the GVI simply derives the percentage of greenery in the image, we also considered
the number of parks in the hinterland of the commercial district to be included in the level
of park greenery in the commercial district.

Finally, commercial district features include store density, closure rate, commercial
district size, dawn sales ratio and Mu-score. Variables were utilized to identify changes
in crime opportunities in commercial areas, reflecting the changing nature of commercial
districts due to COVID-19 and social distancing. In particular, the dawn sales ratio was
used because crimes are mostly reported from midnight to the early morning. The Mu-score
represents the degree of perceived deterioration, measured according to how much citizens
recognize an area. It was measured by utilizing the results of a perceived decline survey
of 3000 urban residents through GSV images. A deep learning model was trained using
the survey scores, and the final predictive score (Mu-score) was derived using the average
image score for each commercial district to build the perceived urban decline level.

3.3. Data Analysis

The modeling methodology of this study is separated into four main stages, applied
individually to datasets for the years 2019, 2020 and 2021 (Figure 2). The process begins
with loading the specific year’s dataset and standardizing the dependent variable, repre-
senting crime reports, by the market district’s size. The data are then processed using the
PyCaret library [40] and split into training and testing subsets at a 70/30 ratio, laying the
groundwork for the subsequent model-building phase.

PyCaret is an open-source machine learning library in Python used to streamline the
modeling process. PyCaret offers an efficient and easy-to-use environment for carrying out
various tasks in the data analytics pipeline, including data preprocessing, feature selection,
model selection and hyperparameter tuning, among others. Its automated workflows
save computational time and resources, allowing for a more robust and comprehensive
exploration of the model space. Furthermore, PyCaret’s compatibility with multiple ma-
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chine learning algorithms and its seamless integration with other Python libraries, such as
scikit-learn, XGBoost and LightGBM, offer a high level of flexibility and customization, as
demonstrated in previous research [41].
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Figure 2. Analytical flowchart.

In the model-building stage, the model is trained, compared, assessed and finalized
using PyCaret, selecting the model that best reflects the underlying data patterns. The
concluding analysis of the model’s results employs SHAP plots to visualize feature contri-
butions and PDP plots to examine target response relationships. By applying this pipeline
to each year’s dataset, the study achieves a consistent and methodical approach that aligns
with the research objectives. This robust framework provides a replicable and insightful
understanding of the data’s complexities.

3.4. ML Model Building and Selection

Several studies have adopted various ML approaches to identify and diagnose the im-
pact of COVID-19 [42,43]. To understand the factors impacting crime reports, we employed
regression-based machine learning models. These models utilized our selected 18 variables
to predict the density of crimes reported. To accomplish this task, PyCaret, an open-source
Auto ML tool, was used as the modeling platform [40]. A significant advantage of PyCaret
is its capability to generate a broad spectrum of models, enabling us to identify the one
with the most robust performance.

To compare the differences in features across three years (2019, 2020 and 2021), the
dataset and model-building process were separated by each year. Below is a breakdown of
the PyCaret model setup, conducted for each year.

setup(dataset, target = ‘commercial crime reports density’, session_id = 123)

In this configuration, the dataset, comprising our dependent and independent vari-
ables, is input. The target is specified as our dependent variable (“commercial crime reports
density”), and a session_id is passed to ensure replicability.

Following the construction of the models, we executed the PyCaret function below to
assess the models’ performances.

best_model = compare_models()

This produced 18 distinct models for each year, with each accompanied by goodness-
of-fit metrics. For presentation purposes, only the top five highest performing models are
presented by considering the R-squared (R?), Root-Mean-Square Error (RMSE) and Mean
Absolute Percentage Error (MAPE).

