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Abstract

The chronic small-business closure has emerged as a critical economic issue in
South Korea, considering more than half of businesses have been closed within three
years. While some previous literature has analyzed the causes and their negative
impacts on the economy, there is still a lack of studies on understanding the pattern
dynamics and predicting future possible closure scenarios due to the lack of appro-
priate data. Using 3,000,000 individual commercial facility data from 2004 to 2018 in
Seoul, Korea, the primary purpose of this research is two-fold: (1) to develop a meth-
odological framework to simulate survival rate pattern change using a deep-learning
based model and (2) to reclassify the commercial districts based on the prediction
outcomes to 8 survival rate change types. The results indicate that the LSTM model
can be useful in predicting and simulating the survival rate of commercial facilities.
Moreover, the CBD area showed a decrease in the survival rate in the future, and the
commercial districts around university districts and IT industry clusters were divided
into commercial districts with an increased survival rate in the future. The results of
this study are expected to be used as quantitative evidence for more direct and real-
istic policy establishment.

1. Introduction

Commercial districts are places where the city’s social and economic activities occur.
In the commercial area, urban residents consume various goods and services,
which becomes a source of income for local small business owners. Preventing the
decline of the commercial district and inducing its revitalization enables the con-
tinuous supply of goods and services to city residents. In addition, it is possible to
prevent a decrease in the value of the city by increasing tourism income through the
influx of outsiders. Among diverse activities in the commercial district, Small local
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business(mainly self-employed) is one of the most critical activities that can sustain
the local economy by bringing out local characteristics and attracting people.

Small local businesses accounted for 25% of all South Korean industries in
2017, ranking Korea fifth out of 35 OECD nations [1]. As the Baby Boomer genera-
tion retires and young people increasingly start enterprises due to difficulty finding
jobs, competition among small local businesses has become fierce. Meanwhile, the
economic climate is deteriorating, with business closures rising due to increased
minimum wage and decreased consumption as the economy stagnates. Under the
circumstances, the closure rate of firms in 2019 versus those that opened in Korea
was over 72 percent, and more than half of enterprises now close within three years
after opening [2].

Since the restaurant industry occupies 25.7% of the Small local business in the com-
mercial districts, it can be an indicator for measuring the degree of activation of com-
mercial districts [3]. Due to the low barrier to entry, the restaurant industry accounts for
the highest among all small local business openings and closures. In the fourth quarter
of 2019, small business owners in Seoul showed 31,141 opening and closing(opening:
15,286, closing: 15,855), of which the restaurant industry accounted for 12,868 open-
ing and closing(opening: 6,775, closing: 6,093), the highest at 41% [3](S1 Fig). And
the average operating period of the restaurant industry has been decreasing from 3.1
years to 2.5 years in the past 5 years [3] (S1 Fig). Because of the high level of closures
in the restaurant industry, there has been an increase in the unstable employment
climate and massive economic losses for both individuals and the country.

Furthermore, nationwide events also influenced the survival and closure of small
businesses. During the study period from 2004 to 2018, notable events included the
2008 global financial crisis originating in the United States, the widespread adoption
of regional currency starting in the mid-2010s, and the 2015 MERS outbreak. Among
these, the introduction of regional currency positively impacted small businesses by
redirecting consumer spending away from large retail chains and promoting local con-
sumption [4]. In contrast, the global financial crisis and the MERS outbreak negatively
affected small businesses by significantly reducing overall consumer spending [5,6].

Unfortunately, many small local businesses are still indiscriminately open due to
the lack of an accurate understanding of current market conditions and prediction
of future commercial changes. Since various variables are complexly related to the
sales of small local businesses, it is necessary to build a large amount of data to
understand the market condition. Furthermore, it is required to use accurate predic-
tion models based on machine learning to predict future commercial changes.

Thus, this study builds an LSTM-based restaurant industry survival rate prediction
model based on over 2.94 million retail stores’ opening and closing business data in
Seoul. Then, we reclassify the commercial district types using k-means Clustering
based on the durability dynamics prediction results. Since various business pattern
dynamics respond sensitively to internal and external factors, it is critical to develop-
ing a more accurate prediction model to understand the business trends and forecast
future possible pattern changes to establish more realistic policies for small business
owners in the region.
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2. Literature review
2.1. Survival of food service business

In 2021, the closure rate of food service businesses compared to the opening was 89.8%, and more than half of the
stores will close within three years [7]. The frequent closure of small businesses entails economic losses to the state and
individuals, such as job instability and increased social costs [8]. Accordingly, to maintain a more stable survival rate for
small business and reduce the vacancy rate, various studies have been conducted on the closure of small businesses
and related factors influencing it.

The frequent closure of restaurants has long been the focus of researchers [9]. Researchers measured the closure rate
and survival period of the restaurant industry. They compared them with other sectors or compared and analyzed them by
group according to region, industry, and employee size [10—14]. Furthermore, it was revealed that the success and clo-
sure of the restaurant industry could be influenced by not only a store’s individual characteristics, such as location, size,
provided products, and financial assets, but also road density, land price, and land use [12,15—-17]. Several studies have
conducted survival analysis and multinomial logistic regression analysis for restaurants located in Seoul, Korea, to influ-
ence the business period of restaurants, such as resident population, floating population, mixed-use, number of similar
businesses, affiliation, transportation accessibility, and plot size [8,18].

As such, many studies have derived factors affecting businesses’ business continuity and survival rate and analyzed
the business period using statistical models. However, since most of the studies identified problems at a specific point in
time through past data or analyzed their impact, there were limitations in predicting future commercial district changes
based on the research results and presenting policies that can be applied to them. Therefore, this study intends to design
a survival rate prediction model based on the business closure impact factors derived from existing studies and predict the
business’s future survival rate.

2.2. Prediction model based on neural networks

With the development of computer technology and federal data organizations since the 1950s, statistics-based models for
analyzing and predicting various economic and environmental phenomena in cities have emerged, and multiple studies
have demonstrated that the statistical models contribute to predicting various urban phenomena. However, since the
traditional regression-based models have limitations in reflecting the non-linear trend of the market, neural network-based
prediction models have risen in popularity to predict spatial pattern dynamics [19-22].

Youn and Gu predicted the closure rate of Korean lodging companies through logistic regression and artificial neural networks
and compared the accuracy of the two models [19]. As a result, the accuracy of the neural network model was higher than that of
the logistic regression model, confirming that the neural network model was suitable for predicting the closure rate. Furthermore,
Limsombunchai and Temur et al. also proved the neural network model has higher performance in house price forecasting than
traditional regression models [20,21]. Lee et al. predicted the vacancy rate of commercial buildings in Seoul through the LSTM
model and analyzed the impact of individual building variables, location variables, and local economic variables on the vacancy
rate [22]. This study also showed that the LSTM model effectively predicts the future of commercial districts.

Several studies have demonstrated that the predictive power of deep learning models is superior to that of regression
models, especially those utilizing LSTM in time series analysis. However, since most studies are limited to specific areas,
such as real estate prices and traffic forecasting, this study intends to confirm the applicability of the prediction model
based on deep learning in commercial area analysis.

2.3. Classification of commercial districts

The commercial areas that revitalize the local economy and the city through exchanges of various resources and services
are critical areas of the urban space [23,24]. Many studies have attempted to define the commercial district and analyze
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the characteristics of each commercial district. Using Bayesian classification, Araldi and Fusco classified commercial
areas in Liberia, France, into eighteen types, depending on the distribution of stores and the type of industry [25].

