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Abstract 

 

This thesis studies consumer choices in a beverage choice by conducting a 

field experiment and investigates public responses to the Korean 

government’s non-pharmaceutical interventions to Covid-19. The first 

chapter provides experimental evidence on consumers’ inattention in a 

beverage choice setting and estimates the degree of inattention under a 

theoretical framework. In the field experiment, the shelf placement of the 

beverage varied exogenously. The estimated consumers’ degree of inattention 

to the farthest position from eye height was around 20%. Displaying less 

(more) sugary beverages at eye height (the farthest position from eye height) 

increases (decreases) consumers’ demand by 24.8% (25.3%). The findings 

support the idea that the limited attention in beverage choice can be harnessed 

as a nudge policy to reduce consumers’ intake of sugar from sugar-sweetened 

beverages. The second chapter estimates the economic impact of South 

Korea’s targeted responses to the large-scale covid-19 clusters in a highly 

concentrated business area (Guro) and a highly concentrated entertainment 

area (Itaewon) in Seoul. The main results are foot traffic and retail sales 

decreased only within a 300-meter radius of the cluster and recovered to their 

pre-outbreak level after four weeks in the case of the Guro cluster. However, 

the adverse economic impacts measured by foot traffic and retail sales of 

another outbreak of the covid-19 cluster in Itaewon were persistent. The 

results imply that the effects of less intense but more targeted covid-19 

interventions can differ by underlying geographical characteristics. The third 

chapter investigates whether there has been a heterogeneous change in private 

tutoring by socioeconomic status (SES) during covid-19 using private 

education expenditure survey data. After the outbreak of covid-19, all SES 

groups showed a decrease in the usage rate of private tutoring. However, the 

lowest SES group showed a larger drop than other groups. Various empirical 
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evidence indicates that income variation and the heterogeneous initial usage 

status of private tutoring could be possible explanations for the heterogeneous 

change. 

 

Keywords: Limited attention, Field experiment, Beverage choice, Covid-19, 

Foot traffic, Retail sales, Private Tutoring 

Student Number: 2017-34457
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Chapter 1 

 

Limited Attention in Beverage Choice: Evidence from 

a Field Experiment1 

 

 

Abstract 

 

This study provides experimental evidence on consumers’ inattention in a 

beverage choice setting and estimates the degree of inattention under a 

theoretical framework. In the field experiment, the shelf placement of the 

beverage varied exogenously. Displaying less (more) sugary beverages at eye 

height (the farthest position from eye height) increases (decreases) consumers’ 

demand by 24.8% (25.3%). The estimated consumers’ degree of inattention 

to the farthest position from eye height was around 20%. Changing the 

display reduced consumers’ sugar intake from beverages by 5,573g during the 

intervention, about 6.86g per consumption (about 13.7% of the World Health 

Organization’s (WHO) daily sugar intake recommendation). Our findings 

support the idea that the limited attention in beverage choice can be harnessed 

as a nudge policy to reduce consumers’ intake of sugar from sugar-sweetened 

beverages. 

 

 

 
1 This study was conducted with Kookdong Kim and accepted in Journal of Behavioral and 

Experimental Economics on 3 November 2021. 
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1.1. Introduction 

The limited attention of consumers can affect their choices by limiting access 

to full information. When a consumer prefers 𝑥  to 𝑦 , it is possible for 

him/her to choose 𝑦 simply due to the limited attention. Various economic 

studies have provided empirical evidence on the role of limited attention. 

Some studies focused on taxes (Chetty et al., 2009; Rees-Jones & Taubinsky, 

2018), while others found inattention to shrouded attributes such as shipping 

cost (Brown et al., 2010; Grubb & Osborne, 2015). They all estimated the 

degree of inattention in each context. However, Gabaix (2019), who reviewed 

the literature on limited attention extensively, mentioned that “we still have 

only a limited number of papers that measure attention in field settings” and 

called for using inattention to formulate a better policy. 

This study provides experimental evidence on consumers’ inattention 

in a beverage choice setting and estimates the degree of inattention under a 

theoretical framework. Furthermore, we show that consumers’ limited 

attention can be harnessed as a nudge to reduce consumers’ intake of sugar 

from sugar-sweetened beverages (SSBs).2 

We conducted a field experiment at a convenience store in South 

Korea for 13 weeks. The main treatment was to interchange the shelves of the 

beverages within a refrigerator. The eye-height shelf containing beverages 

relatively high in sugar was interchanged with the top or bottom shelf 

containing relatively low sugar content. 

The results support the hypotheses that consumers have limited 

 
2 Reducing intake of sugar from SSB is crucial for improving public health because it can 

cause various diseases from obesity to chronic diseases (Dhingra et al., 2007; Saldana et al., 

2007; Basu et al., 2013; Moynihan, 2016). The World Health Organization (WHO) has also 

shown concerns that the intake of free sugars, particularly in the form of SSB, increases the 

overall energy intake and may reduce the intake of nutritionally balanced food. WHO has 

strongly recommended reducing the intake of free sugars to less than 10% of the total energy 

intake per day (WHO, 2015). 
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attention in beverage choice and that eye-height shelves receive more 

attention than the top or bottom shelves. The estimated average consumers’ 

degree of inattention to the top or bottom shelves (the less attentive position) 

is around 20%. We found that moving less sugary beverages to the eye-height 

shelves from the top or bottom shelves increased their sales by 24.8% 

compared to the average sales before the treatment. Moving beverages high 

in sugar to the less attentive position from the eye-height shelves decreased 

their sales by 25.3%. Directional heterogeneity in the treatment revealed that 

interchanging the eye-height shelf with the top shelf was more effective than 

interchanging it with the bottom shelf. Nudged consumers consumed less 

sugary beverages instead of high ones and reduced their sugar intake from 

beverages by 5,573g during the treatment period, which is about 6.86g per 

consumption (about 13.7% of WHO’s daily sugar intake recommendation, 

50g). Lastly, we could not find any evidence of a negative impact on total 

beverage sales by the treatment. 

This study contributes to the two lines of research. First, our empirical 

findings on consumers’ limited attention provide additional empirical 

evidence for the limited attention theory and estimates of the degree of 

inattention. Second, we contribute to the literature to find effective nudge 

policies to curb the increasing trend of SSB consumption (Loughridge et al., 

2005; Muckelbauer et al., 2009; Visscher et al., 2010; Patal et al., 2011; 

Thorndike et al., 2012; Foster et al., 2014; Kenney et al., 2015; Patel et al., 

2016; Muckelbauer et al., 2016).3 Among them, the most related study to 

ours is Thorndike et al. (2012). They tested whether displaying healthy 

beverages (green-labeled) at eye height and unhealthy beverages (red-labeled) 

 
3  There are other related experimental studies to ours in field settings. For example, 

Sigurdsson et al. (2009) examined the effect of the shelf placement of potato chips using in-

store setting and Kroese et al. (2016) studied the effect of the repositioning of food products 

in train station snack shops. We mainly focus on the experimental studies tried to reduce the 

consumption of unhealthy beverages. 
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below eye height together with traffic light labeling could increase the sales 

of healthy beverages. They reported an 11.4% decrease in sales of unhealthy 

beverages and a 4.0% increase in healthy beverage sales by repositioning. In 

our experiment, the use of a control group and the lack of confounding 

product labeling are major improvements. Furthermore, we contribute toward 

identifying the additional treatment effect of displaying unhealthy beverages 

above eye height. 

This paper is composed of six sections. In Section 2, we introduce a 

simple inattention model for beverage choices. Section 3 provides the 

experimental design and Section 4 explains the identification strategy for 

measuring the treatment effects on sales and the degree of inattention. Section 

5 presents the results and Section 6 concludes the paper. 

 

1.2. A Simple Inattention Model of Beverage Choice 

We consider consumers who suffer from limited attention using a framework 

of choice with a frame in Salant and Rubinstein (2008). In this choice setting, 

fully rational consumers optimally choose what they prefer among all 

available items with equal attention weights. We capture the deviations from 

the optimal behavior using an inattention parameter 𝜃 .4  Our inattention 

model will clarify how the individual inattentive behavior can be reflected in 

aggregate-level demand. 

Let 𝑋 be the set of beverages in a refrigerator, and 𝐹 be the set of 

attention frames. The extended choice problem, which is the choice problem 

with a frame, can be written as a pair (𝐴, 𝑓)  where 𝐴 ⊆ 𝑋  and 𝑓  is an 

attention frame that assigns attention weight 1 − 𝜃𝑥  to every 𝑥 ∈ 𝑋 

 
4 Measuring inattention using a simple inattention parameter has been widely used in the 

limited attention literature (e.g., Chetty et al., 2009; Lacetera et al., 2012; Rees-Jones and 

Taubinsky, 2018). 
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according to its allocated position (𝑓 ∈ 𝐹, 𝜃𝑥 ∈ [0,1] ). Here, 𝜃𝑥  can be 

considered as the degree of inattention, which gives 0 when there is no limited 

attention. A consumer optimally chooses preferred beverages under the 

attention frame. 

Consumer 𝑖 ’s demand for a beverage 𝑥  at time 𝑡 , 𝑑𝑖,𝑥,𝑡 , can be 

decomposed as follows: 

 

𝑑𝑖,𝑥,𝑡 = 𝑓𝑖,𝑥,𝑡 ⋅ 𝑑𝑖,𝑥
𝑇𝐼 + 𝑑𝑖,𝑥,𝑡

𝑇𝑉 + 𝜖𝑖,𝑥,𝑡 = (1 − 𝜃𝑖,𝑥,𝑡) ⋅ 𝑑𝑖,𝑥
𝑇𝐼 + 𝑑𝑖,𝑥,𝑡

𝑇𝑉 + 𝜖𝑖,𝑥,𝑡. 

 

It consists of three parts. In the first and second parts, 𝑑𝑖,𝑥
𝑇𝐼  and 𝑑𝑖,𝑥,𝑡

𝑇𝑉  

represent time-invariant and -variant demands and both parts can be explained 

by obtainable characteristics of the beverage 𝑥 . Since the time-variant 

demand usually emerges regardless of evaluation of visual information, only 

the time-invariant part is set to be affected by the attention frame, 𝑓𝑖,𝑥,𝑡.5 The 

allocated position of the beverage 𝑥  at 𝑡  and the idiosyncrasy of 𝑖 

determines the attention weight, 𝜃𝑖,𝑥,𝑡. The third part, 𝜖𝑖,𝑥,𝑡, is all the time-

invariant and -variant demands that cannot be explained by the characteristics. 

Because we do not know the unexplained demand, it is considered as random 

with mean 0 across consumers.6 

Individual demands can be re-expressed around population means 

and aggregated into aggregate demand, 𝐷𝑥,𝑡. 

 

𝐷𝑥,𝑡 = ∑ 𝑑𝑖,𝑥,𝑡𝑖   

 
5  The time-variant part represents the demand only occurs at a specific time period. For 

example, there is extra demand for carbohydrate drinks in summer and a lot of energy drinks 

such as Redbull are sold during examination period. This kind of demand emerges regardless 

of evaluation of visual information, hence, is not subject to the attention frame. 

6 The mean 0 constraint is not restrictive as the demand, 𝑑𝑖,𝑥
𝑇𝐼 , can absorb the leftover mean 

if the distribution of the unexplained part does not have mean 0. 
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= ∑ [(1 − �̅�𝑥,𝑡) + (�̅�𝑥,𝑡 − 𝜃𝑖,𝑥,𝑡)] ⋅ [�̅�𝑥
𝑇𝐼 + (𝑑𝑖,𝑥

𝑇𝐼 − �̅�𝑥
𝑇𝐼)]𝑖 + ∑ [�̅�𝑥,𝑡

𝑇𝑉 +𝑖

(𝑑𝑖,𝑥,𝑡
𝑇𝑉 − �̅�𝑥,𝑡

𝑇𝑉)] + ∑ 𝜖𝑖,𝑥,𝑡𝑖    

= (1 − �̅�𝑥,𝑡) ⋅ ∑ �̅�𝑥
𝑇𝐼

𝑖 + ∑ �̅�𝑥,𝑡
𝑇𝑉

𝑖 + 휁𝑥,𝑡  

= (1 − �̅�𝑥,𝑡) ⋅ 𝐷𝑥
𝑇𝐼 + 𝐷𝑥,𝑡

𝑇𝑉 + 휁𝑥,𝑡                               (1) 

 

�̅�𝑥
𝑇𝐼  and �̅�𝑥,𝑡

𝑇𝑉  represent population means of time-invariant and -

variant demand. The term 휁𝑥,𝑡 consists of the remaining terms other than the 

terms explicitly presented. �̅�𝑥,𝑡  indicates consumers’ average degree of 

inattention to the beverage 𝑥 . 𝐷𝑥
𝑇𝐼  and 𝐷𝑥,𝑡

𝑇𝑉  represent average time-

invariant and -variant aggregate demand explained by the obtainable 

characteristics of the beverage 𝑥 . Since the time-invariant part can be 

regarded as constant demand across time, it is considered to be non-negative, 

𝐷𝑥
𝑇𝐼 ≥ 0 . In the later section, we provide an identification strategy for 

measuring the degree of �̅�𝑥,𝑡 from the aggregate-level demand. 

 

1.3. Experimental Design 

The experiment was conducted at a convenience store on the campus of Seoul 

National University in South Korea for 13 weeks, from September 19 to 

December 16, 2016, except for weekends and public holidays. Figure 1.1 

shows the four refrigerators we used for the experiment and the display we 

set immediately before the experiment began. 

 

Figure 1.1. The Refrigerators 

 

Ref. 1  

(Sodas) 

Ref. 2  

(Sodas/Fruit 

Juices) 

Ref. 3  

(Fruit 

Juices/Others) 

Ref. 4  

(Coffees) 
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We defined the second and third shelves from the top as the “eye zone” 

and the farthest shelves from the eye zone, which are the top or sixth shelves 

as the “non-eye zone.”7 Note that there are two types of non-eye zones. The 

first shelf (henceforth the upper non-eye zone) is above the eye zone, and the 

sixth shelf (henceforth, the lower non-eye zone) is below the eye zone. 

Beverages relatively low in sugar were displayed in both the upper and lower 

non-eye zones and high in sugar in the eye zone before the experiment.8 

The treatment was to interchange the shelves of the beverages within 

a refrigerator. One of the shelves in the eye zone containing beverages 

relatively high in sugar was interchanged with one of shelves in the non-eye 

zone containing relatively low sugar content. For the first and second 

refrigerators, the third and top shelves were interchanged. For the third 

refrigerators, the second and sixth shelves were interchanged. For the fourth 

refrigerators, the third and sixth shelves were interchanged. The treatment 

were implemented on Sunday, October 31, 2016, about the midpoint of the 

 
7 In fact, the lowest row from the eye zone is the seventh row. However, the seventh row is 

only for large-sized beverages (over 1.5L) which are not included in the analysis. 

8 We set the display setting of the experiment in consideration of the actual implementation 

of the policy. As the display we set is the usual display form of convenience stores in South 

Korea, the results of the experiment would provide more practical estimates for policy impact 

when this kind of nudge is actually implemented. 
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experiment. 

In our experimental setting, there are two types of beverages whose 

allocated positions were changed or unchanged. The first and second types 

are defined as the treatment and control groups, respectively.9 The beverages 

in the treatment group can be divided into two sub-types. The first sub-type 

is the beverages that were moved from the eye zone to the non-eye zone 

(henceforth, EtoN group) and the second sub-type is from the non-eye zone 

to the eye zone (henceforth, NtoE group). Each sub-type can be further 

separated into two different types based on the position of the non-eye zone, 

which are above or below the eye-zone. The types of treatment groups are 

summarized in Table 1.1. 

 

Table 1.1. Types of Treatment Groups 

 

No. Types of Treatment Description 

1 EtoN 
eye zone to (upper or lower) non-eye 

zone 

1-1 (Upper) EtoN eye zone to (upper) non-eye zone 

1-2 (Lower) EtoN eye zone to (lower) non-eye zone 

2 NtoE 
(upper or lower) non-eye zone to eye 

zone 

2-1 (Upper) NtoE (upper) non-eye zone to eye zone 

2-2 (Lower) NtoE (lower) non-eye zone to eye zone 

Note: The control group includes the beverages whose allocated position were not changed 

at all. 
 