4. Results and Discussion
4.1. Descriptive Statistics

Across the sampled dataset, there were 451,478 total crimes reported in 2019, 542,068
in 2020 and 538,031 in 2021. The dependent variable, commercial crime report density, was
calculated as the reported 112 calls per commercial area (m?). We chose to find the density
of 112 calls in commercial areas in order to better control variations in the size of the market
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areas. As shown in Table 1, the average (mean) commercial crime report density across
all sampled commercial market districts (n = 1000) of the pre-COVID-19 era (2019) was
0.00134, and the post-COVID-19 (2020) average was 0.00137, indicating that crime calls
increased right after the outbreak. However, when social distancing was tightened, the
average of 2021 reduced to 0.00130.

Among the socioeconomic features, the average living population across all com-
mercial districts continuously decreased from about 2.84 million (2019) to 2.74 million
(2021). This can be explained by the implementation of social distancing, which accelerated
telecommuting, virtual classes and remote working. For land appraisal value, the average
of the median value of each commercial district was used, and the growth of the real estate
market led to consistent increments over time.

Regarding neighborhood features, the land use mix index was 0.13 for all years, and
the average number of gathering facilities was 12.28 until 2020 but decreased to 9.58 in
2021. The commercial-to-housing ratio was about 86.83% in 2019, and it slightly decreased
in 2020 (83.28%) and rebounded to 88.01% in 2021.

In terms of park/greenery features, alley commercial districts tend to be closer to
children’s park rather than neighborhood and small parks. The average GVI was approx-
imately 17.47%. Considering that the maximum value is 100%, we may capture that the
study area’s street greenery rate is relatively low.

With respect to commercial district features, store density within the study area seems
to be quite low, with a value of 0.13. The closure rate ranged from 2.34 to 2.80, indicating
that stores within the alley commercial district did not close significantly during the study
period. The dawn sales ratio, however, diminished constantly from 6.15 to 2.49, with a
substantial decrease in 2021. Finally, the Mu-score, a variable that specifies the degree of
urban decline from a perceptual point of view, indicates that, as the value increases, the
number of visitors who perceive the commercial district as decayed also increases. The
study area’s Mu-score was about 7.74, indicating a relatively high degree of perceived
urban decline.

4.2. Machine Learning Models

The training dataset for the ML model used in this study consisted of 70% (n = 700) of
the 1000 total commercial districts, and 30% (n = 300) were employed as the testing dataset.
The training data were then used to model three different years. From the derived model,
the dependent variable, the number of crime reports per commercial area, of the test dataset
was predicted. As mentioned in Section 3.3, the best-performing model was selected for our
final model. Among several ML models assessed, the top five highest-performing models,
along with our benchmark model (linear regression), are shown in Table 2.

The training results show that the Extra Trees Regressor had the highest performance
among the five models in 2019, with an R? of 0.4626. The difference in RMSE, a measure
of how close each model’s predictions are to the true value, was negligible for all models.
Although the MAPE, which describes the performance of the regression model, indicated
that the Random Forest Regressor performed the best, the difference was minimal compared
with the Extra Trees Regressor. Since the Extra Trees Regressor had a relatively high
explanatory power, this model was chosen.

The 2020 model training results also demonstrate that the Extra Trees Regressor had
the highest explanatory power of 43.61%. RMSE values were the same for all models, and
Bayesian Ridge had the lowest MAPE with a value of 0.4421, even though the difference
from other models was not significant. Thus, the model that had the highest R? (Extra Trees
Regressor) was adopted for this year.

