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Abstract: This study examines the case of a shopping mall in Seoul, South Korea, based on its offline
retail sales data during the period of the enforcement of the COVID-19 pandemic social distancing
policy. South Korea implemented strict social distancing, especially in retail categories where people
eat out, due to the danger of spreading infectious disease. A total of 55 retail shops’ sales data
were analyzed and classified into five categories: fashion, food and beverage (f&b), entertainment,
cosmetics and sport. Autoregressive integrated moving average (ARIMA) and exponential smoothing
(ETS) models were employed, and the autocorrelation (ACF) and partial autocorrelation (PACF) of
each retail category’s sales data were analyzed. The mean absolute percentage error (MAPE) was
used to determine the most suitable forecasting model for each retail category. In this way, the f&b
and entertainment retail categories, in which people eat out, were found to have been significantly
impacted, with their 2022 sales forecasted to be less than 80% of their 2018 and 2019 sales. The fashion
retail category was also significantly impacted, slowly recovering sales in 2022. The cosmetics and
sport retail categories were little impacted by the COVID-19 outbreak, with their retail sales having
already recovered by 2022.

Keywords: sales forecasting; offline retail; COVID-19 pandemic; ARIMA; exponential smoothing

1. Introduction

Governments in various countries implemented lockdown or social distancing policies
to prevent the spread of the COVID-19 pandemic, leading to significant changes in various
industries. From a business owner’s perspective, lockdown or social distancing policies
introduced the need for unexpected, novel operating patterns. In particular, the retail
industry was subject to business restrictions, such as reducing the operating hours of offline
stores and limiting the number of customers per unit space. In South Korea, COVID-19
was first reported in January 2020, and a social distancing policy was implemented in
March of the same year. Strict social distancing was believed to prevent the spread of
COVID-19; however, it shrunk business activities and changed the business model [1].
The spread of COVID-19 also affected consumer psychology, and was well reflected in
the consumer composite sentiment index (CCSI), which reflects consumers’ willingness to
purchase. According to the index in South Korea, consumer willingness to purchase during
the pandemic was even lower than that during the 2008 economic crisis [2].

Fear of COVID-19 infection decreased the CCSI in the offline market, leading to un-
expected and unpredictable shrinking of retail activities and sales [2,3]. Consequently,
inventory management was challenging owing to the mismatch between actual and pre-
dicted demand. That mismatch resulted in excess inventory, which led to company losses.
Accurately predicting demand is crucial for a successful business [4–7], but despite the
importance of estimating the inventory properly, social distancing during the COVID-19
pandemic hindered researchers and sales managers from obtaining accurate time-series
sales data.
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The retail industry is shifting toward online platforms [8]. Online platforms have
a strong advantage in that they do not require a physical space to experience or display
the items or services. In the context of this trend and the COVID-19 pandemic, studies
from the retail field mostly focus on online retail platforms [9]. This situation might be
interpreted to indicate that the retail industry will shift to online-only; however, offline
retail importantly offers brand, spatial, product and service experiences that online retail
businesses cannot [10]. Furthermore, Roberts [11] described how consumers’ offline retail
mall visits are still required for services tailored to individual preferences.

This study analyzed and forecasted offline retail sales during and after the COVID-19
pandemic period. A shopping mall in Seoul, South Korea, was selected as the retail sales
data source. The majority of the shops in this center faced no closure after the COVID-19
outbreak. A total of 94 retail shops are located in the shopping center, which can be classified
into the following five retail categories: fashion, food and beverage (f&b), entertainment,
cosmetics and sport. Among those retail shops, 55 were selected for analysis as those
were the ones that faced no closure during the COVID-19 pandemic. South Korea did not
implement a lockdown policy; instead, it implemented a strict social distancing policy, with
particular strict restrictions on in-store eating. The f&b and entertainment retail categories
can be classified as associated with eating out more so than the others. Accordingly, and
based on existing research, the following research hypotheses were drawn up: (1) the f&b
and entertainment retail categories were more greatly impacted by social distancing than
the other retail categories; and (2) the f&b and entertainment retail categories had not
yet been able to overcome the impact of the COVID-19 (at the time of this investigation,
in 2022).