The outcome variable is daily sales of each beverage. The change in 

 
9 There might be a concern that the stable unit treatment value assumption (SUTVA) does 

not hold because the control beverages could also be influenced by the change in the display 

of the treated beverages. We investigated if there were sudden changes in the sales trend of 

the control beverages right before and after the treatment (within 5 days). We could not find 

any empirical evidence on such changes. We also checked if there were dramatic changes in 

the composition of sales within the control beverages. The results are not against for SUTVA. 

We present all the results in Appendix A. 
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sales before and after the treatment will be compared between the control and 

treatment groups and among the various treatment groups. We provide 

summary statistics for the control, EtoN and NtoE groups in Table 1.2. 

 

Table 1.2. Summary Statistics 

 

 

Treatment Group 
Control 

Group 

Welch's Unequal 

Variances t-test 

(1) (2) (3) 
(1) - (3) (2) - (3) 

EtoN NtoE Total 

Price (₩) 

1072.50 952.94 1223.33 -150.83 -270.39 

(683.35) (507.59) (465.96) 

[159.42] 

{-0.95, 

df=23} 

[131.24] 

{-2.06, 

df=21} 

Sugar (g) 

26.35 17.53 25.04 1.31 -7.51** 

(5.00) (7.76) (16.35) 

[1.95] 

{0.67, 

df=104} 

[2.47] 

{-3.04, 

df=47} 

Volume 

(ml) 

229.15 228.82 296.12 -66.97*** -67.30*** 

(38.99) (39.79) (99.63) 

[13.06] 

{-5.13, 

df=79} 

[13.70] 

{-4.91, 

df=60} 

(Category)    Pearson’s Chi-square test 

 Soda 55% 24% 24% 

8.05 

{df=3} 

0.22 

{df=3} 

 Fruit 30% 53% 50% 

 Coffee 15% 24% 26% 

 Etc. 0% 0% 1% 

N 20 17 105 Total: 142 

Notes: The EtoN group consists of beverages (high in sugar) moved from the eye zone to 

the non-eye zone. The NtoE group consists of beverages (low in sugar) whose position 

was moved from the non-eye zone to the eye zone. The control group consists of beverages 

whose position was not changed at all. Numbers in parentheses are standard deviations. 

Numbers in brackets are standard errors. Numbers in curly brackets are t-statistics and 

Welch's degrees of freedom. The p-values were evaluated under Bonferroni-adjusted 

critical values. * p<0.1, ** p<0.05, *** p<0.01. 
 

There were 142 beverages in total and 105 were in the control group. 
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20 and 17 beverages were allocated in the EtoN and NtoE treatment groups. 

Mean price of each group was around ₩1,000 (roughly about $1). The EtoN 

and NtoE group contained relatively high and low level of sugar compared 

with the control group. The mean volume of each group was around 250ml. 

According to Welch's unequal variances t-test and Pearson’s Chi-

sqaure test between each treatment and the control group, some of the 

characteristics showed a significant difference. This occurred because of the 

structure of the refrigerators. For instance, beverages in the control group, 

which were usually displayed on the fourth and fifth shelves, were slightly 

taller than those in the treatment group. To address the significant difference 

between the treatment and control groups, beverage-specific fixed effects 

were controlled. 

The nature of the field experiment did not allow us to perfectly control 

the environment during the experiment. During the 3 weeks in December (the 

last 3 weeks of the experiment), the store started to sell hot coffees (Figure 

1.2). Since the sales increase of the coffees in the beverage heater is not our 

treatment effect, including the period in the analysis could bias our estimates. 

Therefore, we present results without the weeks in December as the main 

result and with the weeks for robustness.10 

 

Figure 1.2. Beverage Heater 

 

 
10 There are several issues on data that are worth mentioning such as the reason why we 

excluded 1.5L beverages. We discuss the issues in Appendix B. 
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Note: The store started to sell heated drinks as the day got colder. 

 

1.4. Identification Strategy 

In this section, we describe an identification strategy for verifying the 

existence of consumers’ inattention, measuring the treatment effect and 

estimation of the average degree of inattention using the model in Section 2. 

For simplicity, we divide the area of the refrigerator into three zones: 

high, moderate, and low attentive zones, which are denoted by superscripts 

ℎ, 𝑚 and 𝑙, respectively. Let �̅�𝑧 ∈ [0,1] be the consumers’ average degree 

of inattention to the beverages displayed in a zone 𝑧 ∈ {ℎ, 𝑚, 𝑙}. 

 

�̅�𝑥,𝑡 = �̅�𝑧 if 𝑥 is displayed in zone 𝑧 at time 𝑡, 

𝑤ℎ𝑒𝑟𝑒 𝑥 ∈ 𝑋, 𝑧 ∈ {ℎ, 𝑚, 𝑙}, �̅�ℎ ≤ �̅�𝑚 ≤ �̅�𝑙 

 

Following previous studies, we set eye-height shelves as high 

attentive zones (ℎ)  and the farthest shelves from the eye-height shelves, 

which are the top or sixth shelves, as low attentive zones (𝑙).11 The moderate 

 
11 Ebster (2011) defined four vertical shelf zones, which are stretch level (above 6 feet), eye 

level (4 – 5 feet), touch level (3 – 4 feet), and stoop level (below 3 feet). Thorndike et al. 

(2012) also defined eye level as a height between 5 and 6 feet. Both studies regarded eye 

level as the high attentive position. 
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attentive zone (𝑚) is defined as shelves, which are not ℎ or 𝑙 zones.12 

We classify beverages into three types based on the amount of sugar 

contained: large (𝐿), medium (𝑀), and small (𝑆). As we explained in the 

experimental design section, 𝐿-type beverages were displayed in ℎ, and 𝑆-

type beverages were displayed in 𝑙  at the begining. We interchanged the 

zones of 𝐿- and 𝑆-type beverages on the treatment day (𝐿-type: ℎ → 𝑙; 𝑆-

type: 𝑙 → ℎ). 𝑀-type beverages were usually displayed at 𝑚, but some of 

them were displayed in ℎ or 𝑙. They remained in their positions during the 

experiment. 

Using the equation (1), the change in aggregate demand for each type 

of beverages over two consecutive times can be written as follows. 

 

�̅�𝐿,𝑡+1 − �̅�𝐿,𝑡 = [(�̅�ℎ − �̅�𝑙)�̅�𝐿
𝑇𝐼] + [�̅�𝐿,𝑡+1

𝑇𝑉 − �̅�𝐿,𝑡
𝑇𝑉]  

+ [휁𝐿,𝑡+1 − 휁𝐿,𝑡]                                                                    (2) 

�̅�𝑀,𝑡+1 − �̅�𝑀,𝑡 = [�̅�𝑀,𝑡+1
𝑇𝑉 − �̅�𝑀,𝑡

𝑇𝑉 ]

+ [휁𝑀,𝑡+1 − 휁𝑀,𝑡]                                                                  (3) 

�̅�𝑆,𝑡+1 − �̅�𝑆,𝑡 = [(�̅�𝑙 − �̅�ℎ)�̅�𝑆
𝑇𝐼] + [�̅�𝑆,𝑡+1

𝑇𝑉 − �̅�𝑆,𝑡
𝑇𝑉]

+ [휁𝑆,𝑡+1 − 휁𝑆,𝑡]                                                                    (4) 

 

In the above equations, �̅�𝑗,𝑡 represents average aggregate demand of 

𝑗-type beverages at time 𝑡 (𝑗 ∈ {𝑆, 𝑀, 𝐿}). �̅�𝑗
𝑇𝐼 and �̅�𝑗,𝑡

𝑇𝑉 represent average 

time-invariant and -variant demand of 𝑗-type beverages as before. 휁𝑗,𝑡+1 −

휁𝑗,𝑡 is difference of the remaining terms of 𝑗-type between time 𝑡 and 𝑡 +

1. 

 
12 The low attentive zone (𝑙) is defined as the top or bottom shelves. Alternatively, it can 

be separated into two different low attentive zones according to whether they are above or 

below the eye zone, denoted as 𝑙𝑢𝑝𝑝𝑒𝑟 and 𝑙𝑙𝑜𝑤𝑒𝑟 , respectively. In the results section, we 

present the estimates of both degree of inattention �̅�𝑙𝑢𝑝𝑝𝑒𝑟
 and �̅�𝑙𝑙𝑜𝑤𝑒𝑟

 as well as �̅�𝑙. 
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To verify the existence of consumers’ inattention, we will use (2) −

(3) and (4) − (3) as test statistics. Assuming that the average time trends 

are similar across different types of beverages, the change in average time-

variant aggregate demand of 𝑀 -type cancels out those of 𝐿 - or 𝑆 -type.13 

We also assume the differences of the remaining terms are small enough to 

be ignored. 14  The existence of consumers’ inattention can be tested by 

rejecting the following null hypothesis: the equivalence of two test statistics 

and 0. 

 

𝑁𝑢𝑙𝑙 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 ∶ 

(2) − (3) ≈ [(�̅�𝑙 − �̅�ℎ)�̅�𝐿
𝑇𝐼] = 0 and (4) − (3) ≈ [(�̅�ℎ − �̅�𝑙)�̅�𝑆

𝑇𝐼] = 0 

 

Rejection of the null hypothesis informs us two things. First, it is not 

the case that consumers do not show the limited attention, that is �̅�𝑖 is not 0 

for all 𝑖 ∈ {ℎ, 𝑚, 𝑙} . Second, it is not the case that high and low attentive 

zones get same degree of inattention from consumers, that is �̅�ℎ ≠ �̅�𝑙 .15 

Using the fact that time-invariant demand has non-negative value, that is 

�̅�𝐿
𝑇𝐼 ≥ 0 and �̅�𝑆

𝑇𝐼 ≥ 0, we can also inspect which zone get more attention by 

the signs of the test statistics. 

The values of the test statistics, (2) − (3) and (4) − (3), can also 

 
13 We provide in the results section that the supporting evidence for the common time trend 

assumption. In addition to the provision of the empirical evidence of the common time trend, 

we further present an additional analysis for a robustness check. We divided 𝑀 -type 

beverages into two groups by the level of sugar, below and above median. We calculated the 

test statistics (2) − (3) using the above median 𝑀-type beverages and (4) − (3) using the 

below median. This would make it possible to compare the treatment groups with more 

homogeneous control groups. The results are almost similar with the main analysis. The 

results are presented in Appendix C. 

14 We discuss more about the assumption in Appendix D. 

15 The null hypothesis is also true when �̅�𝐿
𝑇𝐼 and �̅�𝑆

𝑇𝐼 are 0. However, we don’t consider 

the case because it is very unlikely. 
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be used for measuring the treatment effects of the field experiment, which are 

the change in average aggregate demand of 𝐿- and 𝑆-type beverages due to 

the change in the allocated position. 

For measuring the degree of inattention, we first estimate the equation 

(1) and divide the test statistic (2) − (3) (or (4) − (3)) by the estimates of 

�̅�𝐿
𝑇𝐼 (or �̅�𝑆

𝑇𝐼). We use the first-order Taylor approximation to get information 

of the unknown functional form of the equation (1). Since the equation (1) is 

a function of the obtainable characteristics, the first-order Taylor 

approximation of 𝐷𝑥,𝑡(𝑍𝑥)  around mean characteristic vetor �̅�𝑥  is as 

follows. 

 

𝐷𝑥,𝑡(𝑍𝑥) ≈ 𝐷𝑥,𝑡(�̅�𝑥  ) +  ∇𝐷𝑥,𝑡(�̅�𝑥 ) ⋅ (𝑍𝑥 − �̅�𝑥  ) = (1 − �̅�𝑥,𝑡)�̃�𝑥𝛽 + �̃�𝑥𝛾𝑡   (1′) 

 

In the equation (1’), �̃�𝑥 means characteristic vector with a column of 1. 

Using the equation (1′), we can estimate the degree of consumers’ 

inattention under an assumption that beverages displayed in high attentive 

zone receive full attention (that is, 𝜃ℎ = 0). Under this assumption, we can 

estimate a consistent estimate for 𝛽  (denoted as �̂� ) by estimating the 

equation (1′)  using the data of beverages displayed in ℎ . Then, dividing 

equation (2) − (3) by the mean value of −�̃�𝑥�̂� of 𝑥 in L-type (denoted 

by −�̃�𝐿�̂�) or dividing equation (4) − (3) by the mean value of −�̃�𝑥�̂� of 

𝑥 in S-type (denoted by �̃�𝑆�̂�) give estimates for 𝜃𝑙, which is the estimates 

for the consumers’ degree of inattention to beverages displayed in the low 

attentive zone as opposed to the high attentive zone. 

 

𝜃�̂�  =  
((�̅�ℎ − �̅�𝑙)�̃�𝐿𝛽)

−�̃�𝐿�̂�
 |

�̅�ℎ=0

=  
((�̅�𝑙 − �̅�ℎ)𝑍𝑆𝛽)

�̃�𝑆�̂�
 |

�̅�ℎ=0
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1.5. Results 

We first present trends in average sales by group (Figure 1.3). Before the 

treatment, the control group and the treatment groups (EtoN and NtoE) 

showed very similar trends supporting the common trend assumption we 

mentioned in the identification strategy (Section 4). However, after the 

treatment, the trends in sales bagan to diverge. NtoE became higher than the 

control and EtoN became lower than that. 

 

Figure 1.3. Trends in Sales 

 

 
Notes: Each day is represented as the relative date based on the treatment day. The vertical 

line separates periods before and after the treatment day. The EtoN group consists of 

beverages (high in sugar) moved from the eye zone to the non-eye zone. The NtoE group 

consists of beverages (low in sugar) whose position was moved from the non-eye zone to 

the eye zone. The control group consists of beverages whose position was not changed at 

all. 
 

To verify the existence of consumers’ inattention and measure the 

effect size of the treatment, we estimated the test statistics, (2) − (3) and 

(4) − (3), in Section 4. The test statistics can be simultaneously estimated 

using the following regression equation. 

 



 

16 

 

𝑆𝑎𝑙𝑒𝑠𝑥,𝑑 =  𝛽0  +  𝛿1 ⋅ 𝐴𝑓𝑡𝑒𝑟𝑑 × 𝑇𝑟𝑒𝑎𝑡𝑥
𝐸𝑡𝑜𝑁 +  𝛿2 ⋅ 𝐴𝑓𝑡𝑒𝑟𝑑 × 𝑇𝑟𝑒𝑎𝑡𝑥

𝑁𝑡𝑜𝐸

+  𝜆𝑥  +  𝜇𝑑 + 휀𝑥,𝑑 

 

In the regression equation, the subscripts 𝑥 and 𝑑  represent an 

individual beverage and a day, respectively. The dependent variable 𝑆𝑎𝑙𝑒𝑠𝑥,𝑑 

is the sales of a beverage 𝑥  at a day 𝑑 . 𝐴𝑓𝑡𝑒𝑟𝑑  represents a dummy 

variable equal to 1 for the period after the treatment day. 𝑇𝑟𝑒𝑎𝑡𝑥
𝐸𝑡𝑜𝑁 is 1 if a 

beverage 𝑥 is in the EtoN group. 𝑇𝑟𝑒𝑎𝑡𝑥
𝑁𝑡𝑜𝐸 is also a dummy variable that 

gives 1 for beverages in the NtoE group. 𝜆𝑥  and 𝜇𝑑  are the beverage 

specific and day fixed effects. 𝛿1  captures (2) − (3)  which is the EtoN 

treatment effect (No. 1 in Table 1.1). 𝛿2 can be interpreted as (4) − (3), the 

NtoE treatment effect (No. 2 in Table 1.1).16 

The regression results in Table 1.3, 𝛿1  and 𝛿2 , support for the 

existence of consumers’ inattention in beverage choice by rejecting the null 

hypothesis in Section 4. The estimated EtoN and NtoE treatment effects are 

−0.645 and 0.607, respectively. The values mean that moving beverages 

from the eye zone to the non-eye zone would decrease sales by 0.645 a day 

on average and increase sales by 0.607  a day for the opposite case. This 

estimates amount to approximately −25.3%  and 24.8%  of the average 

sales of EtoN and NtoE beverages before the treatment (EtoN: −0.645/

2.553 =  −0.253 ; NtoE: 0.607/2.449 =  0.248 ). The signs of test 

statistics also inform us that the eye zone gets more attention than the non-

eye zone. 

The estimates, including the three weeks in December, have the same 

sign, but the magnitude was slightly smaller than the main model’s estimates. 