The Extra Trees Regressor’s R? was also the highest in the 2021 model training results,
whereas no differences exist for RMSE. In MAPE, every model received a value lower than
0.5, but the Random Forest Regressor yielded the lowest value of 0.4273.
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Table 1. Descriptive statistics.
Mean S.D. Min. Max.
Variables
2019 2020 2021 2019 2020 2021 2019 2020 2021 2019 2020 2021
Dependent variable Commercial crime 0.00134 0.00137 0.00130 0.00112 0.00112 0.0011 0.00004 0.00005 0 0.01196 0.127 0.0111
report density
Living population 2,814,914 2,819,768 2,742,450 1,538,767 1,585,361 1,631,706 85,950 60,597 56,408 16,900,000 18,800,000 21,800,000
Youth sales ratio 37.55 36.91 35.5 10.59 10.77 10.61 0.76 0 0 78.40 79.65 78.62
Socio-economic features Middle-aged sales ratio 40.98 41.14 41.0 8.05 8.14 7.78 12.74 0 0 64.59 65.84 64.98
Elderly sales ratio 40.32 13.01 14.59 6.64 4.99 5.46 14.32 0 0 66.14 37.17 39.77
Land appraisal value 3,637,366 3,896,638 4,365,645 2,337,880 2,525,739 2,855,645 158,100 163,400 184,700 22,700,000 24,300,000 27,500,000
Commercial ratio 517 517 5.14 15.62 15.62 15.60 0 0 0 99.98 99.98 99.98
) Land use mix index 0.13 0.13 0.13 0.20 0.20 0.20 0 0 0 0.84 0.84 0.84
Neighbor-hood features
Commercial-to-housing ratio 86.83 83.28 88.01 330.91 265.04 297.61 0 0 0 7365.20 4935.10 5105.10
Gathering facilities 12.28 12.28 9.58 7.87 7.87 6.52 0 0 0 73 73 39
Neighborhood park 0.25 0.25 0.25 0.58 0.58 0.58 0 0 0 4 4 4
Children’s park 2.86 2.86 2.86 2.37 2.37 2.37 0 0 0 14 14 14
Park/greenery features
Small park 0.09 0.09 0.09 0.39 0.39 0.39 0 0 0 5 5 5
GVI 17.47 17.47 17.47 3.72 3.72 3.72 9.70 9.70 9.70 38 38 38
Store density 0.13 0.13 0.13 0.08 0.08 0.08 0.01 0.01 0.01 0.75 0.78 0.83
Closure rate 2.76 2.34 2.80 2.81 2.56 3.13 0 0 0 23.05 19.70 20
Commercial district features Commercial area 74,591.46 30,266.99 10,579.18 387,983.2
Mu-score 7.74 7.74 7.74 0.87 0.87 0.87 3.76 3.76 3.76 10.25 10.25 10.25
Dawn sales ratio 6.15 5.33 2.49 3.63 3.10 1.82 0 0 0 27.87 21.70 12.65
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Table 2. Top five best-performing ML models.
2019 2020 2021
Model
R? RMSE MAPE R? RMSE MAPE R? RMSE MAPE

Extra Trees Regressor

0.4626 0.0008 0.4715 0.4361 0.0008 0.479 0.4714 0.0008 0.4658

Random Forest Regressor

0.4112 0.0008 0.4597 0.4033 0.0008 0.4675 0.464 0.0008 0.4273

Light Gradient
Boosting Machine

0.4091 0.0008 0.46 0.3916 0.0008 0.5591 0.4586 0.0008 0.4853

Ridge Regression

0.3896 0.0009 0.5236 0.3913 0.0008 0.5644 0.4537 0.0008 0.4743

Bayesian Ridge

0.3886 0.0009 0.5115 0.3902 0.0008 0.4421 0.4526 0.0008 0.4377

Linear Regression
(benchmark)

0.3831 0.0009 0.5156 0.3883 0.0008 0.5574 0.3812 0.0008 0.5671

Overall, the optimal model for 2019 and 2020 was the Extra Trees Regressor, and the
Random Forest Regressor was the optimal model for 2021. However, using a different
model for 2021 alone would likely reduce the reliability of year-to-year comparisons. The
Extra Trees Regressor model, which continuously performed well across all years, is an
extreme randomized machine learning method that is constructed on similar principles to
the Random Forest Regressor but is comparatively superior in terms of speed and model
performance [44]. Therefore, we selected it as our final model to better compare three
different years.