Pinedo and Gutierrez divided Madrid into 600m*600m pixels and classified them into ten types through k-means
Clustering using the number of buildings, total floor area, number of businesses, and social network data variables [26].
Colaco and Silva classified commercial areas in Lisbon into commercial district types based on the density and diversity
of stores through k-means Clustering [27]. After categorizing the commercial district types for three-time points in 1995,
2005, and 2010, they observed the change of the commercial district type according to time frame. Kim and Choi classi-
fied Seoul into four types using the increase and decrease in business establishments and closures from 2005 to 2010
[28]. Jung classified Seoul into six types based on the temporal and spatial patterns of changes in sales [29]. Lee et al.
divided the commercial districts of Seoul by reflecting changes in all six variables, such as sales, office worker population,
floating population, household income, and the number of businesses, and compared the survival period of stores located
in each commercial district [2].

Although several studies have been conducted to reclassify commercial district types and developmental stages, most
have focused on the current state of the commercial district or changes from the past to the present. There are no studies
that predict changes and use them to classify types.

2.4. Literature gaps

Although multiple studies have been conducted to identify business durability and understand both causes and conse-
quences of commercial activity, this research differs from previous research on the survival rate of small businesses and
commercial activity in three ways.

First, this study developed the deep learning-based prediction model to forecast restaurant business durability, which
accounts for the largest percentage of self-employed businesses in Korea due to low entry barriers. While deep-learning
prediction models have shown superior performance in terms of accuracy compared to conventional statistical models
in the real estate field, this method has not yet been used in commercial analysis. Thus, we utilized the long short-term
memory (LSTM) model to predict the survival rate changes stores more accurately with many influences and fluctuations
over time.

Second, this study utilized 3,000,000 individual commercial facility data from the Seoul Credit Guarantee Foundation,
including location, sales, rent, and opening and closing dates. Due to a lack of data, previous studies failed to consider
various variables affecting business continuity and apply them to a whole city level [8,12,16—18]. Using the commercial
district-related spatial big data, we predicted the survival rate of restaurants in Seoul in units of a 300m*300m pixel.

Third, this study reclassified commercial districts based on future possible survival rate pattern dynamics. Existing
studies have classified commercial districts based on past changes. However, small stores, which account for most self-
employed businesses, change rapidly over time and must reflect future changes to establish more effective anti-closing
measures. Therefore, this study classifies the types of commercial districts based on predicted changes in future survival
rates of stores and analyzes their characteristics to provide evidence for self-employed business prevention.

Therefore, this research’s primary purposes are (1) to develop a methodological framework to simulate survival rate
pattern change using a deep-learning based model and (2) to reclassify the commercial districts based on the prediction
outcomes to 8 survival rate change types. Considering the circumstance where the closure rate of the food service indus-
try is increasing yearly, it is critical to understand future survival rate changes and establish evidence-based strategies for
each commercial district using the accurate prediction output.

3. Methods

The City of Seoul in Korea is utilized as the study area, where more than 500,000 stores in Seoul and over 4,000 open
and close monthly, causing active commercial district dynamics [3]. Firstly, to predict future possible survival rate pattern
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dynamics (between 2019 and 2023), approximately 2,940,000 individual stores’ opening and closure data from 2004 to
2018 were collected by Seoul Credit Guarantee Foundation. Considering the area of Seoul and computer performance,
we set up a 300 m x 300m grid (total of 7,108 pixels) as the analysis unit. After dividing the entire area into 7,108 pixels
and excluding pixels with no commercial data due to topography (river, mountain, vacant property, military base), we used

4,034 grids to predict future survival rates. We reclassified commercial districts (Fig 1).

This study predicts the survival rate of restaurant businesses in Seoul by developing a LSTM prediction model based
on a cyclic neural network. And we also suggest future policy directions according to the characteristics of Seoul’'s com-
mercial district types. The research process can be into two parts(Fig 2): (1) predicting the survival rate of the restaurant

and (2) classifying the types of commercial districts.

[1] To predict the survival rate of the restaurant industry using the LSTM model: first, we selected the independent vari-

ables of the survival rate prediction model in consideration of the previous studies that studied factors affecting the

business durability of stores. Second, we constructed data for three-time intervals of the selected variables for 2004—
2008, 2009-2013, and 2014-2018. Third, we estimated the survival rate from 2019 to 2023 through the LSTM model

trained on data from 2004 to 2018.

[2] To classify the types of commercial districts, the 4,034 pixels were divided into three categories based on the num-
ber of businesses per pixel: low, medium, and high-density commercial districts. Then, we derived pixel clusters by
performing k-means Clustering using time-series changes in survival rates for each commercial district. Third, we

classified the commercial district types of each pixel cluster using a confidence interval. Lastly, the spatial distribution
of each type of commercial district was confirmed to suggest future policy directions according to the characteristics of

the commercial districts.
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1. Predicting the survival rate of the restaurant

2. Classifying the types of commercial districts

1) Variables

1) Classifying according to business density

Selection of variables to be used for LSTM model learning
through review of previous studies

Classified into low-density, medium-density, and high-density commercial districts
based on the number of businesses per pixel

Dependent variable Independent variable low-density medium-density high-density

Business history, entry, industrial size,
industry-specific index, diversity index, [number of businesses
official land price, subway station distance per pixel]
< Mean - 0.5*SD

Mean ~05%D: Mean + 0.5%SD <
[number of businesses "
i [number of businesses
per pixel] ixel
< Mean + 0.5%D feE pixel]
- 2) Data ; ;
2) Clustering according to change in survival rate

5-year survival rate
of existing businesses

Variable data processing and construction according to the

spatial unit (300*300m cell) 1st clustering

K-means clustering based on survival rates in 2004, 2009, 2014, and 2019(prediction)
3) Model training and prediction I \ \

1 1 10
2004-2008 2009-2013 2014-2018 00 clusters 00 clusters 0 clusters
survival rate survival rate survival rate ! ‘ ‘
(real) (real) (real) 2nd clustering
K-means dustering based on the annual average change in survival rates for 2004-2014 and 2014-2019
| I |
lnc\i/(—;;?;rglj:nt 1 17 clusters 17 clusters 15 clusters
2014-2018 Comparison, learning 3) Classifying based on changes in survival rate
survival rate -
(estimate) Accuracy analysis Classification of each cluster type using the Confidence interval
| I I
Increase after stable Increase after stable Increase after stable
2019-2023 Increase after increase Increase after increase Increase after increase
survival rate Stable after decrease Stable after decrease Stable after decrease

(prediction) Etc. Etc. Etc.

<=

Characteristics analysis of commercial districts
Check the spatial distribution of each commercial district type and suggest future policy directions according to the characteristics of each commercial district type

Fig 2. Research Diagram showing predicting process (LSTM) & classifying the types of commercial districts.

https://doi.org/10.1371/journal.pone.0326307.9002

3.1. Predicting the survival rate of the restaurant using LSTM

3.1.1. Variables. Since variable selection can significantly affect prediction outcomes, the causal mechanism
related to survival rate is identified based on the literature review. Seven different driving factors were chosen
considering the data capability and literature(Table 1). The dependent variable is the survival rate of the stores, which
is the probability of how many stores operating in year t will survive in year t+5 at the pixel. In South Korea, the
average operational period for small businesses is 5.6 years [30]. Therefore, we determined that a 5-year interval
would be sufficient to capture meaningful changes in business survival. Additionally, the Seoul Credit Guarantee
Foundation, which compiles small business statistics for Seoul, observes survival rates for both 1-year and 5-year
periods. Furthermore, since previous literature has also used 5-year survival rates to track the business performance
of small businesses and to develop policies aimed at improving their sustainability, we also use 5-year survival rates
[31,32].
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Table 1. Types and descriptions of variables to predict survival rate.