 
16 Note that the regression equation is the usual two-way fixed effect model. It can control 

possible confounding factors more precisely than a regression model that contains only 

treatment dummies, the treatment period dummy and their interactions. The results in both 

models are almost similar. 
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A possible explanation is that hot coffees in the control or NtoE groups were 

sold a lot. We checked the composition of EtoN, NtoE, and the control 

beverages in the beverage heater using the picture (Figure 1.2). Among the 11 

beverages in the beverage heater and used for the analysis, six and four 

beverages were the control and NtoE groups. Only one beverage was in the 

EtoN group. This compositional information implies our explanation may be 

the case. 

Thorndike et al. (2012) conducted a similar experiment and reported 

an 11.4% decrease in the sales of unhealthy beverages that were moved from 

eye height to the lower part of the refrigerator and a 4.0% increase in sales of 

healthy beverages that were moved in the opposite direction. Our estimates 

have the same signs as Thorndike et al. (2012), but the magnitude is much 

larger. Our next results may help to understand why our estimates are different 

from those of Thorndike et al. (2012). 

 

Table 1.3. Treatment Effects 

 

Dependent Variable:  

Daily Sales 
Main 

Including Weeks in 

December 

EtoN 

Upper 

or 

Lower 

𝛿1 

-0.645** -0.547* 

(0.280) (0.282) 

Upper 𝛿1−1 

-1.071*** -1.023*** 

(0.336) (0.335) 

Lower 𝛿1−2 

-0.046 0.106 

(0.185) (0.185) 

NtoE 

Upper 

or 

Lower 

𝛿2 

0.607*** 0.533*** 

(0.146) (0.178) 

Upper 𝛿2−1 

1.043*** 0.772*** 

(0.184) (0.292) 

Lower 𝛿2−2 0.190 0.294 
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(0.209) (0.206) 

EtoN or NtoE 𝛿3 
-0.071 -0.05 

(0.212) (0.212) 

Beverage Fixed Effect Controlled Controlled 

Day Fixed Effect Controlled Controlled 

N 6,851 8,966 

Adjusted R-square 0.046 0.048 
Notes: The EtoN group consists of beverages (high in sugar) moved from the eye zone to 

the non-eye zone. The NtoE group consists of beverages (low in sugar) whose position 

was moved from the non-eye zone to the eye zone on the treatment day. The control group 

consists of beverages whose position was not changed at all. Numbers in parentheses are 

standard errors clustered by beverages. The main model excludes three weeks in December 

to deal with the confounding event mentioned in Section 3. Adjusted R-square is the value 

from the regression model for 𝛿1 and 𝛿2. * p<0.1, ** p<0.05, *** p<0.01. 
 

The EtoN and NtoE treatment effects can be divided into two different 

effects by the position of the non-eye zone, above or below the eye zone. We 

estimated the separate effects using the following regression equation. 

 

𝑆𝑎𝑙𝑒𝑠𝑥,𝑑 =  𝛽0  +  𝛽1 ⋅ 𝐴𝑓𝑡𝑒𝑟𝑑 × 𝐶𝑎𝑠𝑒𝑥
𝑈𝑝𝑝𝑒𝑟

    

+ 𝛿1−1 ⋅ 𝐴𝑓𝑡𝑒𝑟𝑑 × 𝑇𝑟𝑒𝑎𝑡𝑥
𝐸𝑡𝑜𝑁 & 𝑈𝑝𝑝𝑒𝑟

  

+ 𝛿1−2 ⋅ 𝐴𝑓𝑡𝑒𝑟𝑑 × 𝑇𝑟𝑒𝑎𝑡𝑥
𝐸𝑡𝑜𝑁 & 𝐿𝑜𝑤𝑒𝑟  

+ 𝛿2−1 ⋅ 𝐴𝑓𝑡𝑒𝑟𝑑 × 𝑇𝑟𝑒𝑎𝑡𝑥
𝑁𝑡𝑜𝐸 & 𝑈𝑝𝑝𝑒𝑟

  

+ 𝛿2−2 ⋅ 𝐴𝑓𝑡𝑒𝑟𝑑 × 𝑇𝑟𝑒𝑎𝑡𝑥
𝑁𝑡𝑜𝐸 & 𝐿𝑜𝑤𝑒𝑟  

+ 𝜆𝑥 + 𝜇𝑑 + 휀𝑥,𝑑  

 

In the regression equation, 𝐶𝑎𝑠𝑒𝑥
𝑈𝑝𝑝𝑒𝑟

 is a dummy variable that gives 

1 for beverages in the first or second refrigerators, in which the eye zone was 

interchanged with the upper non-eye zone. 𝑇𝑟𝑒𝑎𝑡𝑥
𝐸𝑡𝑜𝑁 & 𝑈𝑝𝑝𝑒𝑟

  and 

𝑇𝑟𝑒𝑎𝑡𝑥
𝑁𝑡𝑜𝐸 & 𝑈𝑝𝑝𝑒𝑟

 are 1 if a beverage 𝑥 is in the EtoN, NtoE group, and the 

eye zone is interchanged with the upper non-eye zone, respectively. 

𝑇𝑟𝑒𝑎𝑡𝑥
𝐸𝑡𝑜𝑁 & 𝐿𝑜𝑤𝑒𝑟 and 𝑇𝑟𝑒𝑎𝑡𝑥

𝑁𝑡𝑜𝐸 & 𝐿𝑜𝑤𝑒𝑟 give 1 if a beverage 𝑥 is in EtoN, 

NtoE group, and the eye zone is interchanged with the lower non-eye zone, 
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respectively. The other variables are the same as before. 

𝛿1−1, 𝛿1−2, 𝛿2−1 and 𝛿2−2 in Table 1.3 are the corresponding results 

of No. 1–1, 1–2, 2–1, and 2–2 in Table 1.1, which can be regarded as the 

treatment effects by direction. The lower treatments, 𝛿1−2 and 𝛿2−2, are the 

same kind of treatment conducted by Thorndike et al. (2012). Our results 

reveal that the lower treatments are smaller in magnitude than the upper 

treatments (𝛿1−1 and 𝛿2−1) and statistically insignificant. The lower EtoN 

treatment decreased sales by -0.046 on average, or -5.6% (= -0.046/0.820) of 

the lower EtoN group’s average sales before the treatment. The corresponding 

upper EtoN treatment was estimated to be -1.071, which amounts to -26.9% 

(= -1.071/3.984) decrease in the upper EtoN group’s average sales before the 

treatment. The lower and the upper NtoE treatment effects showed the same 

pattern (The lower NtoE: 17.1% increase (=0.190/1.112); The upper NtoE: 

26.3% increase (=1.043/3.961)). 

We found the heterogeneous treatment effects are consistent with a 

recent study by Drexler and Souček (2017), who measured consumers’ 

attention using an eye-tracking device. According to their findings, eye-level 

shelves (4 – 5 feet) receive the highest consumer attention, followed by touch-

level shelves (3 – 4 feet). Stretch-level shelves (above 6 feet) and stoop-level 

shelves (below 3 feet) received the lowest attention. Since the lower non-eye 

zone and the upper non-eye zone, we defined in this study falls into the “touch 

level” and the “stretch-level” category, our results can be an evidence of the 

same consumer behavior. However, our results provide additional 

information because we analyze consumers’ actual final decision, which is 

sales, not just consumers’ attention tracked by the eye-tracking device. 

Our treatment may decrease the total sales of beverages, and if so, 

store owners will probably be opposed to the nudge policy. Therefore, we 

checked whether there was any significant difference in sales trends between 

the control and treatment groups (Table 1.3). We set all the EtoN or NtoE 
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groups as the whole treatment group and ran the following regression 

equation. 

 

𝑆𝑎𝑙𝑒𝑠𝑥,𝑑 =  𝛽0  +  𝛿3 ⋅ 𝐴𝑓𝑡𝑒𝑟𝑑 × 𝑇𝑟𝑒𝑎𝑡𝑥
𝐸𝑡𝑜𝑁+𝑁𝑡𝑜𝐸 +  𝜆𝑥 + 𝜇𝑑 + 휀𝑥,𝑑 

 

In the equation, 𝑇𝑟𝑒𝑎𝑡𝑥
𝐸𝑡𝑜𝑁+𝑁𝑡𝑜𝐸 gives 1 for beverages in the EtoN 

or NtoE groups. The other variables were the same as before. The estimate 

𝛿3 captures any difference in sales trends between the control and the whole 

treatment group. We could not find any significant difference in sales trends 

between the control and the whole treatment group (Table 1.3). 

We calculated the extent to which consumers’ sugar intake was 

reduced by the treatment (Table 4). According to the calculation, we reduced 

5,573g of consumers’ sugar intake in total after the treatment. Dividing total 

sugar reduction (5,573g) by the number of beverages affected by the 

treatment (812 = 451 + 361) gives the sugar reduction per consumption, 

approximately 6.86g. This amounts to about 13.7% of WHO’s daily sugar 

intake recommendation (6.86g / 50g = 0.137).17 

 

Table 1.4. Treatment Effects on Sugar Intake 

 

 EtoN NtoE 

(A) Average Sales (Before the 

Treatment) 
2.55 2.45 

(B) Treatment Effect -25.3% 24.8% 

(C) Number of Beverages 20 17 

(D) Treatment Periods 35 days 35 days 

(E) Average Amount of Sugar in a 

Beverage 
26.35g 17.50g 

Treatment Effects (During the Treatment Periods): 

(F) Sales (A x B x C x D) (1)     -451 (2)     361 

(G) Sugar Intake (E x F) (1)   -11,897g (2)    6,324g 

(H) Net Sugar Intake (G_(1) + G_(2)) -5,573g 

 
17 We assumed that the total daily energy intake is 2,000 kcal in the calculation. 
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(I) Net Sugar Intake per Consumption 

   (H / [ | F_(1) | + | F_(2) | ]) 
-6.86g 

Notes: The treatment effects are estimates of the main model. 
 

To estimate the consumer’s degree of inattention to beverages 

displayed in the low attentive zone 𝜃�̂� , we first estimated a consistent 

estimate for 𝛽 . Under the assumption that beverages displayed in high 

attentive zone receive full attention (that is, 𝜃ℎ = 0) , we estimated the 

equation (1′), in Section 4 using the data of beverages displayed in ℎ before 

the display changed.18 

 

𝐷𝑥,𝑑 = (1 − 𝜃ℎ)�̃�𝑥𝛽 + ∑ [�̃�𝑥 × 𝐼(𝑑𝑎𝑦 = 𝑑)] ⋅ 𝛾𝑑𝑑 + 𝜖𝑥,𝑑  |
𝜃ℎ=0

  

= �̃�𝑥𝛽 + ∑ [�̃�𝑥 × 𝐼(𝑑𝑎𝑦 = 𝑑)] ⋅ 𝛾𝑑𝑑 + 𝜖𝑥,𝑑  

 

In the above equation, �̃�𝑥 denotes the vector of characteristics (price, 

volume, flavor, amount of sugar) of beverages 𝑥  with a column of 1 and 

𝐼(𝑑𝑎𝑦 = 𝑑)  denotes the indicator function that gives 1 at a day 𝑑 . After 

estimating �̂�, we input �̂� the following equations to obtain the estimate for 

the degree of inattention to the low-attentive zone (𝜃𝑙). 

 

𝜃�̂�  =  
(𝐷𝐿,𝑎𝑓𝑡𝑒𝑟 − 𝐷𝐿,𝑏𝑒𝑓𝑜𝑟𝑒) − (𝐷𝑀,𝑎𝑓𝑡𝑒𝑟 − 𝐷𝑀,𝑏𝑒𝑓𝑜𝑟𝑒)

−�̃�𝐿�̂�
 

=  
((𝜃ℎ − 𝜃𝑙)�̃�𝐿𝛽)

−�̃�𝐿�̂�
 |

𝜃ℎ=0

≈ 0.257  

 
18 Adjusted R-square of the regression was 0.316. 
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   =  
(𝐷𝑆,𝑎𝑓𝑡𝑒𝑟 − 𝐷𝑆,𝑏𝑒𝑓𝑜𝑟𝑒) − (𝐷𝑀,𝑎𝑓𝑡𝑒𝑟 − 𝐷𝑀,𝑏𝑒𝑓𝑜𝑟𝑒)

�̃�𝑆�̂�
 

=  
((𝜃𝑙 − 𝜃ℎ)�̃�𝑆𝛽)

�̃�𝑆�̂�
 |

𝜃ℎ=0

≈ 0.150 

 

According to the two estimates for 𝜃𝑙 , consumers’ degree of 

inattention to beverages displayed in the low attentive zone as opposed to the 

high attentive zone is around 20%. With the same procedure, consumers’ 

degree of inattention to beverages displayed in the upper and lower attentive 

zones are estimated by around 24% and 6%, respectively (𝜃𝑙𝑢𝑝𝑝𝑒𝑟
= 0.241 

and 𝜃𝑙𝑙𝑜𝑤𝑒𝑟
= 0.061). 

 

6. Conclusions 

In this study, we conducted a field experiment at a convenience store to 

provide additional empirical evidence for limited attention theory and 

estimated the consumers’ degree of inattention in a beverage choice setting. 

We also showed that limited attention in beverage choice can be used as a 

policy tool to reduce consumers’ intake of sugar from SSBs. 

The results support the hypotheses that consumers have limited 

attention in beverage choice and that eye-height shelves receive more 

attention than the top or bottom shelves. The estimated average consumers’ 

degree of inattention to the top or bottom shelves (the less attentive position) 

is approximately 20%. Displaying less (more) sugary beverages at eye height 

(the farthest position from eye height) increased (decreased) consumers’ 

demand for the beverages by 24.8% (25.3%) compared to the average sales 

before the t reatment .  We also found a consumer’s behavioral pattern: 

Consumers usually look below their eye height but rarely look above. Nudged 

consumers reduced their sugar intake from beverages by 5,573g during the 
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treatment period, about 6.86g per consumption (about 13.7% of WHO’s daily 

sugar intake recommendation, 50g). Lastly, we could not find any evidence 

of a negative impact on total beverage sales by the treatment. 

Previous studies report that the degree of inattention ranged from 18% 

(Hossain & Morgan, 2006) to 94% (Chetty et al., 2009). When compared to 

these values, our estimate of 20% appears to be low. However, if we recognize 

that the beverage choice situation is quite different from the shrouded 

attributes case, in the sense that beverages are not shrouded, the smaller value 

seems quite reasonable. 

The 6.86g reduction in sugar intake could lead to actual health benefits. 

According to the literature related to nutrition and human health, 6.86g 

reduction could result in 1.10% absolute decrease in the proportion of carious 

tooth surfaces and 4.15% relative decrease in the proportion of carious tooth 

surfaces of children aged 6-17 years (Chi et al., 2015). It could also decrease 

0.38mm waist circumference and 0.003 BMI z-score of girls aged 9–10 years 

(Lee et al., 2015). Finally, It is associated with improvement of intermediate 

prediabetic conditions in the transition between normal glucose homeostasis 

and diabetes among youth (Wang et al., 2014).19 

Our study has some limitations. First, we applied the first order Taylor 

approximation to get the linear functional form of the demand function. If the 

approximation were too different from the actual values, then it could bias the 

estimated coefficients, �̂� , and the estimate of the degree of inattention. 

Second, there are possibilities for the control beverages to be affected by our 

treatment. Even though we provided empirical evidences for SUTVA in 

Appendix A, it does not completly eliminate the possibility of violation of 

 
19 The prediabetic conditions related to the 6.86g reduction are 0.027 mmol/L lower fasting 

glucose, 1.578 pmol/L lower fasting insuling, 0.069 unit lower homeostasis model 

assessment of insulin resistance (HOMA-IR), and 0.274 unit higher Matsuda-insulin 

sensitivity index (Matsuda-ISI). All the figures in the manuscript are the authors’ calculation 

based on the estimates of the studies. 
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SUTVA. Third, there might be a change in the composition of visitors before 

and after the treatment. If this is the case, the change could act as a 

confounder.20  Forth, the behavioral pattern, consumers usually look below 

their eye height but rarely look above, may not be a ubiquitous phenomenon 

across the world. A recent study found that cultural habits can influence 

consumers’ focus (Zhang & Seo, 2015). Finally, by the nature of the field 

experiment, we could not control all other factors except for consumers’ 

attention. This means that there could be other theories that can explain the 

treatment effect rather than the limited attention theory. 

Despite these limitations, this study attempts to provide an 

experimental evidence on the limited attention and estimate consumers’ 

degree of inattention in a beverage choice setting. Therefore, our results 

contribute to the limited attention theory. Most importantly, we provide a 

demonstration that limited attention in beverage choice can be harnessed as a 

health-promoting policy. This will provide detailed guidance for future 

policymakers. 