To analyze offline retail sales patterns during the COVID-19 pandemic, this study
adapted autoregressive integrated moving average (ARIMA) and exponential smoothing
(ETS) models. These are the most traditional and basic linear models for forecasting
economic data, such as retail sales or stock. Unfortunately, forecasting models still have
limitations in that they cannot be applied to evaluate the forecasted values compared to the
actual values. To overcome this limitation, an evaluation method is required to determine
the most suitable forecasting model. The mean absolute percentage error (MAPE) is one
of the most popular methods used for evaluating forecasting models. MAPE discerns the
error percentage, where a lower number indicates a more accurate model. In this study, the
most suitable forecasting models were selected using MAPE, and 2022 future sales values
were forecasted. In this way, we could estimate the annual sales patterns based on the
retail category.

Section 2 presents a review of retail, pandemic and sales-forecasting studies. The
research methodology of this study, comprising forecasting models, ARIMA, ETS and
model evaluation, is described in Section 3. Section 4 presents the results of this study, and
Section 5 provides concluding remarks.

2. Literature Reviews
2.1. Offline Retail and the COVID-19 Pandemic

Retail is defined as the behavior that occurs in the final step of consumers deciding
which product to buy. This occurs based on consumers’ thoughts and is termed consumer
behavior, which is difficult to clearly measure or define [12,13], though many researchers
have tried to explain consumer behavior and identify its influencing factors [14,15]. Con-
sumer behavior is largely dictated by personal, social and cultural factors [16,17]. Among
these, social factors are the most unpredictable and difficult to control [18]. Among them
are the weather and pandemic diseases. With the former, the temperature [18,19] and
fine dust concentrations [20] affect consumers’ likelihood of visiting stores and buying
retail products. Pandemics can also be considered an important social factor affecting
consumer behavior. The severe acute respiratory syndrome (SARS) outbreak in China in
November 2002 affected South Korea, with 8465 confirmed cases and 801 deaths. At the
time, all industries experienced economic losses in South Korea [21] and Hong Kong [22].
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Seven years after the SARS outbreak, the novel wine-origin influenza A outbreak in South
Korea in April 2009 caused further economic loss, especially in tourism [21,23]. The most
recent pandemic was Middle East respiratory syndrome (MERS) in June 2015, which led
to an estimated 63.7 billion won loss of output, 34.2 billion won loss of value added and
14.9 billion won loss of income [24].

The COVID-19 outbreak began in December 2019 and arrived in South Korea in
January 2020. Shin [25] described how COVID-19 caused a loss of sales, with that loss
correlated with the previous scale of sales. The COVID-19 pandemic lowered consumers’
appetite to make purchases in person [3], which meant that retail sales at large shopping
malls, duty-free shops and urban retail quarters were greatly impacted. This was reflected
in the CCSI [2], which was 70.8 in South Korea in April 2020, lower than that during the
2008 economic crisis (77.9). A social distancing policy was implemented to prevent the
spread of COVID-19 [26,27], which, along with the fear of contagion, led people to stay
indoors, triggering a reduction in offline retail sales [28–30].

2.2. Sales Forecasting

Retail is a part of logistics management, and as with all logistics management, un-
certainty of demand presents an important challenge [31]. Sales forecasting is the most
efficient method to overcome demand uncertainty in the retail industry [4–6]. It can enable
managers to effectively control the product inventory, which prevents losses due to a lack
of or excess product inventory [32]. Retail sales data, which are considered time-series
data, have different characteristics from the data normally used for general regression
analysis, which makes future data difficult to predict accurately. To achieve higher accu-
racy, sales forecasting using past sales data patterns to forecast future sales [33] can be
conducted through various statistical methods. ARIMA and ETS are the most representa-
tive forecasting analysis models [34]. They are widely used in the retail industry for the
restaurant [35–37], fashion [34] and entertainment [38,39] retail categories, to analyze and
forecast retail sales. This study aimed to forecast shopping mall retail sales during the
COVID-19 pandemic using the ARIMA and ETS forecasting models.

3. Materials and Methodology
3.1. Time-Series Analysis

Time-series data have a continuous time feature [40]. That can take one of a vari-
ety of forms, such as a trend, seasonality or cycle. These forms make time-series data
high-dimensional and nonstationary, and accordingly, difficult to analyze using normal
mathematical formulas [40]. Reducing the dimensions of time-series data, without omit-
ting important information, is thus important for analysis. Through reduction to low-
dimensionality, stationary data [41], the ARIMA and ETS models are the most popular and
representative models to analyze time-series data [33,37,42–45].