Variable Description ‘ Reference
Dependent variable The survival rate of existing The probability that a business operating in year t in that cell will remain open in
businesses year t+5
Independent variable Business history The average length of business for businesses located in that [11]
cell [16]
[14]
Entry Number of new restaurants in the cell [34]
[35]
[28]
Industrial size Number of stores in the same industry as the business [34]
[12]
[8l
[26]
Industry-specific index The maximum value among the LQ values by industry in the cell [33]
compared to Seoul [27]
Diversity index The reciprocal of the sum of the difference in the proportion of [33]
each sector in the cell compared to Seoul [27]
Official land price The average official land price of the cell [15]
7]
Subway station distance Distance from the nearest subway station in the cell [11]
[16]
[18]

https://doi.org/10.1371/journal.pone.0326307.t001

The independent variables are seven: business history, entry, industrial size, industry-specific index, diversity
index, official land price, and distance from a subway station. After arranging the variables that have been shown to
affect the business durability and closure of stores in previous studies, we selected variables that can obtain data and
set them as independent variables. The definitions and references are described in Table 1. Previous studies have
commonly used additional variables such as industry types, number of employees, region, and economic growth rate.
Since we focused on predicting survival rates for a single industry (i.e., food industry), the industry types variable
was excluded. The number of employees variable was also excluded due to difficulties in data collection. Region and
economic growth rate variables are typically used in studies targeting larger areas, such as countries. For a relatively
smaller area like Seoul, these two variables were found to be less significant and were therefore excluded from the
analysis.

Among the variables used as independent variables, the industry-specific index, indicating the cell’s relative
degree of industry specialization compared to the whole of Seoul, was derived as the maximum value of the location
quotient(LQ) distribution of each industry in the cell compared to Seoul. The diversity index, indicating the relative
degree of industry diversity in the cell compared to the whole of Seoul, was derived by taking a reciprocal sum of the
differences in the proportion of each sector in the cell compared to Seoul [33]. The calculation formula is as follows
Eq (1-2).

The industry classification used in this study to calculate the industry-specific index and diversity index is based on the
“One hundred industries closely tied to daily life”. In 2019, the Seoul Metropolitan Government defined the “One Hundred
Industries Closely Tied to Daily Life” to facilitate statistical analysis and policy support for small local businesses. These
industries typically have fewer than five employees and a relatively high ease of entry and exit, and they consist of 10
food service industries, 47 service industries, and 43 retail industries [3]. We choose this classification to create industry
specific index and diversity index because it is well-suited for categorizing the businesses in Seoul, which is the study’s
target area, at a comparable level.
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RZl; = Max; (S”)
Sj

1

T X [si—s]
j (2)

RDI;

RZI;: The industry-specific index of i cell.
RZI;: The diversity index of i cell.

s;- Ratio of industry jin i cell.

s;: Ratio of industry j in Seoul.

3.1.2. LSTM model. An artificial neural network (ANN) belonging to a supervised learning algorithm among machine
learning, a field of artificial intelligence, is created by mimicking the human brain’s neurons [36]. Several deep-learning
based models have been developed over the past 50 years, such as a convolutional neural network mainly used for
image processing and a recurrent neural network suitable for time-series data processing, and advanced models are
continuously being developed recently.

RNN, one of the deep-learning algorithms using artificial neural networks, has been used in various fields to predict
diverse spatial and social pattern dynamics, such as stock price forecasting and real estate price forecasting [37-39].
However, traditional RNN has a problem: the longer the neural network structure, the faster the learning outcomes of
the distant past are lost [40]. To complement this, the LSTM model was introduced by Sepp Hochreiter in 1997 [41].

The LSTM model solves the problem in RNNs by adding another layer called Cell State to the hidden layer to determine
whether or not to remember new information [42].

In addition to the LSTM model, we considered several potential alternative models, including AR, MA, ARIMA, RNN,
and GRU. Statistical models such as AR, MA, and ARIMA are well-suited for linear data; however, previous studies have
highlighted their limitations in handling complex, nonlinear patterns often observed in time-series data, such as the sur-
vival rates of small businesses [43]. LSTMs (Long Short-Term Memory Networks) and GRUs (Gated Recurrent Units) are
both types of recurrent neural networks (RNNs) designed to address the vanishing gradient problem and capture long-
term dependencies in sequential data. Due to its simplified structure, consisting of only two gates—the reset gate and the
update gate—the GRU exhibits greater computational efficiency compared to the LSTM. This efficiency and a reduced
parameter count make GRUSs particularly advantageous for scenarios with limited computational resources. In contrast,
LSTMs can capture long-term dependencies in sequential data effectively and accurately with three gates (input, forget,
and output gates). Since predicting business survival rates can be influenced by various internal/external factors and
directly impacts the city’s economy, the LSTM was chosen to get more accurate outcomes [44].

In this study, we constructed data from 2004—2008, 2009-2013, and 2014-2018 for model learning and predicted the
survival rate of Seoul’s restaurant industry businesses from 2019 to 2023. First, we use the survival rates from 2004—2008
and 2009-2013 as input patterns, along with seven independent variables as input factors, to predict the survival rates
for 2014—-2018. Second, we compare the predicted survival rates for 2014—2018 with the observed survival rates from the
same period to train the model and improve its accuracy. Third, after verifying the model’s accuracy through training, we
use it to predict the survival rates for 2019-2023 (Fig 3).

To construct the most suitable model, we measured the root mean square error (RMSE) between the actual survival
rate and the estimated survival rate every 1,000 training sessions(epochs) and analyzed the trend to determine the most
optimal epochs. RMSE is one of the values representing the difference between the estimated value and the actual value
of the model. The closer the value is to 0, the smaller the difference between the estimated value and the actual value,
and the higher the accuracy of the model [22]. The calculation formula is as follows Eq (3).
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3.2. Classifying the types of commercial districts

3.2.1. Classifying commercial districts according to business density. Since several previous studies proved that
the business durability and closing rate are different in commercial districts by business density [2,18]. The 4,034 pixels
(300 m x 300 m) were firstly reclassified into three different types by the density of commercial facilities: low-, medium-,
and high-density districts in Seoul, which was the subject of analysis, according to business density.

The process of classifying commercial areas according to density is as follows. First, we derived the average number
of food service businesses operating in 2004, 2009, and 2014 for each pixel and used this as the number of stores in the
pixel. The calculation formula is as follows Eq (4).

(N2004 + NZOOQ + N-2014)
3 (4)

N; =

Second, we checked the distribution by analyzing the basic statistics of the number of stores per pixel and set the stan-
dards for low-density, medium-density, and high-density commercial districts using the average and standard deviation
of the number of stores. The criteria for classifying commercial districts according to business density are as follows
(Table 2).

3.2.2. K-means clustering. We classified pixels using k-means Clustering based on the survival rate of stores from
2004 to 2008, 2009-2013, and 2014—-2018, and the survival rate of stores from 2019 to 2023 predicted through the LSTM
model in this study. K-means clustering is one of the clustering methods that divides data into several groups with similar

PLOS One | https://doi.org/10.1371/journal.pone.0326307  July 10, 2025 9/23



https://doi.org/10.1371/journal.pone.0326307.g003

PLO\Sﬁ\\.- One

Table 2. Criteria for classifying commercial districts by business density.