 

 
20 However, in our experimental setting, the change in composition of visitors may not be 

large. We conducted the experiment in a convenience store on the Campus of Seoul National 

University during the second semester of 2016, from September to December. The location 

and period of our experiment imply the subjects are largely constrained to the students, 

faculty and the workers of the university. Also, students usually have some fixed moving 

patterns according to their class schedules. This means a student who passes through the 

convenience store is more likely to pass through it again on the same day every week. Thus, 

we think consumers who usually visited the convenience store before the treatment are 

mostly the same as the consumers after the treatment. 
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Appendix  

1.A. Empirical evidence for SUTVA 

There might be a concern that the stable unit treatment value assumption 

(SUTVA) does not hold because the control beverages could also be 

influenced by the change in display of the treated beverages. If SUTVA does 

not hold, there should be a sudden change in the sales trend of the the control 

beverages after the treatment. Also, there might be a change in the 

composition of the sales within them. We provide two figures and statistical 

tests to verify whether there were such sudden changes. To control the effect 

of the time trend, we restrict the analysis period within 5 days around the 

treatment. 

 

Figure 1.A.1. Trends in Sales (within 5 days around the treatment) 

 

 

 
Notes: Each day is represented as the relative date based on the treatment day. The 

vertical line separates periods before and after the treatment day. 
 

In Figure 1.A1, we investigated whether there were sudden changes 
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in the sales trend of the control beverages immediately before and after the 

treatment (within 5 days). The trend in sales of the control group does not 

seem to be affected by the treatment. We also conducted (equal variance) 

mean comparison t-test between sales of the control beverages before and 

after the treatment. The result shows that there is no significant difference 

between the two means. 

 

Figure 1.A.2. Composition of Sales by Quartile (Control Beverages) 

 

 
Notes: Each day is represented as the relative date based on the treatment day. The 

vertical line separates periods before and after the treatment day. 

 

We also checked if there were dramatic changes in the composition of 

sales within the control beverages. We first divided the control beverages by 

sales quartile using the data before the treatment. We then calculated the 

composition of sales by the quartile group for each day. Figure 1.A.2 shows 

the trend in composition of sales by the quartile group. The composition 

before and after the treatment remains almost the same and the chi-square test 

is not against for SUTVA. 
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1.B. Data issues 

There were group orders where beverages were purchased in large quantities 

for events such as academic conferences. These are usually ordered by phone 

and are not affected by display changes. These sales should not be included 

from the analysis but are indistinguishable in the sales data. We asked the 

store manager to collect receipts over ₩30,000 (South Korean Won, about 30 

beverages) at purchase to handle this issue. Considering sales of the receipts 

as a proxy for group order, we constructed group order data. Sales from group 

orders were excluded from the analysis. 

The nature of the field experiment did not allow us to control the 

environment during the experiment perfectly. For example, some beverages 

were discontinued, and new beverages were launched. For the unbiased 

estimators, we set up four exclusion criteria: (1) beverages that did not exist 

for the entire experimental period were excluded; (2) beverages whose 

positions were unintentionally changed were excluded; (3) beverages over 

1.5L were excluded; and (4) during the entire experimental period, for each 

beverage, extreme daily sales outside of three standard deviations from the 

mean were excluded. 

We set the first criterion because beverages that existed only for a few 

days could lead to bias. For instance, suppose that a new product was 

launched after the treatment day and allocated to the fourth shelf, which was 

the control group. New products might attract consumers’ attention and are 

more likely to be sold for some period. If this beverage was included in the 

analysis, the average sales of the control group after the treatment would be 

much higher than usual. This could lead to an underestimation or 

overestimation of the treatment effect. We imposed the second criterion 

because an unintended display change could also cause bias. If a beverage’s 

position was changed from the second shelf to the fourth shelf without 
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intervention, its sales would have been affected by the display change and 

biased our estimate. The reason for the third criterion was that beverages over 

1.5L are usually for a large number of people (e.g., a sports match). However, 

most of the other beverages are for an individual (one or two servings). Large-

sized beverages would show different sales patterns, which can cause bias in 

our estimates. Lastly, for each beverage, daily sales outside three standard 

deviations from the mean were excluded. The reason was that group sales 

inferred from the receipts might be incomplete because the receipts were 

collected manually by several clerks. If there were missed receipts by mistake, 

then the undetected large group order could cause serious bias unless 

processed properly. On average, the extreme sales values were 4.28 standard 

deviations larger than each beverage’s mean value of daily sales. 1.20% of 

the observations were dropped by the fourth criterion. After exclusion, 142 of 

168 beverages (84.52%) remained. 

 

1.C. Treatment effects estimation with more homogeneous 

control groups 

We present an additional analysis for a robustness check. We divided 𝑀-type 

beverages (the control group) into two groups according to the level of sugar, 

below and above the median. We calculated the test statistics (2) − (3) 

using the above median 𝑀-type beverages and (4) − (3) using the below 

median. This would make it possible to compare the treatment groups with 

more homogeneous control groups. The results are consistent with the main 

results in Table 1.3. 

 

Table 1.C.1 Treatment Effects (homogeneous control groups) 

 

Dependent Variable:  

Daily Sales 
Main 

Including Weeks in 

December 



 

34 

 

EtoN 

Upper 

or 

Lower 

𝛿1 

-0.657** -0.605** 

(0.303) (0.297) 

Upper 𝛿1−1 

-1.262*** -1.233*** 

(0.328) (0.322) 

Lower 𝛿1−2 

-0.885 -0.751 

(0.841) (0.768) 

NtoE 

Upper 

or 

Lower 

𝛿2 

0.613*** 0.582** 

(0.192) (0.228) 

Upper 𝛿2−1 
2.088*** 1.924*** 

(0.579) (0.684) 

Lower 𝛿2−2 
0.291 0.400* 

(0.195) (0.198) 

Beverage Fixed Effect Controlled Controlled 

Day Fixed Effect Controlled Controlled 

N (EtoN) 3,374 4,418 

N (NtoE) 3,477 4,548 

Adjusted R-square 

(EtoN) 
0.108 0.107 

Adjusted R-square 

(NtoE) 
0.031 0.036 

Notes: The EtoN group consists of beverages (high in sugar) moved from the eye zone to 

the non-eye zone. The NtoE group consists of beverages (low in sugar) whose position 

was moved from the non-eye zone to the eye zone on the treatment day. The control group 

consists of beverages whose position was not changed at all. For the estimation of EtoN 

and NtoE treatment effects, the control beverages that contain sugar above and below 

median within the contorls were used, respectively. Numbers in parentheses are standard 

errors clustered by beverages. The main model excludes three weeks in December to deal 

with the confounding event mentioned in Section 3. Adjusted R-square are the values from 

the regression model for 𝛿1 and 𝛿2.  * p<0.1, ** p<0.05, *** p<0.01. 

 

1.D. Discussion on the assumption that the differences of the 

remaining terms are small enough to be ignored 

Under the common time trend assumptions between 𝑀-type and 𝐿- or 𝑆-

type beverages, the test statistics, (2) − (3) and (4) − (3), can be expressed 
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as follows. 

 

(2) − (3) = [(�̅�ℎ − �̅�𝑙)�̅�𝐿
𝑇𝐼

]  + [휁𝐿,𝑡+1 − 휁𝐿,𝑡] − [휁𝑀,𝑡+1 − 휁𝑀,𝑡] 

(4) − (3) = [(�̅�𝑙 − �̅�ℎ)�̅�𝑆
𝑇𝐼

]  + [휁𝑆,𝑡+1 − 휁𝑆,𝑡] − [휁𝑀,𝑡+1 − 휁𝑀,𝑡] 

 

The term 휁𝑗,𝑡+1 − 휁𝑗,𝑡 ,  𝑗 ∈ {𝐿, 𝑀, 𝑆} , consists of the sums of 

individual deviations from the population means. 

 

휁𝑗,𝑡+1 − 휁𝑗,𝑡 = (1 − �̅�𝑗,𝑡+1) ∑ (𝑑𝑖,𝑗
𝑇𝐼 − �̅�𝑗

𝑇𝐼
)

𝐼𝑡+1
𝑖=1 − (1 − �̅�𝑗,𝑡) ∑ (𝑑𝑖,𝑗

𝑇𝐼 − �̅�𝑗
𝑇𝐼

)
𝐼𝑡
𝑖=1   

                  + �̅�𝑗
𝑇𝐼

∑ (�̅�𝑗,𝑡+1 − 𝜃𝑖,𝑗,𝑡+1)
𝐼𝑡+1
𝑖=1 − �̅�𝑗

𝑇𝐼
∑ (�̅�𝑗,𝑡 − 𝜃𝑖,𝑗,𝑡)

𝐼𝑡
𝑖=1   

                 + ∑ (�̅�𝑗,𝑡+1 − 𝜃𝑖,𝑗,𝑡+1) (𝑑𝑖,𝑗
𝑇𝐼 − �̅�𝑗

𝑇𝐼
)

𝐼𝑡+1
𝑖=1 − ∑ (�̅�𝑗,𝑡 − 𝜃𝑖,𝑗,𝑡) (𝑑𝑖,𝑗

𝑇𝐼 −
𝐼𝑡
𝑖=1

�̅�𝑗
𝑇𝐼

)  

                  + ∑ (𝑑𝑖,𝑗
𝑇𝑉 − �̅�𝑗

𝑇𝑉
)

𝐼𝑡+1
𝑖=1 − ∑ (𝑑𝑖,𝑗

𝑇𝑉 − �̅�𝑗
𝑇𝑉

)
𝐼𝑡
𝑖=1   

                  + ∑ 𝜖𝑖,𝑗,𝑡+1
𝐼𝑡+1
𝑖=1 − ∑ 𝜖𝑖,𝑗,𝑡

𝐼𝑡
𝑖=1   

 

In the above equation, 𝐼𝑡 means the number of consumers at time 𝑡 and 

other terms are the same as before. The assumption that the differences of the 

remaining terms are small enough will be satisfied when the dispersion of 

time-invariant, -variant and degree of inattention from the population means 

is similar between 𝑡 + 1 and 𝑡 for each type 𝑗. 

We argue that this assumption holds. The experiment was conducted 

in a convenience store on the campus of Seoul National University during the 

second semester of 2016, from September to December. The location and 

period of our experiment imply the subjects are largely constrained to students, 

faculty and workers of the university. Also, students usually have some fixed 

moving patterns according to their class schedules. This means a student who 

passes through the convenience store is more likely to pass through it again 

on the same day, every week. This means the homogeneity of consumers 

across time and the differences of the remaining terms, which are the 
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differences of the individual deviations from the population means, are small 

enough. 
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Chapter 2 

 

Economic Impact of Targeted Government Responses 

to COVID-19: Evidence from the Large-scale Clusters 

in Seoul21 

 

 

Abstract 

 

We estimate the economic impact of South Korea’s targeted responses to the 

large-scale COVID-19 clusters in a highly concentrated business area (Guro) 

and a highly concentrated entertainment area (Itaewon) in Seoul, respectively. 

We find that foot traffic and retail sales decreased only within a 300-meter 

radius of the cluster and recovered to their pre-outbreak level after four weeks 

in the case of the Guro cluster. The reductions appear to be driven by 

temporary business closures rather than by the risk avoidance behavior of the 

citizens. However, the adverse economic impacts measured by foot traffic and 

retail sales of another outbreak of the COVID-19 cluster in Itaewon were 

persistent. Our results imply that the effects of less intense but more targeted 

COVID-19 interventions, such as pinpointed, temporary closures of 

businesses, can differ by underlying geographical characteristics. 

 

 

 
21 This study was conducted with Kanghyock Koh and Seonghoon Kim and accepted in 

Journal of Economic Behavior and Organization on 18 October 2021. 
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2.1. Introduction 

Most governments worldwide have relied on massive non-pharmaceutical 

interventions (NPI) to contain the spread of the novel coronavirus disease 

(COVID-19), such as business and school closures, stay-at-home orders, bans 

on social gatherings, and restrictions on local and international travels (Hale 

et al., 2020). However, despite the clear health benefits, strict social 

distancing policies can lead to prolonged economic recession. Several studies 

estimate the high economic costs of intense NPIs, such as shelter-in-place 

orders, or economy-wide lockdowns (Alexander and Kager, 2021; Anderson 

et al., 2020; Baker et al., 2021; Carvalho et al., 2020; Chen, Qian, and Wen, 

2021; Coibion, Gorodnichenko, and Weber, 2020; Kim, Koh, and Zhang, 

2021).  

Recent simulation-based studies that investigate trade-offs between 

health benefits and economic costs by the type and intensity of NPIs, predict 

that the pandemic can be controlled without complete lockdowns (Acemoglu 

et al., 2020; Argente, Hsieh, and Lee, 2020; Aum, Lee, and Shin, 2021; Chen 

and Qiu, 2020; Chudik, Pesaran and Rebucci, 2020; Fajgelbaum et al., 2021). 

Alternative types of lower-intensity NPIs, such as small-scale lockdowns of 

individual COVID-19 clusters can be an efficient approach for controlling 

disease spread without significant economic costs because they are likely to 

cause smaller disruptions to the economy. Many countries have been 

transitioning to mild social distancing measures to minimize the adverse 

economic costs of severe lockdowns. However, there is limited empirical 

evidence on the economic impact of less severe but more targeted NPIs.  

We fill this gap in the literature through a case study investigating the 

effects of South Korea’s targeted responses to the large-scale COVID-19 

clusters in Seoul. The first outbreak of a local cluster originated from a large 
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call center in Guro, one of the busiest urban areas in Seoul, infected 166 

individuals and could potentially have contributed to an explosion of local 

transmission (Park et al., 2020). 22  We argue that this cluster outbreak 

provides a unique context for studying the effect of less intense but more 

targeted NPIs. First, the Korean government’s response to this cluster was a 

standard strategy in the fight against COVID-19, which can be adopted by 

other governments considering lifting strict social distancing measures and in 

a future pandemic.23  The day after the first case in the cluster, the Korea 

Centers for Disease Control and Prevention (KCDC) and local governments 

organized a joint response team and enforced two-week closures of 

businesses operating in the building where the call center was located. 

Additionally, the joint response team implemented rapid and meticulous 

contact tracing, extensive testing, and encouraged voluntary risk avoidance 

behavior by the citizens via public disclosure of the detailed location 

information of the COVID-19 positive patients and timelines. The situation 

was completely contained after 25 days (i.e., no additional cases linked to the 

cluster).  

For the empirical analysis, we use foot traffic and retail sales 

transaction data measured at a high-frequency granular level and apply a 

difference-in-differences (DID) method to compare the changes in foot traffic 

and retail sales within the immediate proximity of the cluster and its 

surrounding areas before and after the public announcement of the cluster. We 

note sharp declines in foot traffic and retail sales within the cluster’s 300 

meters (0.19 mile) radius during the first two weeks after the outbreak. 

 
22  Figure 2.1 shows that the call center is located near two subway stations (Guro and 

Sindorim) and surrounded by high-rise apartment buildings. A large department store and 

Walmart-like hypermarket chains are also located within a 500–900 meter (.31–.56 mile) 

radius from the cluster.  

23 Appendix B provides details of the Korean government’s responses to COVID-19. 
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However, there is no evidence that foot traffic and retail sales decreased 

beyond a 300-meter radius. The reductions in foot traffic and retail sales 

within the 300-meter radius started to rebound after two weeks and recovered 

to their pre-outbreak level after a month. Older adults are at a significantly 

greater risk of developing severe illness if exposed to the novel coronavirus 

(Lian et al., 2020; Shahid et al., 2020). Thus, they may have had a stronger 

incentive to avoid the risk of infection and decrease foot traffic and spending. 

However, our heterogeneity analysis reveals that reductions in foot traffic and 

sales were higher among younger individuals. Given that individuals 

immediately linked to the call center cluster were, on average, 38 years old 

(Park et al., 2020), the baseline economic impact is likely to be driven by 

young workers whose workplace was temporarily closed after the outbreak in 

the cluster. 

Since the Guro call center case was the first COVID-19 cluster in 

South Korea which generated much media attention, individuals’ responses 

to the following clusters could have differed. To assess the external validity 

of our baseline findings, we study foot traffic and sales responses to the 

outbreak of another large COVID-19 cluster in Itaewon, a neighborhood with 

high-density entertainment outlets (night clubs and lounges) in Seoul. Unlike 

foot traffic and sales responses to the Guro call center cluster, we document 

that the adverse economic impact of the Itaewon cluster was persistent for at 

least six weeks, especially during the weekend. 