4.3. SHAP

The Global Shapley Value (GSV) and Local Shapley Value (LSV), derived from the
Extra Trees Regressor model, were used to determine the importance of each variable for the
crime calls. In the subsequent visualization, mean absolute SHAP values (GSV) are used to
delve deeper into the influence of each feature. As depicted in Figure 3a, the mean absolute
SHAP value for every feature is presented and ranked by impact. Additionally, the average
trend that each feature has on the outcome is indicated, with blue signifying an increase in
the number of crimes reported and red denoting a decrease. For the interpretation of LSV,
a position of 0.0 on the x-axis implies no substantial link between the outcome variable
and the features. Data points to the left of this mark negatively influence the prediction,
whereas those to the right enhance it [45].

The GSV results depict that all variables had a smaller impact on crime reports as we
move into 2021, although their influence varied significantly (Figure 3a). Specific variables
emerged as highly influential in predictions from 2019 to 2021. In particular, store density
exhibited the most significant impact, followed by the dawn sales ratio, number of gathering
facilities, Mu-score, elderly sales ratio and land appraisal value. Upon considering the most
influential factors for each year, the order and direction of influential factors are slightly
changed. The elderly sales ratio had a negative relationship with crime in 2019 but turned
positive after 2020. In addition, the significance of the Mu-score slightly dropped in 2021
(from third place to fifth place). The importance of the middle-aged sales ratio also scarcely
increased in 2021 by flipping positions with the land appraisal value. Moreover, land
appraisal value and elderly/youth sales ratios had a negative influence in 2019, and only
GVI and land appraisal value showed negative and moderate influences on crime report
dynamics after 2020.



Appl. Sci. 2023, 13, 11714

11 0f 18

store density [N
Dawn sales ratio [ N NG
Gathering facilities | N IR
Mu Score |
Middle-aged sales ratio | |
Land appraised value | |
Children park Il
Green view index [l

Global
Shapley

Closure rate [l

Variable

Youth sales ratio [l
Value
Land use mix index [l

(a) Neighborhood park [l
Commercial ratio [l

Eldery sales ratio [l

Living pop. Il

small park [ll

Commercial ratio to housing [l

0.0000 0.0001 0.0002 0.0003 0.0004

SHAP Value (Blue = Positive Impact)

2019

Store density

Dawn sales ratio
Gathering facilities

Mu Score

Land appraised value
Middle-aged sales ratio

Green view index

Raadi

Local Shapley

Children park

t

Closure rate

Value

Neighborhood park

(b) Land use mix index

Commercial ratio

m}

Youth sales ratio

Small park
Living pop.
Eldery sales ratio

Commercial ratio to housing

r+rrd

Low
-0.0005 0.0000 0.0005 00010 00015 0.0020

SHAP value (impact on model output)

High

Feature value

Store density

Dawn sales ratio

Mu Score

Gathering facilities
Eldery sales ratio

Land appraised value
Middle-aged sales ratio
Children park

Green view index

Variable

Small park
Living pop.

Youth sales rati

Land use mix index
Neighborhood park
Commercial ratio to housing
Commercial ratio

Closure rate

0.0000

Store density

Dawn sales ratio
Gathering facilities

Mu Score

Eldery sales ratio

Land appraised value
Children park
Middle-aged sales ratio
Green view index
Small park

Living pop.

Land use mix index
Commercial ratio
Youth sales ratio
Neighborhood park
Commercial ratio to housing

Closure rate

-0.0010 -0.0005 0.0000 0.0005 0.0010 0.0015 0.0020

0.0001 0.0002

2020

.m*_ P o
—*-- . e e

1

rrreTrriedrdd

SHAP value (impact on model output)

Figure 3. SHAP GSV (Absolute Mean) and LSV (Beeswarm) plots.