3.1.1. Autoregressive Integrated Moving Average (ARIMA)

Box and Jenkins [43] first introduced the ARIMA model. In this model, the number
of differencing transformations required to make the time series stationary is added to
the autoregressive moving average (ARMA) model, which combines the autoregressive
(AR) and moving average (MA) models [4,46]. The ARIMA model can thus be applied
to analyze nonstationary raw data. The first step in using the ARIMA model is to check
whether the time series is stationary or nonstationary [44]. The autocorrelation function
(ACF) is a representative method for checking the stationarity of the time-series data. It is
used to measure the linear relationship between the lagged values of time-series data [41].
The autocorrelation value (ρk) measures the linear relationship between time-series data at
time t (Yt) and time t− 1 (Yt−k), written as

ρk =
∑n

t=k+1
(
Yt −Y

)
(Yt−k −Y)

∑n
t=1

(
Yt −Y

)2 (1)
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where n is the total number of time-series data, and Yt is their value. When ρk is close to
1, the time-series data show a highly linear relationship between Yt and Yt−k. Conversely,
if ρk decreases smoothly as the lag increases, the time-series data show a limited (or no)
relationship between Yt and Yt−k.

The most representative phenomenon behind time-series data with a strong relation-
ship is that they are nonstationary. Nonstationary time-series data have properties that
depend on the time at which the data were observed. This occurs when time-series data ex-
hibit a trend or seasonality. Before analyzing nonstationary time-series data, it is necessary
to reduce the data’s high dimensionality, such as trends or seasonality. Differencing is the
most representative method to do so [41]. The form of differencing is as follows:

5d
m Yt = (1− Bm)dYt (2)

where B is the backward shift operator, m is the cycle of time-series data and d is the number
of differences.

If the model is stationary (both with and without differencing), the ARIMA model
can be used to analyze the time-series data. The model is written as ARIMA(p, d, q), and
follows the form

φp(B)(1− B)dYt = θq(B)εt (3)

where

εt is white noise at observed time t,
φp(B) = 1− φ1B− φ2B2 − . . .− φpBp and
θq(B) = 1− θ1B− θ2B2 − . . .− θqBq.

If there is a need to analyze seasonal features at the same time, the seasonal ARIMA
model can be written as ARIMA(p, d, q)(P, D, Q)m. The seasonal ARIMA model has the
following form:

φp(B)ΦP(Bm)(1− B)d(1− Bm)DYt = θq(B)ΘQ(Bm)εt (4)

where

ΦP(Bm) = 1−ΦmBm −Φ2mB2m − . . .−ΦPmBPm, and
ΘQ(Bm) = 1−ΘmBm −Θ2mB2m − . . .−ΘQmBQm.

The ARIMA model can analyze time-series data over time sequence t and forecast
future values using the pattern determined by the model.

The ACF and PACF are helpful in selecting the order of the ARIMA model [46]. As
shown in Table 1, both ACF and PACF are helpful for finding MA(q) and AR(p), and ACF
is also helpful for defining the number of d.

Table 1. Method of finding the order of the ARIMA model.

Category AR(p) MA(q) ARMA(p, q)

ACF Tail off Cut off, q lag Tail off
PACF Cut off, p lag Tail off Tail off

3.1.2. Exponential Smoothing

ETS is an analytical method that effectively reflects recent influences by reflecting
stronger weights as it approaches the present time [46]. The naïve ETS model is used
when there is no trend or seasonality in time-series data. However, since most time-series
data exhibit real-world trends or seasonality, time-series analysis methods and the ETS
model must consider those [41]. Winters [47] analyzed time-series data with trends and
seasonality using ETS via the Holt–Winters ETS (HW ETS) method. HW ETS is separated
based on the pattern of seasonality into HW additive ETS and HW multiplicative ETS.
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When the cyclic amplitude of the data maintains a stable scale, HW additive ETS is the
more suitable model of analysis, whereas when the cyclic amplitude of the data increases
over time, HW multiplicative ETS is more suitable.