Commercial districts Definition

Low-density commercial districts N; < Mean—0.5SD

Medium-density commercial districts Mean—0.5SD < N; < Mean + 0.5SD
High-density commercial districts Mean + 0.5SD < N;

https://doi.org/10.1371/journal.pone.0326307.t002

characteristics and belongs to the unsupervised learning algorithm of machine learning. The K-means clustering algorithm
divides the data to minimize the average Euclidean distance between the center of each cluster and the objects belonging
to the cluster. The algorithm is expressed as the following Eq (5).

k
V= ZZ |x,-—m;|

i=1 jes; (5)

V: the overall variance
Si: the set of points belonging to the cluster
mi: the average of the individuals in each cluster

First, we classified the 300m pixels in each commercial area into 10—20 clusters through k-means Clustering, which
variables the survival rate of existing businesses in four-time intervals (2004—2008, 2009-2013, 2014-2018, and 2019—
2023). It was difficult to derive the characteristics of the cluster due to various changes in the survival rates of pixels
belonging to a cluster. In particular, since the survival rate dynamics in low- and medium-density commercial areas were
larger and more rapid than that of high-density commercial districts, there was a limit to classifying the districts with only
one stage of k-means Clustering.

Therefore, we classified the types of changes in survival rates in low, medium, and high-density commercial districts
through two stages of k-means Clustering. Through the first k-means clustering, we divided pixels in each commercial
district into 100 clusters using the survival rate values of four-time intervals as variables. Through several simulations, we
confirmed that when the number of clusters was set to 100, pixels showing similar survival rate changes were classified
into the same cluster in low, medium, and high-density commercial districts. Then, we derived one trend line based on the
survival rate changes of each pixel for every 100 clusters classified through the above process.

Through the second k-means Clustering, we clustered 100 clusters classified in the first k-means Clustering using the
2004-2014 annual average change in survival rate and the 2014—2019 average survival rate change in the trend line
as variables. The average annual change in the survival rate from 2004 to 2014 is the difference between the survival
rate(2004 ~2008) and the survival rate(2014 ~2018) divided by 10, which is the difference between the years of the sec-
tion and refers to the past change in the survival rate in the food service industry. The average annual change in survival
rate from 2004 to 2014 is the difference between the survival rate from 2014 to 2018 and the survival rate predicted in this
study for 2019-2023 divided by 5, the year difference between the sections, meaning the future change in the survival
rate in the food service industry. The calculation method is as follows Eq (6). AAC in the formula represents the average
annual change, and S represents the survival rate.

2014 S301% — S3004

Past change : AAC = —=—=____=_=
g 2004 7 9014 — 2004

2010 _ S3015 — S3014

Fut h : AA =
uture change Coo11 5019 — 2014 6)
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Since secondary k-means clustering is the final step in determining clusters, a more accurate method determined the
number of clusters. We calculated the BSS (between the sum of squares)/WSS (within the sum of squares) according
to the number of clusters for each commercial district and derived a section in which the value rapidly increased and
reflected this to determine the number of clusters.

3.2.3. Classifying commercial districts based on survival rate dynamics. To divide the types of clusters into
“increasing,” “decreasing,” and “stable” survival rate changes, we derived a confidence interval for the change in survival
rate for each low-, medium-, and high-density commercial district. We used it as a quantitative criterion to classify the
types of clusters. The classification process is as follows(Fig 4).

First, set the interval boundaries. We derived a population average of 99% confidence intervals for the existing and
future changes in the survival rate of the restaurant industry, centered at 0, and set it as the “stable” zone judgment inter-
val. Then, we divided into groups larger and smaller than the stable zone judgment interval, derived each 99% confidence
interval, and set it as the judgment interval for “increasing” and “decreasing” commercial zones.

Second, divide into increasing, decreasing, and stable commercial districts according to the interval boundaries. We
divided the clusters on the left, including the decreasing commercial zone judgment section, into the existing decreasing
commercial zone (a) and the clusters on the right, including the increasing commercial zone judgment section into the
existing increasing commercial zone (c). After that, we divided the clusters between the increasing and decreasing com-
mercial zones, including the stable zone judgment section, into the existing stable zone (b). Since then, we divided the
future increase, decrease, and stable zone in the same way for the future change rate (1, 2, 3).

Third, we classified the types of commercial districts into nine classes: increase after decrease (laD; a, 1), increase
after stable (IaS; b, 1), increase after increase (lal; c, 1), stable after decrease (SaD; a, 2), stable after stable (SaS; b,
2), stable after increase (Sal; c, 2), decrease after decrease (DaD; a, 3), decrease after stable (DaS; b, 3), and decrease
after increase (Dal; c, 3).

After classifying the types of commercial districts through the above method, we identified the spatial distribution of
each type of commercial district and suggested the direction of self-employment policy suitable for the characteristics.
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Fig 4. Classifying commercial districts based on survival rate changes.

https://doi.org/10.1371/journal.pone.0326307.9004
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4. Results
4.1. Predicting the survival rate of the restaurant

4.1.1. Basic statistics of dependent and independent variables. Before predicting the future survival rate of
existing restaurant businesses, we analyzed the basic statistics of variables used to build the LSTM model(Table 3).

While the average survival rate (the probability that a business operating in t years will be operating in t+5) decreased
over time to 57.42% in 2004, 50.35% in 2009, and 44.02% in 2014, the average operating period of a business within one
pixel, increased sharply from 40.62 months in 2004 to 63.32 months in 2009 and 80.93 months in 2014. Furthermore, the
number of newly established businesses (the entry variable) has gradually increased from 2004 to 2014. The official land

price increased steeply, and the distance to subway stations gradually decreased due to the establishment of subway
stations. The results indicate that the sustainability of the restaurant industry decreases. This might be due to the early
closure of new businesses rather than the closure of businesses operating for a long time.
4.1.2. Prediction of the LSTM model. The LSTM model in this study estimates the survival rate for 2014—-2018 based
on the survival rates of existing restaurants in 2004—2008 and 2009-2013 and the data of seven independent variables
that affect them. After verifying the model’s accuracy through comparative analysis with the actual survival rate from 2014
to 2018, the model estimates the expected survival rate from 2019 to 2023. Fig 5 indicates the training process of each
epoch with RMSE. RMSE was derived for every 1,000 training cycles to validate the model performance. As a result,
RMSE, initially 29.79 in the 10,000th learning, fell to 1.29, meaning the accuracy tended to increase as the number of

Table 3. Basic statistics of dependent and independent variables.