0.0003
SHAP Value (Blue = Positive Impact)

Store density I
Dawn sales ratio [ NNINIGIGEGEGEGEGG
Gathering facilities | N RN
Eldery sales ratio [N

Mu Score

Middle-aged sales ratio
Land appraised value

Children park

Variable

|
|
]
Green view index [l
Living pop. 1l
Ccommercial ratio [l
Youth sales ratio [l
Land use mix index [l
Small park |l
Commercial ratio to housing | |
Closure rate i}
Neighborhood park ||
0.0004

0.0000 0.0001 0.0002 0.0003 0.0004

SHAP Value (Blue = Positive Impact)

2021

High High

Store density

Dawn sales ratio

.*-—.. Seeriee

Gathering facilities -

Mu Score

Eldery sales ratio
Middle-aged sales ratio
Children park

Land appraised value

Green view index

Feature value
Feature value

Living pop.
Commercial ratio
Land use mix index
Youth sales ratio

Small park

Neighborhood park
Closure rate

Commercial ratio to housing

Trrtrrrredtiede

Low .
~0.0010-0.00050.0000 0.0005 0.0010 0.0015 0.0020 0.0025
SHAP value (impact on model output)



Appl. Sci. 2023, 13, 11714

12 of 18

When delving into each feature, the living population under the socioeconomic charac-
teristics continuously had a positive association with the commercial crime report density.
This is consistent with earlier research that suggests that crime is related with population
contact, with more crowded places having higher crime rates owing to increased interper-
sonal contact [46]. The result, however, differs from the findings of [33], which suggest
that an excessive floating population leads to a surveillance effect that causes multiple
people to monitor their surroundings. This disparity may be attributable to the unit of
population employed in this study. The living population here includes both floating and
resident populations. Interestingly, the importance of the living population increased after
the outbreak, but its magnitude has not significantly changed over time. Although the
LSV results are more evenly distributed over each year, the red dots are more scattered on
the right, indicating a positive and linear association with crime reports. As mentioned
above, the elderly sales ratio turned positive after the outbreak of COVID-19. From this
result, we may assume that elderly visitors acted as natural surveillants and diminished
crimes before the pandemic [15]. However, as the outings of vulnerable elderlies reduced
significantly after the outbreak, small alley commercial districts became emptier and more
susceptible to crimes. The LSV of the elderly sales ratio seemed to have a more posi-
tive and linear relationship with crime, whereas the youth sales ratio appeared to have a
non-linear association.

Neighborhood features tended to have lower importance on crime, with the number
of gathering facilities found to be noteworthy, and continuing to grow over the years with
a standardized SHAP value near 0.0001. Despite the fact that the implementation of social
distancing limited the usage of these sites, crimes are likely to occur near commercial
districts where inhabitants congregate. A high degree of mixed color for the LSV exhibits
that a non-linear relationship exists with the dependent variable.

Among park/green space characteristics, the GVI consistently showed a negative
impact on crime, implying that areas with more green street views negatively influenced
crime reports. This result complies with previous studies that have found that urban green
spaces play a facilitating role in minimizing crime [47,48]. In addition, the LSVs depicted a
negative linear relationship. Regardless of the type of park, the number of parks near the
commercial districts was positively associated with crime reports, and children’s parks had
the highest influence. Their impact, however, was minimal compared to other variables.

Regarding commercial district elements, the Mu-score was found to have a significant
positive effect over the study area, which follows prior research that has shown that the
occurrence of crime is related to the level of commercial district deterioration [49]. This is
also consistent with the broken window theory, by which decayed commercial districts
cause visitors’ moral laxity. Furthermore, because the impact of the Mu-score intensified
after the epidemic, regulating the street and surrounding landscape environment may
be considered one of the main priorities in developing crime-free commercial districts.
The LSV result showed a fairly clear linear relationship with crime. Store density, which
was found to have a substantial influence in all years, had the greatest total impact, as
expected, because more stores offered more possibilities for crime. The dawn sales ratio
also showed a significant relationship with crime. Since this is the time of day when visitors’
natural surveillance efficiency is diminished, this fact seems to be reflected in the model’s
performance. In the case of the closure rate, the importance decreased sharply after 2020.
This can be deduced from the fact that the average number of stores closing down due to the
economic impact of COVID-19 decreased the overall vitality of alley commercial districts.