3.1.3. Model Evaluation

A forecasting model can only set expectations based on previous data. This means that
the accuracy of the forecast cannot be ensured [48]. The error between the actual data and
forecasted data is usually used to determine the validity of the results of the forecasting
model. The MAPE and root mean square error are mostly used to evaluate a forecasting
model’s accuracy.

The MAPE is normally used to assess the accuracy of a forecasting model by percent-
age [46,49]. However, if there is a zero value in the observation data, the MAPE cannot be
calculated. The MAPE produces a percentage value of comparativeness with other models.
The MAPE form is

MAPE =
1
n

n

∑
t=1

∣∣∣∣yt − ŷt

yt

∣∣∣∣× 100 (5)

where n is the total number of datasets, yt is the actual value at time t and ŷt is the forecasted
value at time t.

3.2. Data Collection

The data for this study were collected from a shopping mall in Seoul, South Korea. The
majority of the stores in this shopping mall faced no closure during the COVID-19 pandemic.
The data collection period was set to 4 years, 2 years either side of the COVID-19 outbreak
in 2020. This shopping center has 94 tenant shops that can be divided into the following
five categories: fashion, f&b, entertainment, cosmetics and sport. The retail categories had
30, 43, 8, 8 and 5 retail shops, respectively; however, for this study, only 55 retail shops’
data were used, the ones that did not face closure during the data collection period.

3.3. Forecasting Model Determination

Each data category had different properties. To determine the most suitable ARIMA
model for each category, we analyzed the ACF of each category’s sales time-series data, as
listed in Table 2. It was confirmed that the time-series data for the f&b and entertainment
retail categories showed nonstationarity as the ACF decreased smoothly. To remove nonsta-
tionarity and ensure stationarity, differencing was performed on the f&b and entertainment
retail categories’ sales data. Subsequently, as described in Section 3.1.1, ARIMA models
suitable for each category were derived through ACF and PACF, as listed in Table 3.

Table 2. ACF of each retail category’s sales.

Lag
ACF

Fashion f&b Entertainment Cosmetics Sport

1 0.573 0.707 0.814 0.325 0.423
2 0.113 0.49 0.68 0.027 −0.173
3 −0.01 0.449 0.616 −0.225 −0.251
4 0.049 0.468 0.626 −0.277 −0.094
5 0.342 0.409 0.63 −0.181 0.221
6 0.566 0.353 0.563 −0.195 0.448
7 0.313 0.394 0.538 −0.094 0.273
8 −0.003 0.377 0.431 −0.212 −0.307
9 −0.123 0.313 0.324 −0.063 −0.51
10 −0.076 0.226 0.286 0.167 −0.144
11 0.2 0.17 0.276 0.173 0.179
12 0.366 0.144 0.271 0.463 0.326
13 0.089 0.065 0.163 0.179 0.207
14 −0.201 0.009 0.06 0.055 −0.144
15 −0.31 0.003 −0.002 −0.114 −0.402
16 −0.235 0.046 −0.041 −0.101 −0.285
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Table 3. ACF and PACF of each retail category’s sales.

Lag
ACF PACF

Fashion F&b_diff Entertainment_
diff Cosmetics Sport Fashion F&b_diff Entertainment_

diff Cosmetics Sport

1 0.573 −0.084 −0.139 0.325 0.423 0.573 −0.084 −0.139 0.325 0.423
2 0.113 −0.358 −0.200 0.027 −0.173 −0.320 −0.368 −0.224 −0.088 −0.428
3 −0.010 −0.101 −0.231 −0.225 −0.251 0.146 −0.202 −0.318 −0.233 0.051
4 0.049 0.177 0.038 −0.277 −0.094 0.037 0.001 −0.140 −0.151 −0.057
5 0.342 0.023 0.215 −0.181 0.221 0.449 −0.067 0.077 −0.055 0.296
6 0.566 −0.269 −0.191 −0.195 0.448 0.220 −0.276 −0.257 −0.204 0.244
7 0.313 0.093 0.237 −0.094 0.273 −0.242 0.026 0.255 −0.094 0.042
8 −0.003 0.154 0.042 −0.212 −0.307 −0.012 −0.021 0.175 −0.317 −0.433
9 −0.123 0.021 −0.210 −0.063 −0.510 −0.094 0.016 −0.208 −0.095 −0.093
10 −0.076 −0.058 −0.099 0.167 −0.144 −0.014 0.070 −0.021 0.074 0.052
11 0.200 −0.115 −0.113 0.173 0.179 0.135 −0.103 −0.161 −0.113 −0.006
12 0.366 0.151 0.433 0.463 0.326 −0.029 0.098 0.162 0.362 0.146
13 0.089 −0.020 −0.008 0.179 0.207 −0.251 −0.016 0.104 −0.077 0.056
14 −0.201 −0.124 −0.113 0.055 −0.144 −0.048 −0.083 −0.007 0.061 0.044
15 −0.310 −0.088 −0.101 −0.114 −0.402 −0.132 −0.115 −0.009 0.074 −0.109
16 −0.235 0.116 −0.044 −0.101 −0.285 0.007 −0.008 0.038 0.123 −0.217