Variable Time Interval N Mean SD Median Min Max
Survival rate(%) 2004-2008 4034 57.42 25.97 60.00 0.00 100.00
2009-2013 4034 50.35 22.99 50.00 0.00 100.00
2014-2018 4034 44.02 22.85 43.75 0.00 100.00
Business history 2004-2008 4034 40.62 33.69 37.50 0.00 1142.00
2009-2013 4034 63.32 37.88 60.54 0.00 1202.00
2014-2018 4034 80.93 40.62 78.45 0.00 654.00
Entry 2004-2008 4034 31.13 39.24 17.00 0.00 368.00
2009-2013 4034 30.72 40.34 16.00 0.00 485.00
2014-2018 4034 32.59 43.10 18.00 0.00 511.00
Industrial size 2004-2008 4034 59.47 76.06 32.00 0.00 831.00
2009-2013 4034 67.94 86.67 37.00 0.00 934.00
2014-2018 4034 69.29 88.02 38.50 0.00 932.00
Diversity index 2004-2008 4034 1.04 0.37 0.99 0.00 2.40
2009-2013 4034 1.08 0.37 1.04 0.00 2.39
2014-2018 4034 1.07 0.36 1.05 0.50 2.23
Industry-specific index 2004-2008 4034 31.14 49.45 17.91 0.00 1448.80
2009-2013 4034 26.62 39.20 15.69 0.00 912.93
2014-2018 4034 25.45 35.63 15.27 3.45 555.58
Official land price 2004-2008 4034 2.83E+08 5.45E+08 1.81E+08 0.00 1.97E+10
2009-2013 4034 3.66E+08 6.41E+08 2.32E+08 0.00 1.75E+10
2014-2018 4034 4.36E+08 7.33E+08 2.8E+08 0.00 1.84E+10
Subway station distance 2004-2008 4034 702.59 558.79 549.50 11.42 4836.25
2009-2013 4034 630.29 474.07 510.88 11.42 3868.98
2014-2018 4034 627.42 474.49 506.84 11.42 3868.98
https://doi.org/10.1371/journal.pone.0326307.t003
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Fig 5. LSTM training process with RMSE by epochs.

https://doi.org/10.1371/journal.pone.0326307.9005

training rose. Since the RMSE did not decrease significantly after learning 10,000 times, we set the number of times to
train the model to 10,000 times, considering the overfitting problem.

The results of predicting the survival rate of existing businesses in 2019-2023 using the learned model are shown in
Fig 6 below. The average survival rate of the food service industry from 2019 to 2023 was predicted to be 41.56%. By
region, the future survival rate was predicted to be low in (1)Gangnam, (2)Guro-dong, and (3)Cheonho-dong, and the
future survival rate in (4)Seoul Station, (5)Hongdae, and (6)Banghak-dong was predicted to be high. A more detailed anal-
ysis result using the predicted survival rate is described in the next section.

4.2. Classifying the types of commercial districts

4.2.1. Classifying commercial districts according to business density. As a result of analyzing the basic statistics
of the number of businesses in 4,034 pixels in Seoul, the average number of businesses per pixel is 34.09, and the
standard deviation is 43.82. According to the classification criteria described in Table 2 above, we define a commercial
district with 12.18 or fewer businesses in each pixel as a low-density commercial district, a commercial district with more
than 12.18 and 55.99 or less as a medium-density commercial district, and a commercial district with more than 55.99 as
a high-density commercial district. There were 1,668 pixels in low-density commercial districts, 1,525 in medium-density
commercial districts, and 841 in high-density commercial districts.

Low-density commercial districts are in suburban areas and regions with high-density residential facilities. Medium-
density commercial districts are found around the high-density commercial districts and neighborhood commercial areas
near residential areas. High-density commercial districts are located in well-known commercial areas of Seoul, central
business districts, amusement park vicinities, and several university neighborhoods.

Over the 15-year analysis period of this study, business densities within each pixel may have changed, potentially
leading to shifts in density types. To examine the temporal stability of commercial district classifications based on business
density, we classified density types separately for three time periods (2004—2008, 2009—-2013, and 2014—-2019) and identi-
fied patterns of density changes and their distributions. For example, if a pixel was classified as a low-density commer-
cial district in 2004—-2008, a medium-density commercial district in 2009-2013, and a high-density commercial district in
2014-2019, it was categorized as an LMH type.

Approximately 90% of pixels in low-density commercial districts remained classified as low-density across all three
periods, indicating stability over time(Fig 7-A). In the medium- and high-density commercial districts, 29% and 27% of
pixels, respectively, showed changes. This higher variability compared to low-density districts may reflect the challenges
of maintaining medium- or high-density commercial districts in real-world conditions(Fig 7-B, C). However, most of the
pixels that changed classifications were either categorized in the same district type for two consecutive time periods with
increasing density levels (e.g., LMM and MMH types in medium-density districts, and MHH types in high-density districts)
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Fig 6. Survival rate prediction of restaurants in 2019-2023 using the learned model.
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or transitioned to a higher-density district and later returned to the original type (e.g., MHM type in medium-density
districts). Other types of transitions were relatively rare, and their spatial distributions did not significantly differ from the
general characteristics of their respective density categories.

Therefore, this study’s method of classifying density types based on the average business density across the three time
periods was valid. Furthermore, we confirmed that the spatial distribution of high-density commercial districts classified in
this study closely aligns with the areas defined as developed commercial districts by the Seoul Metropolitan Government,
which are characterized by high density and active commercial activity(Fig 7—C, D). This further supports the validity of the
density classification method used in this study to reflect real-world conditions.

Table 4 shows the basic statistics of the survival rate of the restaurant for each low-, medium-, and high-density com-
mercial district. In all three commercial districts, the average survival rate decreased over time. The standard deviation
was the largest in the low-density commercial district and the smallest in the high-density commercial district, and the
range was the widest in the low-density commercial district and the narrowest in the high-density commercial district.

4.2.2. Clustering according to change in survival rate. As described in the method of the previous study, we
clustered 4,034 pixels in Seoul by performing k-means Clustering twice based on time-series changes in the survival rate
of existing businesses in the restaurant industry.

First, we divided low-density, medium-density, and high-density commercial districts into 100 clusters through k-means
Clustering and derived a trend line of the change in survival rate for each cluster. Afterward, for the second k-means
Clustering, we derived the BSS/WSS according to the number of clusters and determined the appropriate number of
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Table 4. Basic statistics of the survival rate.

Time Interval N Mean SD Median Min Max
Low-density commercial district 2004-2008 1668 52.92 37.63 50.00 0.00 100.00
2009-2013 1668 49.11 33.86 50.00 0.00 100.00
2014-2018 1668 44.48 33.45 46.15 0.00 100.00
2019-2023 1668 38.89 24.79 44.05 0.00 100.00
Medium-density commercial district 2004-2008 1525 60.74 12.87 60.00 1.1 100.00
2009-2013 1525 51.52 10.79 51.22 15.79 100.00
2014-2018 1525 43.76 11.16 43.64 5.88 100.00
2019-2023 1525 43.74 7.58 43.40 0.00 95.35
High-density commercial district 2004-2008 841 60.34 7.70 60.29 35.71 100.00
2009-2013 841 50.67 6.73 50.00 32.88 79.31
2014-2018 841 43.58 7.76 43.14 14.89 72.73
2019-2023 841 42.92 5.08 42.55 15.53 64.46
https://doi.org/10.1371/journal.pone.0326307.t004
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clusters for each commercial district. As a result, the sections where the BSS/WSS value rises rapidly are 16—17 sec-
tions, 34-35 sections in the low-density commercial district, 16—17, 22—23 sections in the medium-density commercial
district, and 14—-15, 18-19, 22~23 sections in the high-density commercial district. Using a smaller number, we decided
to classify low-density and medium-density commercial districts into 17 clusters and high-density commercial districts
into 15 clusters (Fig 8).

The secondary k-means clustering results shown on the coordinate plane are shown in Fig 8 below. At the bottom
of Fig 8, the X-axis means the average annual change in survival rate from 2004 to 2014(past change), and the Y-axis
means the average annual change in the survival rate from 2014 to 2019(future change). In the case of low-density com-
mercial districts, the distribution of change in the survival rate was the widest. As many clusters appear in the second and
fourth quadrants, there are many pixels with an increase in the survival rate in 2004—-2014 and a decrease in the survival
rate in 2014-2019. In the case of medium- and high-density commercial districts, the distribution of changes in survival
rates was relatively narrow. As most of the clusters appear in the second and third quadrants, the survival rate of most of
the pixels in the medium and high-density commercial areas decreased from 2004 to 2014.