The findings suggest that the economic costs of the Korean 

government’s targeted responses to the first large-scale COVID-19 cluster in 

Seoul are heterogeneous. The cluster in a highly concentrated business area 

was local and temporary, while a cluster in a highly concentrated 

entertainment area was more persistent. One possible explanation for the 

heterogeneous economic impacts of these two types of COVID-19 clusters 

could be the role of risk-avoiding behavior by individuals. In a high-density 



 

41 

 

entertainment area, individuals may expect a higher probability of infection 

via human interactions, thereby discouraging them from visiting the area after 

the cluster outbreak. We argue that this study can provide valuable insights 

into tackling the prolonged COVID-19 situation while protecting the 

economy. Several countries are lifting strict social distancing measures even 

as the virus is still raging to alleviate the adverse economic costs, even as 

novel variants of the virus continue to evolve. In the U.S., Bartik et al. (2020) 

document that small business owners’ expected length of COVID-19 leads to 

a lower likelihood of operating their businesses and argue for significant 

economic benefits of short-term NPIs such as localized temporary lockdowns. 

Our results indicate that a short-term containment policy should be 

implemented with extra care to minimize the actual economic costs, as 

measured by foot traffic and retail sales. 

This study contributes to the literature by providing new evidence on 

the economic costs of targeted NPIs in a COVID-19 cluster. Previous studies 

quantifying the impact of a localized shock on the local economy document 

that the public disclosure of information about a sex criminal’s move-in 

temporarily reduces the sales prices of nearby homes in the U.S. and South 

Korea (Linden and Rockoff, 2008; Pope, 2008; Kim and Lee, 2018). As more 

countries have lifted massive lockdowns and are implementing more targeted 

and temporary NPIs, policymakers and researchers need to understand the 

effects of the targeted NPIs on the local economy. Although an increasing 

number of studies have investigated the spending response of consumers to 

COVID-19, they have examined the economic costs through counterfactual 

simulations using augmented SIR epidemiology models (Acemoglu et al., 

2020; Argente, Hsieh, and Lee, 2020; Fajgelbaum et al., 2020). We 

complement the literature by providing reduced-form evidence of the spatial 
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distribution and persistence of the economic cost of micro-targeted NPIs.24 

 The remainder of this study proceeds as follows. Section 2 details the 

background to the COVID-19 situation in South Korea, and the COVID-19 

cluster that originated from a large call center in Seoul. Sections 3 and 4 

describe the data and empirical strategy, respectively. Section 5 discusses the 

results. Section 6 presents the conclusions. 

2.2. COVID-19 Situation in South Korea and the Guro Call 

Center Cluster 

The first case of COVID-19 in South Korea was reported on January 20, 2020. 

During the early stages of the outbreak, the number of confirmed cases 

increased sharply, with the majority of new infections in the southeastern 

region of South Korea (Daegu and Gyeongsangbuk-do province) owing to 

mass gatherings of the Shincheonji Church of Jesus with more than 310,000 

members (KCDC, 2020). South Korea has a population of approximately 52 

million, and as of October 9, 2021, it has recorded 2,560 deaths attributed to 

COVID-19. 

 

Figure 2.1. Map of Guro Call Center Cluster 

 

 
24  To evaluate the economic cost of targeted NPIs compared to other interventions (e.g., 

large-scale NPIs, no intervention), counterfactual simulations of different interventions after 

estimating a full-fledged structural model would be the most appropriate. This paper cannot 

provide such evidence.   
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Source: Naver Maps (2021) 
 

The first case from the Guro call center cluster was confirmed on 

March 8, 2020. Figure 2.A.1 shows a sharp increase in the number of 

confirmed cases linked to this cluster for the first two days following the first 

case. The KCDC and local governments formed a joint response team and 

launched epidemiological investigations immediately after discovering 

multiple cases. On March 9, 2020, after confirming more than 20 cases, the 

19-story building housing the call center was ordered to close for two weeks. 

On March 10, the Mayor of Seoul declared the Guro call center case as the 

first large-scale cluster in the city. As this was the first large-scale cluster, the 

media covered the details of the situation in depth. Consequently, the general 

public learned about the call center cluster almost immediately. Following the 

public announcement of the cluster, the number of news articles and keyword 

searches about the call center case recorded an immediate increase on Google 

and the most popular web search engine (NAVER) in South Korea, as shown 

in Figure 2.A.2. 
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The government tested 99.8% of individuals working or living in the 

building or who had visited it two weeks before March 8 (Park et al., 2020). 

Confirmed positive patients were isolated, whereas those testing negative 

were mandated to stay self-quarantined at home for 14 days. The joint 

response team also investigated, tested, and monitored household contacts of 

all confirmed positive patients for 14 days after discovering the cluster, 

regardless of symptoms. During March 13–16, 2020, the government used 

people’s mobile phone signal data and sent 16,628 text messages to people 

who were found to have spent more than 5 minutes in the vicinity of the 

building. The messages instructed recipients to avoid contact with people and 

visit the nearest COVID-19 screening station for testing. The Guro call center 

cluster was contained completely after 25 days, as there were no more positive 

patients linked to this cluster. 

2.3. Data 

We use two data sources: census block-level information on foot traffic and 

retail sales in Seoul.25  First, we use hourly estimates of foot traffic (i.e., 

individuals physically present at the time) based on mobile phone signals. KT, 

the second-largest mobile telecom carrier in South Korea with a market share 

of 26%, provides these estimates based on their proprietary cell phone signal 

data using the following procedures: 1) KT calculates the amount of foot 

traffic by collecting mobile signals for each signal tower at a specific time; 2) 

it adjusts this number using its market share, mobile usage ratio, and the 

on/off ratio of mobile signals in each block. 3) KT further adjusts the block-

specific foot traffic using census block characteristics because some census 

 
25 A census block is the minimal geographical unit classified by the statistical office of South 

Korea. The size of a census block is less than 0.1 km2 (approximately 0.04 square mile) on 

average. There are 19,153 blocks in Seoul.  



 

45 

 

blocks have multiple signal towers.26  

Second, we use the estimates of daily retail sales based on data from 

card transactions. Shinhan Card, the largest credit card company in South 

Korea with a market share of 22%, provides these computed estimates based 

on proprietary card transaction data. Shinhan Card uses transaction records 

from the payment terminal of each store and estimates the total sales of each 

block using additional information such as the market share of the card 

company and the card usage patterns based on sector, region, time, and 

demographic subgroups. 

For the empirical analysis, we construct the block and week-level 

panel data covering 123 blocks in the vicinity of the COVID-19 cluster and 

11 weeks between February 3 and April 19, 2020.27  Table 2.1 shows the 

descriptive statistics of foot traffic and retail sales. Column (1) indicates that 

the average hourly foot traffic per block is approximately 500, implying that, 

on average, 500 individuals are present per block within a 900-meter radius 

in each hour.28 The average hourly foot traffic within a 100-meter radius of 

the cluster is about 760 individuals, higher than other blocks at longer 

distances from the cluster. This is because the call center building is located 

in a highly concentrated business area. The average hourly foot traffic level 

within a 100–500 meter radius is about 330–360 individuals, which is less 

than the 500–900 meter radius, having approximately 590 individuals, 

because hypermarkets and a large-scale department store are located within a 

500–900 meter-radius of the cluster. Column (2) reveals that the average daily 

sales amount per block is approximately 21 million Korean won 

 
26 For the details, visit http://data.seoul.go.kr/dataVisual/seoul/seoulLivingPopulation.do.  

27 The results, available upon request, are similar but noisier when using block- and day-

level panel data.  

28 The average hourly foot traffic increases to 1,219 if we restrict the sample to the data 

collected during working hours (i.e., between 9am and 6pm). 



 

46 

 

(US$17,456).29 Contrary to the fact that the average foot traffic is the largest 

within a 100-meter radius, the average sales amount within a 100-meter radius 

is the smallest. Most retail sales take place in blocks at a distance of 500–900 

meters from the cluster owing to the presence of hypermarkets and a large 

department store. 

 

Table 2.1. Summary Statistics 

 

 

Average Hourly Foot Traffic per 

Block 

Mean (SD) 

Average Daily Sales per Block  

Mean (SD) 

Total 505 (633) 20.84 (51.07) 

By Radius:   

0-100m 757 (21) 3.76 (2.50) 

100-300m 330 (361) 15.14 (24.99) 

300-500m 364 (190) 7.14 (9.37) 

500-700m 596 (745) 28.69 (58.32) 

700-900m 586 (774) 23.76 (59.76) 

Notes: The statistics are calculated using the data from weekdays during February 2020, 

the month before the Guro call center cluster outbreak. Retail sales are measured by a 

million Korean won. 

 

2.4. Empirical Strategy 

To identify the spatial distribution of the economic cost of the first COVID-

19 cluster in Seoul and its persistence, we compare changes in foot traffic and 

retail sales in the immediate and surrounding areas before and after the public 

announcement of the cluster. Figure 2.A.3 shows the trends of the logarithm 

values for foot traffic and retail sales during weekdays in panels A and B, 

 
29 1 US$ is equivalent to 1,203 Korean Won as of July 20, 2020.  
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respectively. The trends indicate that, following the announcement of the 

cluster, the foot traffic and retail sales reduced sharply within a 300-meter 

radius. The declines within a 100-meter radius were greater than the 100–300 

meter radius. However, it began to rebound two weeks after the cluster 

outbreak. Furthermore, little changes were observed in foot traffic and sales 

within the cluster’s 300–900 meter radius. We employ the following 

difference-in-differences (DID) regression model to estimate the changes in 

foot traffic and retail sales: 

 

𝑦𝑖,𝑑,𝑡 = 𝛽0 + ∑ ∑ 𝛽𝑑,𝑡 ∙ 𝐷𝑖𝑠𝑡𝑑 ∙ 𝑊𝑒𝑒𝑘𝑡𝑡≠0𝑑≠5 + 𝜆𝑖 + 𝜇𝑡 + 𝜖𝑖,𝑑,𝑡      (1) 

 

where 𝑦𝑖,𝑑,𝑡  indicates logarithm values of foot traffic and sales at 

block 𝑖, in distance 𝑑, and week 𝑡.30 𝐷𝑖𝑠𝑡𝑑 (𝑑=1,⋯,5) is a dummy variable 

indicating whether block 𝑖 is located within a certain radius from the call 

center, where 𝑑 is assigned as 1 to 5 for blocks if the linear distance from 

the call center to the blocks is within 100m, 100–300m, 300–500m, 500–

700m, and 700–900m, respectively. Based on the raw data patterns shown in 

Figure 2.A.3, we use blocks at the farthest distance (𝑑=5) as the control group, 

where the linear distance from the call center is 700–900 meters. We use the 

week from March 2 to 8 (𝑡=0) as the reference week, a week before the cluster 

case. 𝜆𝑖  represents block fixed effects, controlling for time-invariant 

heterogeneity in foot traffic and sales within each block. 𝜇𝑡 are week-fixed 

effects, controlling for common time trends of dependent variables across all 

blocks. We do not include other control variables because we consider block-

 
30 We assign the following values to the week variable: -4 to February 3–9, -3 to February 

10–16, -2 to February 17–23, -1 to February 24–March 1, 0 to March 2–8, 1 to March 9–15, 

2 to March 16–22, 3 to March 23–29, 4 to March 30–April 5, 5 to April 6–12, and 6 to April 

13–19. 
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fixed effects in the regression equation. Since we investigate short-term 

changes in the dependent variables over the two months, it is not feasible to 

include time-varying characteristics at the block level.  

The parameter of interests are 𝛽𝑑,𝑡s where 𝑑=1,⋯, 4 and 𝑡=-4,⋯, -1, 

1,⋯, 6. The estimated parameter values represent differences in log(foot traffic) 

and log(sales) in blocks in distance 𝑑 relative to those in the control group 

distance (𝑑 =5) in week 𝑡 , compared to the difference between the two 

distance groups in the reference week. For statistical inference, we calculated 

standard errors clustered at the block level to account for serial correlations 

in foot traffic and retail sales. 

2.5. Results 

2.5.1. Effects on Foot Traffic 

Figure 2.2 reports DID estimates of the impact of the first large-scale COVID-

19 cluster on foot traffic in Seoul.31 Panels A and B separately present the 

findings based on weekdays and weekends to distinguish the role of the 

business closure order in the cluster building and risk avoidance behavior by 

the citizens. Foot traffic during weekends is more likely to reflect voluntary 

decisions because most employees would not need to commute to their 

workplaces.  

 

Figure 2.2. Foot Traffic Response to the Guro Call Center Cluster  

 

A. Weekdays 

 
31 Table 2.A.1 reports the corresponding regression results for log(foot traffic) and log(sales) 

during weekdays. 
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B. Weekends 

 

Notes: The dependent variable is the average hourly total foot traffic per week in 

logarithm. For panels A and B, we use foot traffic data during weekdays and weekends, 

separately. Lines with symbols indicate DID estimates for each distance group. We 

calculate standard errors clustered at the block-level and corrected for heteroscedasticity. 

Light gray dash lines represent 95% confidence intervals. 

 

Panel A reveals limited heterogeneity in trends based on the distance from the 

cluster before the outbreak, thus providing evidence of a pre-parallel trend 

assumption that the change in foot traffic over time is similar across distance 

groups. Furthermore, we observe a sharp decline of 14% and 18% in foot 

traffic within the cluster’s 100-meter (.06 mile) radius during the first and the 
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second week after the outbreak, respectively, which is statistically significant 

at the 1% level. The foot traffic response within a 100–300 meter radius from 

the cluster records a similar pattern with smaller magnitudes, whereas the 

estimates during the first two weeks are statistically significant at the 1% level. 

However, there is no evidence of a decrease in foot traffic beyond a 300-meter 

radius after the outbreak of the call center cluster. The estimates are smaller 

in magnitude and statistically insignificant. The reduced foot traffic within a 

300-meter radius starts rebounding after two weeks, consistent with the fact 

that businesses in the call center building are permitted to operate after two 

weeks. There is also a possibility of people becoming less cautious about 

visiting places near the call center cluster after two weeks because the vast 

majority of the linked cases to the call center cluster were confirmed within a 

couple of days after the public disclosure of the cluster, and only a few more 

cases were confirmed after the first week. The reduced foot traffic fully 

recovers to its pre-outbreak level after four weeks of the outbreak. Our back-

of-the-envelope calculation suggests that, over four weeks after the call center 

cluster outbreak, the number of individuals visiting the area during weekdays 

reduced by 47.6% and 17.7% within a 100-meter and 100–300-meter radius, 

respectively, compared to the average foot traffic during the week just before 

it. The reduced foot traffic attributed to the outbreak of the Guro call center 

cluster over the four weeks within a 300-meter radius is equivalent to about 

0.6% of the average hourly foot traffic of the entire Guro district during the 

week immediately before the cluster outbreak.  

Panel B demonstrates the impact on foot traffic during weekends, 

indicating little evidence of a decline in foot traffic in the vicinity of the call 

center building after the cluster outbreak. This result suggests that the risk 

avoidance behavior of citizens did not play a significant role in reducing foot 

traffic in response to the cluster outbreak. It is also noteworthy that there is a 

differential pre-trend within a 100-meter radius well before the cluster 



 

51 

 

outbreak. This decrease is possibly attributed to the risk avoidance behavior 

of individuals because the number of aggregate confirmed cases in South 

Korea recorded a sharp increase from February 18, 2020, two weeks before 

the call center cluster outbreak. There are large event venues exclusively used 

for weddings and a full-fledged hotel also containing large wedding halls in 

a 100-meter radius of the call center building. Since wedding ceremonies 

usually take place on weekends and involve many guests from various 

locations, people might have avoided visiting places near the call center 

building even before the cluster was created.  

We conduct the heterogeneity analysis by age to further examine 

potential mechanisms that would cause a decrease in foot traffic in the cluster 

during weekdays. Since the coronavirus presents a more severe health risk to 

older adults, existing studies have shown that the elderly have a stronger 

incentive to avoid the risk of infection (Argente, Hsieh, and Lee, 2020; 

Brotherhood et al., 2020). However, the individuals linked to this building 

were ordered to self-quarantine, and their average age was 38 years (Park et 

al., 2020). We hypothesize that, if the risk avoidance behavior (the business 

closure order) is the leading factor, then the impact on foot traffic would be 

greater among older adults. Panel A of Figure 2.A.4 shows a greater foot 

traffic impact among younger adults in their 20s and 30s than older adults. 