The ACF and PACF of the cosmetics retail category both cut off after lags 1 and 12;
therefore, the ARIMA(1, 0, 1)(0, 0, 0)12 model was selected as the most suitable forecasting
model for the cosmetics retail category.

The ACF of the sports retail category cuts off after lags 3 and 13, and the PACF cuts off
after lags 2 and 12. ARIMA(2, 0, 3)(0, 0, 1)12 was thus the most suitable forecasting model
for analyzing the sport retail category.

To select the most suitable ETS model for each retail category, a trend and seasonality
analysis was performed. Figure 1. Shows the trends and seasonality of retail categories.
All retail categories have strong seasonality with similar amplitudes. Cosmetic and sport
retail categories’ sales show no significant trend. Fashion and f&b retail categories can also
be considered non-trend and decreasing trends. Finally, the entertainment retail category
shows a decreasing trend.
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Therefore, both naïve seasonal ETS and HW additive ETS models were selected for the
fashion and f&b retail categories, the HW additive ETS model for the entertainment retail
category and the naïve seasonal ETS model for the cosmetics and sport retail categories.
Table 4 presents the forecasting models used for each retail category.



Buildings 2023, 13, 627 7 of 13

Table 4. Forecasting models for each retail categories.

Category ARIMA Model ETS Model

Fashion ARIMA(2, 0, 2)(1, 0, 0)12

Naïve seasonal ETS

HW additive ETS

f&b ARIMA(2, 1, 2)(0, 0, 0)12

Naïve seasonal ETS

HW additive ETS

Entertainment ARIMA(3, 1, 3)(0, 0, 0)12 HW additive ETS

Cosmetics ARIMA(1, 0, 1)(0, 0, 0)12 Naïve seasonal ETS

Sport ARIMA(2, 0, 3)(0, 0, 1)12 Naïve seasonal ETS

4. Results
4.1. Descriptive Analysis

As shown in Figure 2, the descriptive analysis of sales data showed that, in March
2020, there was an impact on sales data for each retail category due to the outbreak of
the COVID-19 pandemic. In particular, the fashion, f&b and entertainment categories’
retail sales were impacted, whereas cosmetics and sport were not significantly affected
by COVID-19. Since the fashion, f&b and entertainment retail categories made up a high
proportion of the total sales, changes in these categories had a crucial impact on the whole
shopping mall.
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The trend in retail sales can also be observed through the results of our descriptive
analysis. Retail sales in the fashion, f&b and entertainment categories were hugely impacted
on retail sales and did not recover until December 2021. In contrast, the cosmetics and
sport retail categories were not significantly impacted, maintaining stable retail sales until
December 2021.

4.2. Evaluation of ARIMA and ETS Forecasting Models

Figure 3 shows the sales in each retail category as the actual observed value (grey),
naïve seasonal ETS forecasted value (yellow), HW additive ETS forecasted value (green)
and ARIMA forecasted value (blue). Comparing forecasted values with actual values
shows the accuracy of the forecasting model. The MAPE was used to find the most accurate
forecasting model, as outlined in Table 5.
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Table 5. Evaluation of each retail sales forecasting model.