4.2.3. Classifying commercial districts based on changes in survival rate. As described in Section 3.2.3, we
classified the commercial district types of clusters by using the confidence interval of the past and future changes in the
survival rate of the restaurant. The number of pixels for each commercial district type is shown in Table 5 below. In the
case of the low-density commercial district, out of 1,668 pixels, the stable after stable commercial district overwhelmingly
had the most with 630 pixels, followed by the stable after decrease commercial district with 316 and the decrease after
stable commercial district with 208. In the case of the medium-density commercial districts (total of 1,525 pixels), the
stable after stable commercial district had the most with 367 pixels, the stable after decrease commercial district with 343,
and the decrease after stable commercial district with 298 pixels. In the case of the high-density commercial districts,
“laS”, “Sal”, and “Dal” commercial districts did not appear, so they were classified into five types of commercial districts.
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Fig 8. Determination of the number of clusters and clustering results.
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Table 5. The number of pixels for each commercial district type.

Commercial district type Low-density Medium-density High-density Sum
1aS: Increase after stable 71 67 138
laD: Increase after decrease 163 267 165 595
Sal: stable after increase 176 77 253
SaS: stable after stable 630 367 165 1,162
SaD: stable after decrease 316 343 319 978
Dal: decrease after increase 102 14 116
DaS: decrease after stable 208 298 133 639
DaD: decrease after decrease 2 92 59 153
Sum 1,668 (41.35%) 1,525 (37.80%) 841 (20.85%) 4,034

https://doi.org/10.1371/journal.pone.0326307.t005

Stable after decrease commercial district accounted for the largest number with 319, followed by a decrease after
decrease commercial district and stable after stable commercial district with the same number of 165 pixels.

The spatial distribution of each type of commercial district is as follows in Fig 9. Most low-density commercial districts
with less than 12.18 businesses per pixel are located in residential or outlying areas with low density, making it difficult to
define the location of pixels as a specific area.

The areas known as representative commercial areas of Seoul are the Central Business District (Jongro-gu, Jung-gu),
University Town area (Hongdae, Sinchon), Gangnam Business District (GBD; Gangnam-gu, Seocho-gu), and IT Business
District (Guro-gu). First, most of the CBD (Fig 10-A) were commercial districts that declined in the future, such as “DaS”
and “DaD,” and some “laD” commercial districts appeared. This is presumed to be because there are mainly old commer-
cial districts in the CBD, and local revitalization of commercial districts is taking place.

The campus town area around the university district (Fig. 10-B) had a decreased survival rate in the past, but in the
future, the survival rate will increase or be stable in many cases. Due to the constant demand for young people in their
20s and 30s, the commercial district continuously expands into the surrounding area.

In the case of GBD around the business area where major companies are located (Fig. 10-C), various types of com-
mercial districts were mixed, such as “SaD,” “DaS,” “DaD,” and “laD.” In addition to many offices, various urban facilities,
such as academies and lodging facilities, are concentrated in this area, so the commercial district is also very diverse.

In the IT Business District around workplaces where IT companies are concentrated (Fig 10-D), the main commercial
districts were “SaS” and “laD.” In particular, the type of “laD” was prominent in the commercial districts around the busi-
ness area and the foreign residence (Chinese) groups. This seems to be attributable to increased demand due to the
growth of IT companies and increased foreign immigration.

To understand the types of changes in the survival rate of major commercial districts in Seoul, we reclassified 253
developed commercial districts and 1,010 alley commercial districts in Seoul provided by the Seoul Commercial District
Analysis Service based on the commercial district type results of this study. For a more concise classification, among the
eight types of commercial districts, we define “laS” commercial districts as increased commercial districts, “DaS,” “DaD”
commercial districts as decreased commercial districts, and “SaD,” “SaS,” “Sal” commercial districts as stable commercial
districts. Accordingly, we reclassified the 8 commercial district types into 5 (Table 6).

Decrease, maintenance, and “laD” commercial districts were the most common, and stable commercial districts
appeared the most among them. There were a few increased commercial districts and a decrease after increase commer-
cial districts. The decreased commercial district and the increase after decrease commercial districts were similar in the
alley commercial district. In contrast, in the developed commercial district, the decrease in commercial district was more
than twice as much as the increase after decrease commercial district. It was found that there is a strong tendency for the
survival rate of restaurants to decrease in the developed commercial district with a high density of stores.
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Table 6. Classification of developed/alley commercial district.

Commercial district type All Alley commercial district Developed commercial district
Increase 24 (1.9%) 23 (2.3%) 1 (1.8%)
Decrease 256 (21.2%) 199 (19.7%) 57 (26.1%)
Stable 755 (59.3%) 584 (57.8%) 171 (67.6%)
DAI 4 (0.3%) 4 (0.4%) 0 (0.0%)
Increase after Decrease 224 (17.4%) 200 (19.8%) 24 (9.5%)
Sum 1263 (100.0%) 1010 (100.0%) 253 (100.0%)

https://doi.org/10.1371/journal.pone.0326307.t006

5. Discussion

This study aims to predict the survival rate of existing restaurants from 2019 to 2023 based on data from about 3 mil-
lion restaurants in Seoul and to reclassify the types of commercial districts based on time-series changes in survival
rates. Based on previous studies, we found that most studies related to commercial district analysis drew limitations
that analyzed commercial district changes at a specific point in the past by relying on statistical techniques for rea-
sons such as lack of data. Traditional statistical models, such as ARIMA and GRU models, were considered but found
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to be limited in handling the complex, nonlinear patterns inherent in time series data. To overcome the limitations of
these preceding studies, we constructed a deep learning-based LSTM model to predict the 5-year survival rate of
restaurants in Seoul. Then, we reclassified the types of commercial districts through k-means Clustering based on the
prediction results.

The results of this study are as follows. First, through the accuracy analysis of the LSTM-based predictive model, it
was found that the LSTM model developed in this study effectively predicted the survival rate of restaurants. The results
revealed that the future survival rate of major downtown areas in Seoul was low. In contrast, the neighborhood commercial
areas adjacent to residential or commercial areas around business areas were high. Given its ability to capture complex
spatiotemporal patterns, the LSTM-based model holds great potential for application in other domains where dynamic
forecasting is required.

Second, as a result of classifying the types of commercial districts in Seoul based on the change in the survival rate,
the Central Business District mainly consisted of commercial districts with reduced or stable survival rates in the future. In
particular, most of the eastern regions were commercial districts with a declining survival rate in the future. The campus
town area appeared to be a commercial area where the survival rate decreased in the past but increased or stable in the
future. In the Gangnam Business District, various types of commercial districts were mixed. The main road is mainly a
decreasing-maintenance commercial district. The west side of the main road showed a decrease in the future, and the
east side of the main road showed a higher survival rate in the future. In addition, IT Business Districts were found to be
commercial areas with an increased survival rate in the future.