This suggests that the influence on foot traffic during weekdays is likely due 

to the business closures. To further investigate the hypothesis that the 

reduction in foot traffic is due to business closure, we exploited the fact that 

72% of individuals connected to the call center building were females. Panel 

B of Figure 2.A.4 indicates that the decline in foot traffic is greater among 

females, which is consistent with our interpretation.32 

 
32 Since the call center is located in a highly concentrated business area, the majority of 

workers might have commuted from other districts and are more likely to be affected by the 

mandated self-quarantine. Under this assumption, we decompose changes in foot traffic by 
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2.5.2. Effects on Sales 

Figure 2.3 presents DID estimates for the total retail sales. The overall trends 

of sales during weekdays are similar to foot traffic, as shown in Panel A. The 

total sales decreases by about 140% within a 100-meter radius at its peak, 

which is statistically significant at the 1% level. Further, it starts rebounding 

after two weeks, reaching the pre-outbreak level after four weeks. The sales 

response within a 100–300-meter radius exhibits a similar pattern, but with 

smaller magnitudes. The estimate is statistically significant at the 1% level at 

its peak. Our back-of-the-envelope calculation indicates that during the four 

weeks after the outbreak of the cluster, sales within a 100-meter and 100–300-

meter radius of the cluster reduced by 354% and 258% in total, respectively, 

compared to the average sales during the week right before the cluster 

outbreak. The reduction in sales due to the outbreak of the Guro call center 

cluster over the four weeks within a 300-meter radius is equivalent to 1.85% 

of average daily sales of the entire Guro district during the week just before 

the cluster outbreak. 

 

Figure 2.3. Retail Sales Response to the Guro Call Center Cluster 

 

A. Weekdays 

 

residential districts. If the overall changes in foot traffic is mainly due to individuals’ 

voluntary risk-avoiding behavior, we expect that the reduction in foot traffic is driven by 

those living in the district where the call center is located (Guro-gu). Figure 2.A.5 shows little 

evidence of differential foot traffic responses by residential districts. This provides additional 

evidence that foot traffic response to the call center cluster is likely owing to business closures 

rather than citizens’ risk-avoiding behavior.  
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B. Weekends 

 

Notes: The dependent variable is the average daily sales amount in logarithm. In panels A 

and B, we use sales data during weekdays and weekends, separately. Lines with symbols 

indicate DID estimates for each distance group. We calculate standard errors clustered at 

the block-level and corrected for heteroskedasticity. Light gray dash lines represent 95% 

confidence intervals. 
 

 Panel B shows limited evidence of systematic changes in sales during 

weekends. In combination with the findings of Panel B in Figure 2.2, this 

result implies that the cluster did not lead to significant economic costs during 

weekends because citizens did not display a definite risk avoidance behavior. 

However, we acknowledge that the pattern of sales within a 100-meter radius 
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of the cluster is noisy but appears to decrease following the outbreak of the 

cluster. We suspect that the noisy pattern is mostly attributed to the change in 

sales linked to wedding ceremonies.33 Since a wedding ceremony in South 

Korea typically involves huge expenditures, a massive wedding ceremony 

can significantly affect the sales patterns within a limited geographical 

boundary (i.e., only one block within a 100-meter radius) significantly.34  

 

Figure 2.4. Sales Response to the Guro Call Center Cluster by Sector 

 

 
Notes: The dependent variable is the average daily sales amount during weekdays in 

logarithm. We compare changes in outcomes of interests between blocks within a 300-

meter radius and 300–900 meter radius of the cluster. Each bar represents the DID 

estimates in the first two weeks after the outbreak. We calculate standard errors clustered 

at the block-level and corrected for heteroskedasticity. Caps indicate 95% confidence 

intervals. 
 

The heterogeneous sales impact by sector is further investigated in 

Figure 2.4 to examine whether sectors with more discretionary consumer 

 
33 We find similar sales reductions in blocks where other wedding venues are located during 

the pre-cluster period.  

34 Although weddings are planned ahead of ceremony dates, paying costs of weddings on 

the day of the ceremony is a social norm in South Korea. 
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spending face a larger reduction in sales. Considering that the baseline impact 

on sales is observed only within a 300-meter radius of the cluster, we modify 

our baseline DID model to estimate changes in retail sales between blocks 

within a 300-meter and 300–900-meter radius of the cluster before and after 

the outbreak in each sector. Each bar represents the DID estimates of the total 

sales during weekdays within a 300-meter radius during the first two weeks 

after the outbreak, compared to a 300–900-meter radius. This indicates that 

sale reduction is driven by relatively discretionary spending items. For 

example, a larger decline in sales is observed in the apparel and accessories 

sector (-279%) and the sports/entertainment sector (-202%) compared to the 

restaurant or healthcare sectors.35 

We further conduct a heterogeneity analysis by age and gender to 

examine potential mechanisms. Figure 2.A.6 shows that the estimated impact 

on sales is generally greater among younger individuals and females, which 

is consistent with the findings in Figure 2.A.4. The results imply that sales 

reductions are primarily driven by businesses’ closures in the cluster building 

rather than risk avoidance behavior.36 

2.5.3. Foot Traffic and Sales Responses to the Itaewon Cluster 

South Korea has so far successfully managed the COVID-19 situation without 

having large-scale waves and large-scale lockdowns. However, there were 

other localized COVID-19 clusters following the Guro call center case. 

 
35  Figure 2.A.7 shows the results of the same analysis using weekend data. Apparel and 

accessories (-150%), sports/entertainment (-77%), event/home service (-165%), and car 

sales/car service (-125%) show a significant decrease.  

36  Hypermarkets and a large-scale department store are located within a 500–900 meter 

radius from the cluster. Risk-averse individuals may shun these places to avoid crowds after 

the call center cluster outbreak. We use a modified DID model to estimate the effects of the 

cluster on sales in these places compared to change in sales in other blocks within the same 

distance group. There is limited evidence of the outbreak at the call center cluster causing a 

reduction in sales at hypermarkets and the department store, suggesting that citizens’ risk 

avoidance behavior may not manifest in significant economic costs. 
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Individuals’ responses to other clusters could have differed because the Guro 

call center cluster received much media coverage. We partially discuss the 

external validity of our baseline findings by studying foot traffic and sales 

responses to the outbreak of another large COVID-19 cluster in Itaewon, a 

neighborhood of high-density entertainment outlets in Seoul. Consistent with 

the fact that Itaewon is a highly concentrated entertainment area, Table 2.A.2 

shows that foot-traffic and sales amounts around the cluster are greater than 

those around the Guro call center.  

 The first case from the Itaewon cluster was confirmed on May 7, 

2020, approximately two months after the Guro call center cluster.37 On May 

9, 2020, after confirming more than 15 cases, the Mayor of Seoul declared an 

administrative order to ban gathering only at specific entertainment outlets 

such as night clubs and lounges in Seoul. Unlike the business closure 

introduced during the Guro cluster, this gathering ban lasted until October 

12th, 2020.38 The number of confirmed cases sharply increased since its first 

case, and the total number of confirmed cases was 269 individuals (including 

139 Seoul residents), larger than that of the Guro call center cluster. Figure 

2.A.9 shows the trend of confirmed COVID-19 cases connected to the 

Itaewon cluster. Consequently, the media covered the situation closely, and 

the general public learned about the Itaewon cluster almost immediately. 

Following the public announcement of the cluster, the number of news articles 

and keyword searches for the Itaewon case surged on Google and the most 

popular web search engine (NAVER) in South Korea, as shown in Figure 

2.A.10. 

 
37   Figure 2.A.8 shows that the location of Itaewon cluster is located near two subway 

stations (Itaewon and Noksapyeong) and surrounded by the government-designated tourism 

area (관광특구 in Korean).  

38 It was lifted as the Korean government relaxed the social distancing rules to its lowest 

level after the pandemic. 
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 We examine the effects of the Itaewon cluster on foot traffic and retail 

sales by using the same data and the regression specification as in the baseline 

analysis of the Guro call center cluster. Panel A of Figure 2.5 shows foot 

traffic responses to the Itaewon cluster during weekdays and weekends, 

indicating sharp declines in foot traffic within nearby blocks after the 

outbreak.39 Foot traffic responses during weekdays sharply rebounded in the 

following weeks. However, unlike our baseline findings, foot traffic during 

weekends did not rebound to its pre-cluster level, at least within six weeks. 

Panel B presents retail sales responses to the cluster during weekdays and 

weekends, indicating that retail sales in nearby blocks sharply reduced after 

the outbreak and did not rebound to the pre-cluster level. 

 

Figure 2.5. Foot Traffic and Retail Sales Responses to Itaewon 

Cluster 

 

A. Foot traffic response 

Weekdays Weekends 

  
B. Retail sales response 

Weekdays Weekends 

 
39 The foot traffic response during weekdays reduced sharply in week 2 (not week 1), as the 

Mayor of the Seoul Metropolitan government declared the Itaewon cluster on Friday of week 

1.  
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Notes: The dependent variables are the average hourly total foot traffic per week in 

logarithm and the average daily sales amount in logarithm in panels A and B, respectively. 

Lines with symbols indicate DID estimates for each distance group. We calculate standard 

errors clustered at the block-level and corrected for heteroscedasticity. Light gray dash 

lines represent 95% confidence intervals. 

 

 Unlike foot traffic and sales responses to the call center cluster, 

Figure 2.5 shows that the Itaewon cluster was associated with persistent 

reductions in foot traffic and retail sales.40 We argue that the different results 

by clusters’ locations might be due to heterogeneity in underlying 

geographical characteristics. Itaewon is a neighborhood characterized by 

high-density entertainment outlets, implying a higher risk of infection via 

personal interactions. This can discourage risk-averse individuals from 

visiting Itaewon after the outbreak, making the adverse economic impacts of 

the COVID-19 cluster more persistent. Combined with our baseline findings, 

this case study could provide a useful insight such that the adverse economic 

impacts of COVID-19 clusters can be heterogeneous by underlying 

 
40 Figure 2.A.11 presents heterogeneous effects of the Itaewon club cluster by sector, age 

groups, and gender in Panels A, B, and C, respectively. Panel A indicates that the largest 

reduction in sales is observed in the restaurant sector and the apparel and accessories sector. 

The result is similar to those of the Itaewon cluster, probably because individuals might have 

avoided personal interactions regardless of the location and nature of the cluster. Although 

Panel B shows that reductions in foot-traffic and sales were mainly due to younger 

individuals aged 20–29 and 30–39 years, Panel C presents little evidence of heterogeneity in 

foot-traffic and sales responses by gender. These patterns could be reconciled by the fact that 

Itaewon is a highly concentrated entertainment area. The results are distinct from those of the 

Guro call center cluster because the reductions in foot-traffic and sales are mainly due to 

younger female individuals, reflecting the fact that the call center mainly hires younger 

female workers. 
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geographical characteristics.41 

2.6. Conclusion 

We estimate the economic impact of the Korean government’s targeted 

responses to the first large-scale COVID-19 cluster in Seoul. We demonstrate 

that economic costs are highly local and temporary. The decline in foot traffic 

and retail sales were only observed within a 300-meter (0.19 mile) radius from 

the cluster and recorded a full recovery after four weeks. Our heterogeneity 

analysis indicates that the reductions in foot traffic and retail sales are 

primarily caused by temporary business closures rather than the risk 

avoidance behavior of the citizens. 

Our findings imply that the economic costs of tailored responses can 

be localized and short-term. Since several countries are lifting strict social 

distance measures while the virus is still actively spreading, our findings 

provide valuable insight for other countries regarding better management of 

the COVID-19 situation while protecting the economy.  

We acknowledge the limitations of this study. First, the external 

validity of the findings of this study should be taken cautiously, as this is a 

case study estimating the localized economic costs of a single event. For 

example, Seoul is one of the most successful metropolitan cities containing 

COVID-19. Thus, the targeted approach may not work if the local 

transmission is widespread and uncontrollable. Second, workers from the 

building housing the call center remained in their homes throughout the two-

 
41 We also examined foot traffic and retail sales responses to the media coverage on workers’ 

interactions with confirmed individuals in other business districts. Compared with the Guro 

call center case, there was no business closure ordered by the Seoul metropolitan government 

because there were no or only a few confirmed cases at the time. Figure A12 documented 

little evidence that such media coverage reduced foot traffic or retail sales. The results 

provide additional evidence that the mandated business closure orders are likely to be the 

main mechanism of adverse economic impacts of COVID-19 clusters. 
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week business closure, which may have boosted retail sales in their 

neighborhoods (e.g., food delivery). This implies that our estimates of 

economic costs may be overestimated. Unfortunately, the data constraint 

limits tracking individuals’ consumption spending. However, we argue that 

this potential bias would not pose a significant problem with our key 

implication. If this is the case, the actual economic costs would be even 

smaller than our estimates. Lastly, our study focused on the economic 

consequences of COVID-19 clusters that occurred in the early stages of the 

pandemic. Since individuals’ risk-avoiding behaviors could have changed as 

the pandemic has prolonged, the economic costs of a short-term containment 

policy could differ over time. 
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Appendix  

2.A. Appendix Figures and Tables 

Figure 2.A.1. Trend of Confirmed Cases linked to the Guro Call 

Center Cluster 

 

 
Source: Korea Centers for Disease Control and Prevention, Press Release, March 1 – April 

10, 2020; Seoul Metropolitan Government, Press Release, March 1 – April 10, 2020. 

 

Figure 2.A.2. Trend of Confirmed Cases linked to the Guro Call 

Center Cluster 

 

Number of News Articles Number of Keyword Searches 

  
Notes: Keyword Search Index represents the degree of search interest of the keyword 

“Guro Call Center” on web search engines in South Korea from March 1, 2020 to April 9, 

2020. A value of 100 indicates the peak popularity for the term, a value of 50 means that 

the term is half as popular, and a score of 0 indicates insufficient search data for this term.  

Sources: Google Trends, https://trends.google.com, Naver Datalab, 
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https://datalab.naver.com, Naver News, https://news.naver.com 

 

Figure 2.A.3. Trends of Foot Traffic and Sales by Distance to the 

Guro Call Center Cluster 

 

Log(Foot Traffic) Log(sales) 

  
Note: The dependent variables are the average hourly total foot traffic and the average 

daily sales amount during weekdays in logarithm, respectively. 

 

Figure 2.A.4. Foot Traffic Response to the Guro Call Center Cluster 

by Age and Gender 

 

Panel A. By Age 

20–29 30–39 

  

40–49 50–59 
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60–69  

 

 

B. By Gender 

Male Female 

  

 

Figure 2.A.5. Foot Traffic Response to the Guro Call Center Cluster by 

Residential Districts 

 

A. Trends 

Weekdays Weekends 

  
B. DID estimates 

Weekdays Weekends 
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Notes: The dependent variable is the average hourly total foot traffic during weekdays and 

weekends in logarithm. In panel A, we use foot traffic data by residential districts (Guro-

gu and others). In Panel B, lines with symbols indicate DID estimates for the difference in 

each week’s foot traffic differences between Guro-gu and other districts evaluated against 

week 0. We calculate standard errors clustered at the neighborhood (dong)-level and 

corrected for heteroskedasticity. Light gray dash lines represent 95% confidence intervals. 

 

Figure 2.A.6. Sales Response to the Guro Call Center Cluster by Age and 

Gender 

 

A. By Age 

20–29 30–39 

  
40–49 50–59 

  
60–69  
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B. By Gender 

Male Female 

   
 

Figure 2.A.7. Weekend Sales Response to the Guro Call Center 

Cluster by Sector 

 

 

 

Figure 2.A.8. Map of Itaewon Club Cluster 

 



 

69 

 

 
Source: Naver Maps (2021) 

 

Figure 2.A.9. Trend of Confirmed Cases linked to the Itaewon Club 

Cluster 

 

 
Source: Korea Centers for Disease Control and Prevention, Press Release, May 1 – June 

9, 2020; Seoul Metropolitan Government, Press Release, May 1 – June 9, 2020. 

 

Figure 2.A.10. Number of News Articles and Keyword Searches 

 Containing “Itaewon Club” 

 

Number of News Articles Number of Keyword Searches 
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Notes: In Panel A, the number of news articles that can be searched is capped at 4,000 by 

the Internet search engines. Keyword Search Index in Panel B represents the degree of 

search interest of the keyword “Itaewon Club” on the Internet search engines in South 

Korea from May 1, 2020 to June 1, 2020. The index value of 100 indicates the peak 

popularity for the term, 50 indicates that the term is half as popular, and the value of 0 

indicates insufficient search data for this search word. 