Category Forecasting Model R2 MAPE BIC Ljung–Box Q

Fashion
ARIMA(2, 0, 2)(1, 0, 0)12 0.586 14.478 40.689 0.049 *

Naïve seasonal ETS 0.617 9.169 39.494 0.032 *
HW additive ETS 0.588 9.353 39.610 0.009 *

f&b
ARIMA(2, 1, 2)(0, 0, 0)12 0.208 9.622 40.400 0.705

Naïve seasonal ETS 0.544 8.548 39.891 0.103
HW additive ETS 0.533 8.414 39.610 0.011 *

Entertainment
ARIMA(3, 1, 3)(0, 0, 0)12 0.220 13.660 40.310 0.042 *

HW additive ETS 0.487 11.764 39.157 0.066

Cosmetics
ARIMA(1, 0, 1)(0, 0, 0)12 0.144 10.973 36.729 0.065

Naïve seasonal ETS 0.692 6.470 35.314 0.000 *

Sport ARIMA(2, 0, 3)(0, 0, 1)12 0.506 11.453 36.301 0.118
Naïve seasonal ETS 0.758 10.215 35.605 0.000 *
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Regarding the fashion category’s retail sales, the Ljung–Box Q test of the naïve seasonal
ETS model was significant, with a p-value of <0.05, and the naïve seasonal ETS model and
HW additive ETS model were rejected due to doubts about their suitability. The p-value of
the ARIMA model was 0.049, which was less than 0.05; however, the p-value was around
the probability of significance. Therefore, ARIMA(2, 0, 2)(1, 0, 0)12 was selected to forecast
the fashion category’s retail sales.

For the f&b category, the ARIMA and ETS models underwent the Ljung–Box Q test,
and the HW additive ETS model was rejected because its suitability was doubted. The
MAPE value of the naïve seasonal ETS model was 8.548, which was lower than that of
ARIMA (9.621). The naïve seasonal ETS model was thus selected as the forecasting model
for the f&b category’s retail sales.

The entertainment category’s forecasting model evaluation results showed that both
models’ Ljung–Box Q test results were significant. The MAPE value of the HW additive
model was 11.764, which was less than the 13.445 of the ARIMA(3, 1, 3)(0, 0, 0)12 model.

As for the cosmetics and sport categories’ retail sales, the Ljung–Box Q test of the naïve
seasonal ETS model had a significance of <0.05; therefore, this model was rejected because
of doubts about its suitability. ARIMA(1, 0, 1)(0, 0, 0)12 and ARIMA(2, 0, 3)(0, 0, 1)12 were
selected to forecast the cosmetics and sport categories’ retail sales, respectively.

4.3. Retail Sales Forecasting in 2022

Using the forecasting model determined in Section 4.2, 2022 retail sales were forecasted
for each retail category and Figure 4 shows annual sales of each retail category.
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Annual sales graphs—2018 (red) and 2019 (orange) sales graphs are pre-COVID-
19, 2020 (gray) is when COVID-19 occurred and 2021 (sky blue) and 2022 are projected
sales (light blue) after the COVID-19 outbreak—provide an overview of the impact of the
COVID-19 pandemic and the degree of recovery.

It was confirmed that fashion sales were notably impacted, based on the graph from
2020, and would show a recovery trend over time, implying that, in 2022, they would have
recovered to a level similar to that before the COVID-19 outbreak.

The f&b sales were also impacted by the COVID-19 outbreak and recovered over time.
However, it was confirmed that there would be difficulty in recovering the sales to the level
before the outbreak. This is assumed to be because f&b stores were directly affected by
social distancing policies, such as limiting the number of people in a store.

Furthermore, entertainment sales were hit hard by the COVID-19 outbreak, with sales
falling over time. This seems to reflect the impact on movie theaters, which account for a
large proportion of the entertainment category. Postponement or cancellation of the release
of many movies due to COVID-19 are held up as causes of the harm to the sales category.

Cosmetics and sport sales showed similar characteristics to one another. In both, the
COVID-19 outbreak’s impact was not significant, and sales showed a stable pattern each
year. Similar sales were forecasted to be recorded by 2022 to those pre-COVID-19.

5. Discussion

This study contributes a comprehensive analysis of the sales performance of brick-
and-mortar retail stores that remained operational despite the COVID-19 pandemic. The
lockdown and social distancing policies imposed globally challenged the collection of sales
data for offline retail sales, hindering the analysis of their sales performance during the
COVID-19 pandemic. Hence, this study serves as foundational research for further studies
in the business and retail fields, providing critical insights and explanations.