Third, the types of commercial districts classified in this study are based on changes in the survival rate of existing
businesses, which should be interpreted differently from the growth and decline of commercial districts. As a result of clas-
sifying the types of developed commercial districts and alley commercial districts in Seoul, the majority were decreased
commercial districts, stable commercial districts, and increase after decrease commercial districts. The reasons for the
decrease in the survival rate of existing businesses are: First, due to active entry of new businesses, competition between
existing and new businesses increases the closure of existing businesses, or second, commercial districts decline, making
it difficult to continue their operations. And the reasons for the increase after decrease in the survival rate of existing busi-
nesses are: First, the entry of new businesses decreases, weakening competition between existing and new businesses,
or second, the growth of commercial districts makes existing businesses more active. In other words, when the commer-
cial district grows, the survival rate of existing businesses may increase and decrease, which is the same even when the
commercial district declines.

In addition, there is no relationship between this study’s type of commercial district and the increase or decrease in
sales. As a result of comparing the sales growth of each commercial district in 2014 and 2018 by commercial district type
of developed commercial districts and alley commercial districts, the difference in sales growth by commercial district type
was statistically insignificant. The reason is that the increase or decrease in the survival rate of existing businesses, which
is based on the classification of commercial districts in this study, has a different meaning from the growth and decline of
commercial districts.

As such, it is difficult to see that the change in the survival rate of existing businesses differs depending on the type
of growth and decline in the commercial area. Therefore, to effectively establish the policy to prevent the closure of the
self-employed business, it is necessary not only to consider the growth and decline of the commercial district but also to
reflect the pattern of changes in the survival rate of existing businesses predicted in this study.

This paper is meaningful because it developed a more systematic and accurate prediction algorithm for the future sur-
vival rate of commercial facilities in Seoul. Based on this, we reclassified the commercial districts of Seoul in consideration
of data and commercial characteristics. This study confirmed the possibility of using a deep learning-based predictive
model for commercial district analysis. It is expected to be used as a basis for more direct and realistic policy establish-
ment through accurate prediction of future business district changes in Seoul.
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Nevertheless, this study has the following limitations. First, due to data limitations, variables such as floating popula-
tion, resident population, and personal characteristics of business owners could not be applied to the survival rate pre-
diction model. Second, since the future commercial district pattern changes were predicted based on historical data, it
was impossible to directly reflect external phenomena that had an unexpectedly significant impact, such as COVID-19, in
the model. Additionally, changes in the small businesses’ survival rates do not always immediately reflect market trends.
For instance, during an economic crisis, government or local authorities may implement funding support or revitalization
projects to delay widespread closures, resulting in a lag in the reflection of broader economic or social trends. Third, even
though k-means Clustering was performed twice, the range of the cluster is still vast, so some parts cannot be regarded
as clearly distinguishing the types of commercial districts.

Supporting information

S$1 Fig. The number of small business opening/closing and operating periods by industry.
(TIF)

Author contributions

Conceptualization: DongHyeon Lee, Jaekyung Lee, SangHyun Cheon.

Data curation: DongHyeon Lee, Jaekyung Lee, ManSu Kang, SangHyun Cheon.
Formal analysis: DongHyeon Lee, Jaekyung Lee, ManSu Kang, SangHyun Cheon.
Funding acquisition: SangHyun Cheon.

Investigation: DongHyeon Lee, Jaekyung Lee, ManSu Kang, SangHyun Cheon.
Methodology: DongHyeon Lee, Jaekyung Lee, ManSu Kang, SangHyun Cheon.
Project administration: DongHyeon Lee, Jaekyung Lee, ManSu Kang, SangHyun Cheon.
Resources: DongHyeon Lee, Jaekyung Lee, ManSu Kang, SangHyun Cheon.
Software: DongHyeon Lee, Jaekyung Lee, SangHyun Cheon.

Supervision: DongHyeon Lee, Jaekyung Lee, ManSu Kang, SangHyun Cheon.
Validation: DongHyeon Lee, Jaekyung Lee, SangHyun Cheon.

Visualization: DongHyeon Lee, Jaekyung Lee, SangHyun Cheon.

Writing — original draft: DongHyeon Lee, Jaekyung Lee, SangHyun Cheon.
Writing — review & editing: DongHyeon Lee, Jaekyung Lee, SangHyun Cheon.

References
1. OECD. OECD Self-employment Rate. https://www.oecd.org/en/data/indicators/self-employment-rate.html. 2024. 2025 January 24.

2. LeeD, Lee J, Cheon S. Comparison of survival rate in food service industry between growing commercial districts and declining commercial districts
of Seoul. The Korea Spatial Planning Review. 2020;:65—-84. https://doi.org/10.15793/kspr.2020.105.005

3. SCGF. Statistics on Management Activities of Small Businesses in Seoul. Seoul: Seoul Credit Guarantee Foundation. 2021.

Kim PJ. A study on the significance and revitalization of local currency. The Journal of Industrial Distribution & Business. 2024;15(6):1—7. https://doi.
org/10.13106/JIDB.2024.VOL15.NO6.1

Suh YG, Kim SKJ. Policy study on Korean retail micro business. Journal of Distribution Research. 2012;17(5):39-57.
Park HS. Consumer Sentiment Trends in Seoul for the 2nd Quarter of 2015. Seoul: The Seoul Institute. 2015.
NTS. Statistical Yearbook of National Tax. Sejong: National Tax Service. 2022.

Kim D, Kim K, An Y. A Study on the Spatial Characteristics of the Long-term Survival Commercial Facilities Location : Focused on Ordinary Restau-
rants in Gangnam-gu, Seoul. KPA. 2018;53(2):161-81. https://doi.org/10.17208/jkpa.2018.04.53.2.161

© N o o

PLOS One | https://doi.org/10.1371/journal.pone.0326307  July 10, 2025 21/23



http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0326307.s001
https://www.oecd.org/en/data/indicators/self-employment-rate.html
https://doi.org/10.15793/kspr.2020.105.005
https://doi.org/10.13106/JIDB.2024.VOL15.NO6.1
https://doi.org/10.13106/JIDB.2024.VOL15.NO6.1
https://doi.org/10.17208/jkpa.2018.04.53.2.161

PLO\Sﬁ\\.- One

9. Freeman J, Hannan MT. The Population Ecology of Restaurants Revisited: Reply to Herriott. American Journal of Sociology. 1987;92(5):1214-20.
https://doi.org/10.1086/228634

10. Muller C, Woods RH. The real failure rate of restaurants. Hospitality review. 1991;9(2):7.

11. Parsa HG, Self JT, Njite D, King T. Why Restaurants Fail. Cornell Hotel and Restaurant Administration Quarterly. 2005;46(3):304—22. https://doi.
org/10.1177/0010880405275598

12. Parsa HG, Self J, Sydnor-Busso S, Yoon HJ. Why Restaurants Fail? Part Il - The Impact of Affiliation, Location, and Size on Restaurant Failures:
Results from a Survival Analysis. Journal of Foodservice Business Research. 2011;14(4):360—79. https://doi.org/10.1080/15378020.2011.625824

13. Luo T, Stark PB. Only the bad die young: Restaurant mortality in the Western US. ariXiv 2014. https://doi.org/10.48550/arXiv.1410.8603

14. Healy JJ, Mac Con lomaire M. Calculating restaurant failure rates using longitudinal census data. Journal of Culinary Science & Technology.
2018;17(4):350-72. https://doi.org/10.1080/15428052.2018.1459999

15. Camillo AA, Connolly DJ, Woo Gon K. Success and Failure in Northern California. Critical success factors for independent restaurants. Cornell
Hospitality Quarterly. 2008;49(4):364—80. https://doi.org/10.1177/1938965508317712

16. Mandabach KH, Siddiqui MA, Blanch GF, VanLeeuwen DM. Restaurant Viability: Operations Rating of Contributing Success Factors. Journal of
Culinary Science & Technology. 2011;9(2):71-84. https://doi.org/10.1080/15428052.2011.580707