Sources: Google Trends (https://trends.google.com), Naver Datalab 

(https://datalab.naver.com)  

 

Figure 2.A.11. Heterogeneous Effects of Itaewon Club Cluster 

 

A. Sales response by sector 

 
B. Foot-traffic and Sales response by Age group 

Foot-traffic responses 

20-29 30-39 
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40-49 50-59 

  
60-69  

 

 

Sales response 

20-29 30-39 

  
40-49 50-59 
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60-69  

 

 

C. By Gender 

Foot-traffic response 

Male Female 

  
Sales response 

Male Female 

  
Notes: In panel A, the dependent variable is the average daily sales amount during 

weekdays in logarithm. We compare changes in outcomes of interests between blocks 

within a 300 meter radius and 300–900 meter radius of the cluster. Each bar represents the 
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DID estimates in the first two weeks after the outbreak. We calculate standard errors 

clustered at the block-level and corrected for heteroskedasticity. Caps indicate 95% 

confidence intervals. In Panels B and C, the dependent variables are the average hourly 

total foot traffic during weekdays and the average daily sales amount during weekdays in 

logarithm. We use foot traffic data for each age and gender group during weekdays. Lines 

with symbols indicate DID estimates for each distance group. We calculate standard errors 

clustered at the block-level and corrected for heteroskedasticity. Light gray dash lines 

represent 95% confidence intervals. 

 

Figure 2.A.12. Foot Traffic and Retail Sales Responses to Media 

Coverages on Interactions with or Visits of Confirmed Persons in 

Other Business Districts 

 

A. Call Center in Other Area 

Foot traffic responses 

Weekdays Weekends 

  
Retail sales responses 

Weekdays Weekends 

  
B. Hotel 

Foot traffic responses 

Weekdays Weekends 
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Retail sales responses 

Weekdays Weekends 

  
Notes: The dependent variables are the average hourly total foot traffic in logarithm and 

the average daily sales amount during in logarithm. Lines with symbols indicate DID 

estimates for each distance group. We calculate standard errors clustered at the block-level 

and corrected for heteroskedasticity. Light gray dash lines represent 95% confidence 

intervals. 

 

Table 2.A.1. The Effects of Guro Call Center Cluster on Foot Traffic 

and Retail Sales 

 
 Log(Foot Traffic) Log(Sales) 

 (1) (2) 

Radius 0–100m   

× Week -4 -0.007 (0.012) 0.053 (0.121) 

× Week -3 0.022** (0.010) 0.059 (0.077) 

× Week -2 0.016 (0.011) 0.447*** (0.145) 

× Week -1 -0.006 (0.005) 0.295** (0.140) 

× Week 1 -0.139*** (0.006) -1.272*** (0.105) 

× Week 2 -0.179*** (0.004) -1.427*** (0.095) 

× Week 3 -0.103*** (0.005) -0.505*** (0.097) 

× Week 4 -0.055*** (0.009) -0.334*** (0.066) 
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× Week 5 -0.020 (0.014) -0.090 (0.082) 

× Week 6 -0.041*** (0.015) -0.302*** (0.074) 

Radius 100–300m   

× Week -4 0.012 (0.021) -0.232 (0.217) 

× Week -3 0.042** (0.021) -0.092 (0.261) 

× Week -2 0.029 (0.021) 0.113 (0.305) 

× Week -1 0.005 (0.009) -0.266 (0.368) 

× Week 1 -0.058*** (0.011) -0.986*** (0.373) 

× Week 2 -0.065*** (0.016) -0.564 (0.396) 

× Week 3 -0.029* (0.015) -0.663* (0.351) 

× Week 4 -0.025 (0.020) -0.364 (0.336) 

× Week 5 -0.021 (0.022) -0.188 (0.152) 

× Week 6 -0.022 (0.028) -0.399 (0.336) 

Radius 300–500m   

× Week -4 -0.016 (0.013) -0.006 (0.233) 

× Week -3 0.008 (0.013) 0.365* (0.203) 

× Week -2 0.001 (0.014) 0.224 (0.176) 

× Week -1 0.004 (0.007) 0.344* (0.197) 

× Week 1 0.003 (0.007) 0.116 (0.254) 

× Week 2 0.014* (0.007) 0.138 (0.160) 

× Week 3 0.004 (0.008) 0.076 (0.139) 

× Week 4 0.005 (0.015) 0.101 (0.232) 

× Week 5 -0.015 (0.021) 0.003 (0.129) 

× Week 6 -0.028 (0.023) 0.025 (0.146) 

Radius 500–700m   

× Week -4 0.003 (0.016) -0.048 (0.163) 

× Week -3 0.010 (0.014) -0.094 (0.141) 

× Week -2 0.003 (0.016) 0.026 (0.202) 

× Week -1 0.011* (0.006) 0.033 (0.209) 

× Week 1 0.001 (0.009) -0.168 (0.159) 

× Week 2 -0.001 (0.010) -0.199 (0.192) 
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× Week 3 0.000 (0.012) -0.134 (0.163) 

× Week 4 -0.009 (0.018) -0.098 (0.106) 

× Week 5 -0.028 (0.021) -0.073 (0.170) 

× Week 6 -0.034 (0.023) -0.040 (0.128) 

Observations 1353 802 

R-squared 0.998 0.954 

Notes: The dependent variables are the average hourly total foot traffic per week and the 

average daily sales amount in logarithm during weekdays, respectively. Block fixed effect 

is included. We calculate standard errors clustered at the block-level and corrected for 

heteroskedasticity. *** p<0.01, ** p<0.05, and * p<0.1. 

 

Table 2.A.2. Summary Statistics of the Itaewon Club Cluster 

 

 

Average Hourly Foot Traffic per 

Block 

Mean (SD) 

Average Daily Sales per Block 

Mean (SD) 

Total 619 (408) 16.35 (28.77) 

By Radius:   

0-100m 1005 (83) 58.20 (21.86) 

100-300m 733 (159) 27.38 (28.84) 

300-500m 795 (440) 5.53 (5.69) 

500-700m 605 (440) 19.06 (36.60) 

700-900m 560 (378) 11.10 (16.39) 

Notes: The statistics are calculated using the data from weekdays during April 2020, the 

month before the Itaewon club cluster outbreak. Retail sales are measured by a million 

Korean won. 

 

2.B. Korean Government’s Responses to COVID-19 

The Korean government has responded to the COVID-19 situation by 

meticulous contact tracing and extensive testing. Basic information such as 

location history of confirmed cases is obtained via an interview by the local 

health authority where the case has been confirmed. In a scenario where this 

information is considered insufficient, additional data (mobile phone location, 
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CCTV footages, card transaction records, etc.) are collected and cross-

checked with the information acquired from the initial interview. 

Information about the places visited by a COVID-19 positive patient 

during the entire period from two days before showing symptoms through the 

beginning of the quarantine period is publicly disclosed on the official 

websites of administrative districts visited by the patient so that people can 

avoid high-risk areas. Furthermore, for each new confirmed case, a text 

message is sent to district residents notifying them about the availability of 

contact tracing information of each new confirmed case on the official district 

website. In the case of the formation of a new cluster instead of a few isolated 

cases, a joint response team consisting of epidemiological inspectors and 

other government employees from the KCDC and local governments are 

quickly mobilized. They conduct thorough epidemiological investigations, 

and the findings are broadcasted through official daily briefings. The local 

governments enforced an executive order to temporarily shut down 

businesses to prevent additional infections only in highly limited 

circumstances.  

Furthermore, the government significantly expanded access to 

diagnostic tests for detecting COVID-19 cases via walk-through and drive-

through screening stations. Since the outbreak of COVID-19, the daily testing 

capacity has increased almost seven-fold in two months, from 3,000 (58 per 

million) in February 2020 to approximately 20,000 (386 per million) in April 

2020. To contain the COVID-19 situation in the quickest possible manner, the 

Korean government has covered the complete costs of medical treatments for 

each confirmed patient, as well as the total expenses of diagnostic tests for 

suspected cases. A suspected case is defined as a person experiencing fever 

(37.5℃ or higher) or respiratory symptoms (coughs, shortness of breath, etc.) 

within 14 days of contact with a COVID-19 patient during the symptom-

exhibiting period of the patient. 
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Chapter 3 

 

Heterogeneous Change in Private Tutoring during 

Covid-19: Evidence from South Korea 

 

 

 

Abstract 

This paper investigates whether there has been a heterogeneous change in 

private tutoring by socioeconomic status (SES) during covid-19 using private 

education expenditure survey data. After the outbreak of covid-19, all SES 

groups showed a decrease in usage rate of private tutoring. However, the 

lowest SES group showed a larger drop than other groups. Various empirical 

evidence indicates that income variation and the heterogeneous initial usage 

status of private tutoring could be possible explanations for the heterogeneous 

change. 
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3.1. Introduction 

Covid-19-induced school closure brought a sudden reduction in supply for 

education in public sector. General prediction in economics says that rational 

households would react to the change by readjusting their consumption 

bundle to maximize their utility. They might have expanded demand for 

alternative education such as private tutoring or invested their time to other 

activities according to their budget constraints and preferences. The resulting 

difference in educational investment by household could lead to students’ 

achievement gap and divergent market outcomes in the long run (Berlinski et 

al., 2009; Cascio, 2009; Dominguez and Ruffini, 2021; Goodman, 2014; 

Gormley and Gayer, 2005; McCoy et al., 2017; Marcotte, 2007; Marcotte and 

Hemelt, 2008). 

 Recent studies reported that the SES gap in standardized test score 

has been widened during covid-19 (Engzell et al. 2021; Maldonado and De 

Witte, 2020; Rose et al., 2021). Engzell et al. (2021) showed learning losses 

are up to 60% larger among students from less-educated homes using 

biannual test scores of Dutch primary schools and Maldonado and De Wiite 

(2020) reported within and between school inequality increased using 

Flamish schools’ test scores. Rose et al. (2020) revealed that disadvantage gap 

is around seven months’ progress in reading and math using 168 UK schools’ 

test scores. 

 South Korea has faced a similar situation. Seoul Education Research 

and Information Institute reported that the achievement gap in test scores of 

middle school students in Seoul has been widened during covid-19. 42 

Although the report did not tell anything about the relation between the 

widened gap and socioeconomic status, the numerous results from the 

 
42 The reported achievement gap in Seoul is provided in Figure 3.A.1. 
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previous studies indicate that the gap might have emerged along 

socioeconomic strata. 

 Many studies investigated possible channels for the difference. The 

channels can be grouped into two categories based on their relation to budget 

constraints or preference. The budget constraints related channels are usually 

lack of endowments such as internet access, computers/tablets, materials from 

school and study space (Andrew et al., 2020; Bol, 2020; Bansak and Starr, 

2021; Frenette et al., 2020; Maldonado and De Witte, 2020; Sari et al., 2021). 

Secondly, the preference related channels include parents’ adaptive behavior 

(digital book takeout, Jæger and Blaabæk, 2020; search for online learning, 

Bacher-Hicks et al., 2021). 

 Although there have been many studies, all the papers were studied 

in the countries where private tutoring is relatively rare.43  Since private 

tutoring is one of the substitutes for public education, the achievement gap in 

countries where private tutoring is prevalent could have emerged through the 

private tutoring channel. Since South Korea is well known country for private 

tutoring, it is suitable place to study the private tutoring channel. 

 Furthermore, even though the empirical evidence on the students’ 

achievement gap has been starting to be reported in South Korea, there is little 

research that investigated the private tutoring channel in South Korea.44 

 
43 The previous studies were conducted in Belgium, Canada, Denmark, England, Germany, 

Netherlands and United States. The proportions of pupils receiving private tutoring for 

England, Germany and US are 23, 43 and 34.8%, respectively (Baek and Park, 2013). 

Number of hours per week students spend in private education are 0.307 and 0.317 for 

Belgium and Denmark, respectively (Southgate, 2009). These figures are relatively low 

compared to those of South Korea where private tutoring is prevalent (proportion: 69.1%, 

number of hours per week: 3.805; Southgate, 2009). PISA data suggests low levels of tutoring 

in Netherlands (Bray, 2011).  

44 Park et al. (2020) reported lack of resources and insufficient parental support exist in low-

SES families in South Korea. She also investigated heterogeneous change in private tutoring 

by SES. However, the information of the results is too limited to infer the whole situation of 
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 This paper defines the SES group by parental education level and 

investigates whether there has been heterogeneous change in private tutoring 

by SES group after the outbreak of covid-19. Using annual private education 

expenditure survey data of 2017-2020, changes in private tutoring are 

measured by usage rate for private tutoring and expenditure of private 

tutoring users. Also, the change in usage rate and expenditure of users were 

reported by type of private tutoring. Furthermore, if the heterogeneous change 

by SES group exist, possible explanations will be explored. 

After the outbreak of covid-19, all SES groups showed decrease in 

the usage rate of private tutoring. However, the lowest SES group showed 

larger drop than other groups. In terms of expenditure of users, any 

heterogeneity among SES groups was not found. 

For possible explanations of the gap in usage rate, two supply side 

channels (heterogeneity in proportion of online and offline classes; 

heterogeneity in private tutoring supply) and two demand side channels 

(income variation; heterogeneity in initial usage status) were explored.  

Various empirical evidence indicates that income variation and the 

heterogeneous initial usage status of private tutoring could be possible 

explanations for the heterogeneous change. 

 This work contributes to the literature in two ways. First, I extend the 

existing research by showing that private tutoring could be a possible channel 

for the students’ achievement gap. Second, this paper complements the 

previous study by showing the whole situation of private tutoring including 

exit from the market, substitution, and expenditure by SES group and by type. 

Since understanding of the possible channels for the emerging education 

inequality is the first step to alleviate the widening education inequality, this 

 

private tutoring. 
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research will provide useful information in designing education policy. 

 The rest of the paper is organized as follows. Section 2 introduces 

covid-19 situation and the school closure in South Korea. Section 3 describes 

conceptual framework for the analysis and specifies the research question. 

Section 4 describes the data and Section 5 investigates heterogeneous change 

in private tutoring. Section 6 explores the possible explanations for the 

heterogeneous change. Lastly, Section 7 concludes the paper. 

2. Covid-19 and Education Policy in South Korea 

South Korea was one of the first countries to be affected by COVID-19. The 

first case occurred in January 20 and the country experienced explosions in 

the number of cases in February, August and November (Figure 3.A.2). After 

close monitoring the infection trends, the covid-19 headquarters postponed 

the beginning date of the spring semester from March 2 to April 9. Online 

classes in elementary, middle and high schools started from April 9.45  In 

parallel with the easing of social distancing measures, Korean government 

decided to reopen schools in phases, starting with 3rd graders in high school 

on May 20.46  

Although the schools reopened, students were repeatedly interrupted 

to go to school by education authorities’ preemptive measures. For example, 

only two-thirds of students were allowed to attend school for high schools 

and one-third for kindergartens and elementary and middle schools. Also, if a 

 
45 Online classes start dates: April 9 - 3rd graders of middle school and high school; April 16 

- 4th to 6th graders of elementary school and 1st and 2nd graders of middle and high school; 

April 20 - 1st to 3rd graders of elementary school. 

46 School reopening dates: May 20 - 3rd graders of high school; May 27 – 2nd graders of 

high school, 3rd graders of middle school, 1st and 2nd graders of elementary school and 

preschoolers; June 3 – 1st graders of high school, 2nd graders of middle school, 3rd and 4th 

graders of elementary school; June 8 – 1st graders of middle school, 5th and 6th graders of 

elementary school. 
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confirmed case occurs, the school needs to request all students, teachers, and 

staff members to go into self-quarantine, replace all classes with online 

classes, and carry out measures to identify suspected cases in cooperation 

with health authorities. In Seoul (the capital city of South Korea), education 

for all students, as of august 26, was shifted to online as there was a risk of 

mass transmission.47 

This paper investigates Korean households’ responses to the 

interruption in public education. Specifically, the demand change in private 

tutoring will be examined using annual survey data. 

3.3. Conceptual Framework 

 The final goal of the paper is to test whether the private tutoring could 

be a possible channel for the achievement gap among SES group or not. Thus, 

it would be better to specify how the group level outcome gap reacts to the 

change in private tutoring usage. 