The impact of various factors, including the weather, weekends, events, promotions
and economic conditions, on retail sales has been researched in the past. In particular,
it has been noted that the fashion retail category is marked by a significant difference
between the summer and winter seasons due to the changing retail prices of products. In
addition, sales in the entertainment industry are highly related to the release of blockbuster
movies. Sales across retail categories during the COVID-19 pandemic varied not only based
on the number of confirmed cases or social distancing policy level but also according to
factors such as the high interest in personal hygiene and growth in demand for at-home
substitutions for normal purchases, for instance, with premade products such as meal
kits. Retail industry research should consider those important trends, and to support such
research, in this study, we conducted descriptive research that enabled us to contribute
basic foundational knowledge. The findings of this study can serve as a basic guide for
offline retail research in the future.

This study is limited in how its findings can be generalized to the whole offline retail
sector since it only focused only on retail categories most associated with eating out. In
addition, the retail industry encompasses various types of stores, such as department stores,
duty-free, shopping malls, boutiques and the high street, each with distinct characteristics,
customers and strategies. Additionally, the factors affecting consumer behavior are diverse,
including the weather, promotions, sales and holidays, and comprehensive understanding
of these factors is required.

This study found that the COVID-19 pandemic impacted retail categories differently,
even within the same shopping mall, thus requiring varying retail management strategies.
However, this study focused only on linear regressive analysis methods that cannot consider
nonlinear patterns. Using nonlinear methodologies, such as machine learning neural
networks or long short-term memory, offers an advanced methodology to analyze complex
patterns in time series [37,50]. In future research, applying machine learning will be
beneficial to analyze offline retail sales during the pandemic.
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Similarly, the MAPE was used as a predictive model evaluation method, but methods
using root mean square error (RMSE) and mean absolute error (MAE) can offer a more
comprehensive analysis. Further research is needed to determine the best approach to
utilizing these methods.

6. Conclusions

The negative impact of the COVID-19 pandemic on offline retail sales is evident;
however, the enforcement of lockdown and social distancing policies around the world
limited the data that were captured to support analyses of offline retail sales. This study
analyzed offline retail sales data from before and during the COVID-19 pandemic and
applied those to forecast the sales in 2022 by retail category.

Our results showed that entertainment and f&b categories, which were directly af-
fected by social distancing, such as a maximum capacity in-store, seats blocked out and
business hour restrictions, were impacted by COVID-19, and sales in these retail cate-
gories did not easily recover. Any further outbreaks of COVID-19, and resulting social
distancing policy enforcement, will continue to most impact the entertainment and f&b
retail categories. The fashion category mostly recovered from the impact of COVID-19
and was expected to reach the same sales levels in 2022 as before the COVID-19 outbreak,
even if COVID-19 and social distancing policies continued. The cosmetics and sport retail
categories were not notably impacted by the COVID-19 pandemic, except for the month of
the outbreak. Based on these results, it can be noted that even in the same shopping mall,
each retail category faced different types and degrees of impact by the COVID-19 pandemic.
Each category came to be impacted by different aspects of consumer behavior theory, which
need to be studied [51]. Accordingly, each retail category was required to adopt a specific
strategy to manage and overcome the pandemic’s impact, with a particular challenge
presented in retail categories associated with eating out, which needed the greatest support
to overcome the COVID-19 pandemic impact.

Nowadays, offline shops are no longer simply physical spaces for purchasing goods,
but have become environments that cater to the needs and desires of potential customers.
To effectively engage with customers, offline shops are designed to satisfy two key re-
quirements: (1) matching consumer needs and desires and tailoring the buying experience
to individual preferences, and (2) affectively eliciting specific emotions in the consumer
through their experience. This study highlights that the impact of COVID-19 varied by
retail category, even within the same building. This can be linked to consumer behavior
in each retail category and impulse or panic buying due to the pandemic. Panic buying,
driven by anxiety and fear [52–54], such as during natural disasters, pandemics or long
strikes [54–56], should be considered in future studies. Furthermore, the different impacts
between retail categories emphasize the importance of developing targeted strategies to
overcome the impact of a pandemic, particularly for categories that rely on consumers
eating out. Overall, this study confirms that the COVID-19 pandemic had varying effects
on different types of offline retail stores, meaning post-pandemic sales forecasts differed
by retail category. A key implication of these findings for researchers is that it is crucial to
establish a nuanced research strategy for the offline retail field.
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