4.4. Partial Dependence Plot

PDPs were employed to elucidate the effect of individual predictors on the dependent
variable by using the Extra Trees Regressor (Figure 4). The x-axis displays the value of
independent variables, and the y-axis represents the normalized value of the number of
crime reports per area. The PDPs in this study were generated based on the LSV results,
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which had a mixture of colors near 0, meaning that a non-linear relationships may exist
between the selected predictors and the outcome.
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Figure 4. PDP results of standardized commercial crime report density.

Partial Dependence

Within the socioeconomic features, the living population and youth sales ratio showed
relatively high importance. The living population mostly showed a linear relationship with
the number of crime reports per area over the years. In 2019, there was a downward trend
in crime calls until the living population surpassed two million. However, it continued
to expand after that, with a significant increase when it exceeded four million. After the
COVID-19 breakout in 2020, the growth slope became relatively mild, and crime calls
almost fell to half of that in 2019 in 2021. This finding leads us to the conclusion that safety
measures should be presented in each commercial district in accordance with the living
population, as opposed to uniform options from the central government. On the other
hand, the youth sales ratio had a clear non-linear relationship with crime calls. For all three
years, crime reports reduced to 30% and sharply increased, reaching up to about 42%. After
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that, crime reports rapidly decreased, and the dropping rate was relatively small in 2021.
This tells us that crimes are positively correlated, particularly when the youth sales ratio
is between 30 and 42%. Thus, preventative policies are suggested for certain commercial
districts for those that frequently exhibit similar youth sales patterns. Although the PDP
was not shown for the land appraisal value due to its obvious linear association with crime,
crime reports decreased as the land appraisal value grew over all years. This is in line with
earlier research, which showed that crime rises with wealth disparity, suggesting that more
affluent communities are less likely to experience property crimes such as burglary and
carjacking [50].

Among neighborhood characteristics, all three years of the commercial-to-housing
ratio showed a similar trend. Crime calls increased as the ratio exceeded 150%. Partic-
ularly, relatively fewer crime calls were reported when the commercial-to-housing ratio
was around 25% or less in 2020, and this indicates that crimes decreased in commercial
districts with a high residential proportion after COVID-19. The social atmosphere of
refraining from going outside due to the fear of infection after the outbreak made com-
mercial districts with a higher proportion of housing have fewer visitors and may have
reduced the crime occurrence. In 2021, there was an increase in trips to commercial districts
near residential neighborhoods for purchasing fundamental necessities, which led to an
increase in crime reports where the commercial-to-housing ratio was low. This finding
corresponds to [18], suggesting that an area is safer when the proportion of dwellings is
higher and recommending that we should prepare prevention policies by separating into
“residential-oriented commercial districts” and “market-oriented commercial districts”.
Furthermore, commercial districts that have more than a 150% commercial-to-housing ratio
should be more cautiously managed by police to flexibly respond to the next pandemic.

The land use mix index appeared to show a relatively linear relationship with crime:
the frequency of crime reports per area rose as the land use mix index increased, especially
when the value was greater than 0.3. This result implies that a lower land use mix has a
positive effect on crime reduction. Gathering facilities revealed a non-linear relationship,
with a rapid rise in crime calls up to around 35 facilities and subsequent maintenance after
that level. Additionally, crime reports rarely appeared up to 20 facilities, meaning that fewer
crimes occurred in commercial districts with a small number of gathering places. Therefore,
rather than expanding and attracting indiscriminate gathering facilities to revitalize alley
commercial districts, localities should manage security in commercial areas by limiting the
number of gathering facilities or redesigning district boundaries to take into account the
number of gathering facilities.

In terms of park/greenery attributes, the GVI showed a negative linear trend with
crime calls. Specifically, crime calls became negative from the point where the GVI was
about 16%. All three years’ graphs indicate that street vegetation played a crucial role in
enhancing commercial attractiveness and creating a sense of safety. However, maintaining
street vegetation at roughly 20-24% should be an appropriate level for a resilient commercial
zone, given that crime reports marginally rose or were maintained after over 24%.