17. Wu M, Pei T, Wang W, Guo S, Song C, Chen J, et al. Roles of locational factors in the rise and fall of restaurants: A case study of Beijing with POI
data. Cities. 2021;113:103185. https://doi.org/10.1016/j.cities.2021.103185

18. Jeong DG, Yoon HY. Survival Analysis of Food Business Establishments in a Major Retail District and Its Extended Area - A case study on Itaewon,
Seoul, Korea -. Journal of the architectural institute of Korea planning & design. 2017;33(3):57—68. https://doi.org/10.5659/JAIK_PD.2017.33.3.57

19. Youn H, Gu Z. Predicting Korean lodging firm failures: An artificial neural network model along with a logistic regression model. International Jour-
nal of Hospitality Management. 2010;29(1):120—7. https://doi.org/10.1016/j.ijhm.2009.06.007

20. LimsombunchaiV, Samarasinghe S. House price prediction using artificial neural network: a comparative study with hedonic price model. Kaset-
sart University Journal of Economics. 2002;9(2):61-74.

21. Temir AS, Akglin M, Temur G. Predicting housing sales in turkey using arima, Istm and hybrid models. Journal of Business Economics and Man-
agement. 2019;20(5):920-38. https://doi.org/10.3846/jbem.2019.10190

22. Lee J, Kim H, Kim H. Commercial Vacancy Prediction Using LSTM Neural Networks. Sustainability. 2021;13(10):5400. https://doi.org/10.3390/
su13105400

23. Weber M. The nature of the city. Classic essays on the culture of cities. 1969;23-46.

24. Sevtsuk A. Path and place: a study of urban geometry and retail activity in Cambridge and Somerville, MA. Massachusetts Institute of Technology.
2010.

25. Avraldi A, Fusco G. Retail Fabric Assessment: Describing retail patterns within urban space. Cities. 2019;85:51-62. https://doi.org/10.1016/].
cities.2018.11.025

26. Carpio-Pinedo J, Gutiérrez J. Consumption and symbolic capital in the metropolitan space: Integrating ‘old’ retail data sources with social big data.
Cities. 2020;106:102859. https://doi.org/10.1016/j.cities.2020.102859

27. Colago R, de Abreu e Silva J. Commercial Classification and Location Modelling: Integrating Different Perspectives on Commercial Location and
Structure. Land. 2021;10(6):567. https://doi.org/10.3390/land 10060567

28. Kim BS, Choi B. The study on characteristics of Seoul’s small retail trade and future policy perspectives. Seoul: The Seoul Institute. 2013.

29. Jung EA. The distinctive effects of temporal and spatial heterogeneous urban characteristics on retail sales: focused on the Seoul metropolitan city.
Chungbuk National University. 2019.

30. SMG. The Commercial Area Analysis Service in Seoul. Seoul, Korea: Seoul Metropolitan Government. 2025. https://golmok.seoul.go.kr

31. Lee M. Study on improving the survival rates of small businesses. Report No. Gongju: ChungNam Institute. 2017.

32. Jin S, Lee M. Analyzing the impact of macroeconomic variables on the closure rate of small businesses in Seoul. Journal of SME Finance.
2024;44(2):31-51. https://doi.org/10.33219/jsmef.2024.44.2.003

33. Lee JR. Characteristics of formation and change in retail markets by degree of diversity in business type. Graduate School of Environment Studies,
Seoul National University. 2017.

34. Mata J, Portugal P. Life Duration of New Firms. The Journal of Industrial Economics. 1994;42(3):227. https://doi.org/10.2307/2950567

35. Fritsch M, Brixy U, Falck O. The Effect of Industry, Region, and Time on New Business Survival — A Multi-Dimensional Analysis. Rev Ind Organ.
2006;28(3):285-306. https://doi.org/10.1007/s11151-006-0018-4

36. Agatonovic-Kustrin S, Beresford R. Basic concepts of artificial neural network (ANN) modeling and its application in pharmaceutical research. J
Pharm Biomed Anal. 2000;22(5):717—-27. https://doi.org/10.1016/s0731-7085(99)00272-1 PMID: 10815714

37. Kim TH, Hong HK. A study on apartment price models using regression model and neural network model. The Korea Spatial Planning Review.
2004;183-200.

38. Kim SJ, Lee SY. A study on the determining model of office rents -based on multiple regression and artificial neural networks. Journal of the Korean
Regional Science Association. 2008;24(2):3—26.

PLOS One | https://doi.org/10.1371/journal.pone.0326307  July 10, 2025 22/23



https://doi.org/10.1086/228634
https://doi.org/10.1177/0010880405275598
https://doi.org/10.1177/0010880405275598
https://doi.org/10.1080/15378020.2011.625824
https://doi.org/10.48550/arXiv.1410.8603
https://doi.org/10.1080/15428052.2018.1459999
https://doi.org/10.1177/1938965508317712
https://doi.org/10.1080/15428052.2011.580707
https://doi.org/10.1016/j.cities.2021.103185
https://doi.org/10.5659/JAIK_PD.2017.33.3.57
https://doi.org/10.1016/j.ijhm.2009.06.007
https://doi.org/10.3846/jbem.2019.10190
https://doi.org/10.3390/su13105400
https://doi.org/10.3390/su13105400
https://doi.org/10.1016/j.cities.2018.11.025
https://doi.org/10.1016/j.cities.2018.11.025
https://doi.org/10.1016/j.cities.2020.102859
https://doi.org/10.3390/land10060567
SMG
https://golmok.seoul.go.kr
https://doi.org/10.33219/jsmef.2024.44.2.003
https://doi.org/10.2307/2950567
https://doi.org/10.1007/s11151-006-0018-4
https://doi.org/10.1016/s0731-7085(99)00272-1
http://www.ncbi.nlm.nih.gov/pubmed/10815714

PLO\Sﬁ\\.- One

39.

40.
41.

42.

43.

44,

Nam YW, Lee JM. A study on the applicability of neural network model for prediction of the apartment market. Korean Journal of Construction Engi-
neering and Management. 2006;7(2):162-70.

Ramsundar B, Zadeh RB. TensorFlow for deep learning: from linear regression to reinforcement learning. O’Reilly Media, Inc. 2018.

Hochreiter S, Schmidhuber J. Long short-term memory. Neural Comput. 1997;9(8):1735-80. https://doi.org/10.1162/neco0.1997.9.8.1735 PMID:
9377276

Cha S, Kang J. Corporate default prediction model using deep learning time series algorithm, RNN and LSTM. Journal of Intelligence and Informa-
tion Systems. 2018;24(4):1-32. https://doi.org/10.13088/jiis.2018.24.4.001

Siami-Namini S, Tavakoli N, Namin AS. A Comparison of ARIMA and LSTM in Forecasting Time Series. 2018 17th IEEE International Conference
on Machine Learning and Applications (ICMLA); 2018 17-20 Dec. 2018. 2018.

Cahuantzi R, Chen X, Guttel S. A comparison of LSTM and GRU networks for learning symbolic sequences. Cham: Springer Nature Switzerland.
2023.

PLOS One | https://doi.org/10.1371/journal.pone.0326307  July 10, 2025 23/23



https://doi.org/10.1162/neco.1997.9.8.1735
http://www.ncbi.nlm.nih.gov/pubmed/9377276
https://doi.org/10.13088/jiis.2018.24.4.001
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