Finally, two factors (Mu-score and closure rate) of commercial district features are
shown as PDPs. The trend lines for all three years for the Mu-score increased linearly,
indicating that crime reports rose as the perceived urban decline increased. This finding
corresponds to prior studies’ results that suggest that urban decadence may contribute to
the fear of crime and crime incidence [49,51]. Crime reports started to become positive
around a score of 7.5, so we can conclude that commercial districts above this level are
more likely to be exposed to crime. Because crime reports were the highest in 2021, we
may determine that declining commercial districts were more likely to be impacted by the
diminished natural surveillance efficiency, since social distancing decreased the number of
shoppers. Thus, preventative strategies should first be offered to improve the perception of
urban spaces, such as improving the aesthetics of streets/buildings and built environments.
A non-linear trend was detected for the closure rate, and some variations have existed over
the years. Crime reports steadily increased before reaching 3% with some fluctuations,
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and they continued to rise as the closure rate increased in 2019 and 2020. However, a
noticeable increase was shown in 2021 after the closure rate surpassed 5%. On average,
crime reports tended to rise as the closure rate started to exceed 4%. The closure rate is a
common physical indicator that represents the deterioration of commercial districts, and
a decaying region leads to moral slackness, which breeds criminality. Small companies
reported closing more frequently as a result of COVID-19’s economic effects, particularly
in 2021 when social distancing was in effect, reducing both the number of customers and
operating hours. As a result, it appears that there were more crimes and closures this year.

5. Conclusions

This study examines the importance and trends of factors influencing commercial
crime report density in Seoul’s alley commercial districts between 2019 and 2021. Machine
learning approaches are employed to assess the significance of variables affecting the
crime reports per commercial area and to identify the patterns of these factors. The results
suggest that the shift in lifestyle brought on by COVID-19 had a significant impact on
crime reporting, since social distancing significantly decreased the significance of crime
influencers, and their importance was altered considerably. The following conclusions and
implications can be drawn from the findings of this study.

First, it is demonstrated that store density, dawn sales ratio and the number of gath-
ering facilities are the predominant factors influencing crime reports. As these variables’
values increase, the number of crime calls likewise tends to rise every year. This implies
that the likelihood of crime increases when more facilities and amenities that might draw
more visitors to a commercial district are introduced. Thus, it is vital to classify commercial
districts for police actions according to the degree of criminal opportunities in order to
create safer market places.

Second, the Mu-score, which measures a commercial district’s level of perceived de-
cline, produced consistent findings for every year, with the number of reports rising as
the level of deterioration increased. It can be seen that commercial districts with higher
perceived decline created a landscape image of being unsafe and increased criminal im-
pulses, which is consistent with earlier studies that have found that decayed commercial
districts can harm visitors morally and contribute to the occurrence of crime. The increasing
tendency became more pronounced in 2021, which is likely related to the loss in business
activity brought on by social estrangement. Based on these findings, we may conclude that
a safe commercial district could be created by improving the visual environment from a
perception standpoint.

Third, a persistent negative linear association between the GVI and crime reports was
observed. However, since crime reports were maintained after a specific street greenery
level (22-24%), commercial districts are recommended to set adequate amounts of green
space rather than overplanting street trees and vegetation.

Although the findings of this study may provide greater insight into the factors that
drive crime, there are still certain limitations that need to be considered in future research.
Since this study utilized 112 Emergency Number reported crime call data, normalized
to our dependent variable as commercial crime report density, there is the possibility of
overestimating crime numbers due to duplicate reports and missing incidents reported by
the police. Thus, future studies should attempt to use actual crime data for more accurate
estimation. Moreover, restrictions remain in describing how crime reporting affects overall
commercial areas because the unit of study was restricted to alley commercial districts.
Future research should thus pinpoint the variables influencing crime reports by examining
different types of commercial districts. Finally, the measurement of perceived urban decay
was based on the survey results of GSV images, but images cannot be captured every
study year due to data availability. The size of alley commercial districts is relatively small,
and only images that were not changed during the study period were used in this study.
Therefore, future researchers should conduct surveys for different images for the same
place each year to increase internal reliability.
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