 A student i’s outcome can be described as following outcome 

production function. In the following equation, 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑇𝑢𝑡𝑜𝑟𝑖𝑛𝑔𝑖  is the 

amount of expenditure on private tutoring and 𝑋𝑖 includes other factors that 

can contributes to the outcome. 𝜖𝑖 is an error term. 

 

𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑖 = 𝛽0 + 𝛾 ⋅ 𝑃𝑟𝑖𝑣𝑎𝑡𝑒𝑇𝑢𝑡𝑜𝑟𝑖𝑛𝑔𝑖 + 𝑋𝑖𝛿 + 𝜖𝑖 

  

Then, a SES group L’s average outcome, 𝑂𝑢𝑡𝑐𝑜𝑚𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐿 , can be represented 

 
47 Students except for the third-year in high school and those who needed assistance with 

basic academic skills were shifted to online. Following the decision of disease control 

authorities to ease the social distancing measure in the Seoul metropolitan area, on September 

21, physical school attendance resumed. 
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linear combination of outcome of students who use private tutoring and who 

do not. 𝛼𝐿 denotes the ratio of students who use private tutoring and can be 

interpreted as usage rate of private tutoring of the SES group L. According to 

the student level outcome production function, the level of expenditure 𝑒𝐿 is 

correlated with the outcome level of the private tutoring users. 𝑋𝐿,0 and 𝑋𝐿,1 

are average group characteristics that can contributes to the outcome.  

 

𝑂𝑢𝑡𝑐𝑜𝑚𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐿 = (1 − 𝛼𝐿) ⋅ 𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝐿,0(𝑋𝐿,0) +  𝛼𝐿 ⋅ 𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝐿,1(𝑋𝐿,1, 𝑒𝐿) 

  

 Using the group level average outcome function, we can define the 

outcome gap between two SES groups L and H as follows. The outcome gap 

between the two SES groups L and H is a function of usage rate, expenditure 

and average group characteristics of both groups. 

 

𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝐺𝑎𝑝 =  𝑂𝑢𝑡𝑐𝑜𝑚𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝐻 − 𝑂𝑢𝑡𝑐𝑜𝑚𝑒̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝐿 

= 𝑓(𝛼𝐿 , 𝛼𝐻,  𝑒𝐿 , 𝑒𝐻, 𝑋𝐿,0, 𝑋𝐻,0𝑋𝐿,1, 𝑋𝐻,1) 

 

 In this situation, decrease in the usage rate ratio (𝛼𝐿/𝛼𝐻) or decrease 

in expenditure ratio (𝑒𝐿 / 𝑒𝐻) between the groups while other factors constant 

does not guarantee the increase of the outcome gap because the direction of 

the first derivative is determined by the level of outcomes of users and non-

users of private tutoring in each group. 

 However, assuming that the private tutoring is a channel for the 

widened gap and all average group characteristics are constant, decrease in 

the usage rate ratio (𝛼𝐿/𝛼𝐻) or decrease in expenditure ratio (𝑒𝐿 / 𝑒𝐻) must 
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be observed when the outcome gap is widened. 

 Thus, testing whether there was larger decrease in the lowest SES 

group than the highest SES group can be regarded as the testing for a 

necessary condition for the outcome gap.  

 In the following sections, according to the conceptual framework of 

this section the below null hypothesis will be tested. 

 

𝐻0:
𝜃𝐻

20 − 𝜃𝐻
19

𝜃𝐻
19 =

𝜃𝐺
20 − 𝜃𝐺

19

𝜃𝐺
19  , 𝜃 ∈ {𝛼, 𝑒}, 𝐺 ∈ {𝐿, 𝑀} 

𝐻1: 𝐴𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑒𝑞𝑢𝑎𝑙𝑖𝑡𝑦 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 ℎ𝑜𝑙𝑑 

3.4. Data 

Since 2007, Statistics Korea has been conducting an annual survey for private 

tutoring (Private Education Expenditures Survey) to get reliable data of 

expenditure and time spent on private tutoring by Korean households. The 

survey defines the private tutoring as supplementary education service 

conducted outside of public education system. Online survey questionnaires 

are provided to parents and teachers of students included in the sampled 

classes. The time and expenditure are measured by subject (Korean, English, 

math, science, social studies and others) and type of private tutoring (personal, 

group, tutoring center, online learning and others). 48  The survey collects 

students’ characteristics as well, such as gender, order of birth, test score 

measured by 5 grades (only for high school students and answered by their 

 
48 There are one tutor and one student in personal tutoring. For group tutoring, there are one 

tutor and a small group of students. Tutoring centers are academies or cram schools which 

are usually clustered in locations that are convenient to students – at subway stations, on bus 

routes, near clusters of schools. Tutoring centers is a famous form in much of Asia and more 

prevalent in cities than rural areas (Bray, 1999; Bray, 2006). 
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class teacher), type of schools (elementary, middle, high and others) and their 

desired high school or majors in university. Family backgrounds (total 

number of children, education level of parents, working status of parents, 

family income and residential region) are also investigated. The survey 

conducts two waves a year, which are around June and October. 

 The data has a possibility to be under-reported for culture and other 

reasons (Bray and Silova, 2006; Bray, 2010; Dindyal and Besoondyal, 2007). 

Thus, the validity of the data needs to be checked. Table 3.A.1 compares the 

average expenditure by subject in Seoul of Private Education Expenditures 

Survey and an administrative data provided by Seoul Metropolitan Office of 

Education. The results show that the survey data is quite accurate. 

3.5. Heterogeneous Changes in for Private Tutoring 

Since the paper investigates change in private tutoring due to covid-19 

situation, the SES group should be defined by the characteristics that are 

orthogonal to covid-19 situation. Since education levels of parents are usually 

pre-determined it is hard to be affected covid-19. Total of three SES groups 

are defined according to the highest education level of parents. The highest 

education level of parents in the lowest and middle SES group is high school 

and university, respectively. The parents in the highest SES group have 

education level above university such as graduate school. The lowest, middle 

and highest groups will be denoted as SES group L, M and H, respectively. 

 Table 3.1. presents the students and family characteristics of each 

SES group. Although most of characteristics are very similar, some variables 

in SES group L and H showed statistically significant difference between 

2019 and 2020. All the characteristics will be controlled for when estimating 

the usage rate and expenditure of private tutoring users to partially address 

the issue of compositional change in each group. 
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Table 3.1. SES Group Definition and Characteristics 

 

  The Highest Education Level of Parents 

Characteristics 
L (≤High School) 

M (College, 

University) 

H (Graduate 

School) 

2019 2020 2019 2020 2019 2020 

<Student>              

Female 0.49 0.50 0.49 0.48 0.51 0.48* 

Birth Order:       

   1st 0.40 0.46** 0.54 0.54 0.57 0.57 

   2nd 0.43 0.42** 0.39 0.39 0.36 0.36 

   >=3rd 0.17 0.12** 0.07 0.07 0.07 0.07 

School Type:       

   Elementary 0.44 0.40 0.51 0.52 0.54 0.53 

   Middle 0.27 0.31 0.25 0.25 0.25 0.26 

   High 0.28 0.29 0.24 0.23 0.21 0.21 

<Family>       

N of Children 2.21 2.10** 2.03 2.00 1.96 1.94 

Family Income:       

   <400 0.56 0.53 0.23 0.20 0.24 0.22** 

   400-800 0.38 0.41 0.56 0.58 0.41 0.40** 

   ≥800 0.06 0.06 0.21 0.22 0.35 0.39** 

N 1217 980 5371 5102 2914 3090 

Note: Mean comparison t-tests were conducted for binary or continuous variables 

and Pearson’s chi-square tests were conducted for categorical variables. 

 

 Among the various characteristics, family income variable is worth 

to be mentioned. Various research on covid-19 reported income reduction 

occurred and it is correlated with SES groups. Thus, the significant increase 

between 2019 and 2020 of SES group H and the insignificant statistical test 

results of L and M groups might have occurred by covid-19. This means we 

can use the income variable for testing whether the income channel could be 

a possible explanation for the heterogeneous change in private tutoring. 

 To estimate usage rate of private tutoring and expenditure of users 
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each groups the following regression equation is used. When estimating the 

usage rate of private tutoring 𝑌𝑖𝑡 is a dummy variable for a student 𝑖 who 

spends a positive amount of money for private tutoring in year 𝑡 . 

𝐸𝑑𝑢𝐺𝑟𝑜𝑢𝑝𝑖
𝐿 and 𝐸𝑑𝑢𝐺𝑟𝑜𝑢𝑝𝑖

𝑀 is dummy variables for the SES group L and 

M. 𝑌𝑒𝑎𝑟𝑡
2020 gives 1 for 2020. When estimating the expenditure of users 𝑌𝑖𝑡 

is total expenditure on private tutoring of a student 𝑖 in year 𝑡. 

 

𝑌𝑖𝑡 = 𝛿0 + 𝛿1 ⋅ 𝐸𝑑𝑢𝐺𝑟𝑜𝑢𝑝𝑖
𝐿 + 𝛿2 ⋅ 𝐸𝑑𝑢𝐺𝑟𝑜𝑢𝑝𝑖

𝑀 +  𝛿3 ⋅ 𝑌𝑒𝑎𝑟𝑡
2020 

+𝛿4 ⋅ 𝐸𝑑𝑢𝐺𝑟𝑜𝑢𝑝𝑖
𝐿 × 𝑌𝑒𝑎𝑟𝑡

2020 + 𝛿5 ⋅ 𝐸𝑑𝑢𝐺𝑟𝑜𝑢𝑝𝑖
𝑀 × 𝑌𝑒𝑎𝑟𝑡

2020 + 𝑋𝑖γ + 𝜖𝑖𝑡  

 

 

 By linear combination of the coefficients, usage rate or expenditure 

of users of SES L, M, H groups in each year are calculated as follows. 

 

2019 

𝜃𝐿
19 = 𝛿0 + 𝛿1 

𝜃𝑀
19 = 𝛿0 + 𝛿2 

𝜃𝐻
19 = 𝛿0 

, 𝜃 ∈ {𝛼, 𝑒} 

2020 

𝜃𝐿
20 = 𝛿0 + 𝛿1 + 𝛿3 +𝛿4 

𝜃𝑀
20 = 𝛿0 + 𝛿2 + 𝛿3 +𝛿5 

𝜃𝐻
20 = 𝛿0 +𝛿3 

, 𝜃 ∈ {𝛼, 𝑒} 

 

To estimate the change rates of the usage rate and the expenditure of users, 

non-linear combination of the coefficients is used, and their standard errors 

are calculated by the delta method. 
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𝜃𝐿
20

𝜃𝐿
19 − 1 =

𝛿0 + 𝛿1 + 𝛿3 + 𝛿4

𝛿0 + 𝛿1
− 1 

𝜃𝑀
20

𝜃𝑀
19 − 1 =

𝛿0 + 𝛿2 + 𝛿3 + 𝛿5

𝛿0 + 𝛿2
− 1 

𝜃𝐻
20

𝜃𝐻
19 − 1 =

𝛿0 + 𝛿3

𝛿0
− 1 

, 𝜃 ∈ {𝛼, 𝑒} 

 

 Figure 3.1 shows the trend in usage rate by the SES groups. The time 

trends of the SES groups seemed to be similar each other before 2020 and the 

usage rate were very stable in all groups. In 2020, usage rate decreased in all 

groups. However, the change rates were different among the SES groups. The 

H, M and L groups decreased by 5.4%, 6.6% and 11.4% while the lowest 

group showing almost twice bigger change rate than the highest group. The 

difference in the change rate between L and H SES groups were significant at 

10% significance level (chi2(1) = 3.612, p-value = 0.057). When Income 

variable was included as the explanatory variable, the SES gap in change rate 

became smaller by 1%p. However, most of the SES gap remained even after 

controlling for the income variation and the significance of the difference also 

(chi2(1) = 5.296, p-value = 0.021). 

 

Figure 3.1. Estimates of Usage Rate 

 

Without Family Income With Family Income 



 

90 

 

  

 2017-19 2020 
Change 

Rate 
 2017-19 2020 

Change 

Rate 

H 0.879 0.831 
-0.054*** 

(0.014) 
H 0.940 0.884 

-0.059*** 

(0.010) 

M 0.872 0.815 
-0.066*** 

(0.006) 
M 0.928 0.864 

-0.069*** 

(0.006) 

L 0.727 0.645 
-0.114*** 

(0.006) 
L 0.853 0.762 

-0.107*** 

(0.006) 

Note: Without family income case contols gender, birth order, school type and number of childrens 

in the family. 

 

 Figure 3.2 shows the trend in expenditure of private tutoring users by 

the SES groups. As the usage rate case, the time trends of the SES groups 

seemed to be similar each other before 2020. However, unlike the usage rate 

case expenditure slightly increased in all groups. The change rates of H, M 

and L groups were 2.8%, 2.0% and 5.0%. The change rates among groups 

were not statistically different. When Income variable was included as the 

explanatory variable, the SES gap in change rate became smaller by 1%p. 

 

Figure 3.2. Estimates of Expenditure of Users 

 

Without Family Income With Family Income 

  

 2017-19 2020 
Change 

Rate 
 2017-19 2020 

Change 

Rate 

H 100.875 103.671 0.028*** H 114.783 116.524 0.015*** 
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(0.011) (0.002) 

M 92.468 94.356 
0.020*** 

(0.004) 
M 110.685 111.186 

0.005*** 

(0.002) 

L 76.421 80.232 
0.050*** 

(0.012) 
L 104.192 106.907 

0.026*** 

(0.005) 

Note: Without family income case contols gender, birth order, school type and number of childrens 

in the family. 

 

 Since the change rate of usage rate between L and H SES groups 

showed significant difference the usage rate was investigated by type of 

private tutoring (Figure 3.3). The result informs two things. First, the 

difference in average magnitude of change rate by type shows that the 

decrease seemed to be induced by risk avoidance behavior. More specifically, 

among the types, the change rate of online classes did not show significant 

change since online classes can be regarded as having no risk of infection. 

However tutoring centers and personal group tutoring are much larger in 

magnitude of estimates and their changes were significant. Second, 

substitution to online classes did not occur. This indicates that most of the 

students who changed their previous status might have exited from the private 

tutoring market rather than substituting to online classes. 

 

Figure 3.3. Estimates of 𝐔𝐬𝐚𝐠𝐞 𝐑𝐚𝐭𝐞 𝐛𝐲 𝐓𝐲𝐩𝐞 

 

 
Note: The usage rates are estimated after controlling for the income variable. 
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 So far, the results indicate that there were heterogeneous changes in 

private tutoring usage rate by the SES group. However, the reasons why the 

SES groups showed different change patterns are not clear. Specifically, why 

the usage rate of the lowest SES group showed much larger change rate than 

other SES groups and why the change rate difference between the lowest SES 

group and other groups is much larger in personal/group tutoring than tutoring 

centers need to be investigated. 

 In the following section, possible explanations for the heterogeneous 

change will be explored in terms of supply and demand side perspectives. 

3.6. Possible Explanations for the Heterogeneous Change 

3.6.1. Supply Side 

As one possible explanation of the heterogeneous change in usage rate, 

heterogeneous proportion of offline and online classes in public sector can be 

considered. Although all schools reduced school days almost equally in Seoul, 

the proportion of offline and online classes could be different since the 

schools had to replace all classes with online classes when a confirmed case 

occurs (Korea Government, 2020). If there were more confirmed cases in the 

schools where larger proportion of students in the lowest SES group went to, 

this heterogeneous supply shock could be a source of the different change 

pattern. 

 Figure 3.4 shows the relation between total confirmed cases in 2020 

and average monthly income in 2019 of 25 administrative regions in Seoul. 

Since there is a strong correlation between income and parental educational 

level, if the lowest or highest SES group experienced more interruption in 

offline classes, we could find any linear relation in the graph. However, the 

correlation coefficient turns out to be very low and statistically insignificant 

showing that this may not be the case. 
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Figure 3.4. Average Monthly Income in 2019 and Confirmed Cases 

 

 
Note: 25 administrative regions in Seoul are considered. 

 

 As the second explanation, heterogeneous supply shock in private 

tutoring supply can be considered. Among the various types of private 

tutoring, only tutoring centers have been subject to the government’s 

disinfection policy. For example, in August, September and October 2020, 

there were strict restriction for tutoring centers which can accommodate over 

300 students. If the students in the lowest SES group went to those kind of 

tutoring centers more than other groups, it could be a source of the 

heterogeneous change in tutoring centers usage rate. 

 Using the variation in the average expenditure per subject of L, M 

and H SES groups (246,790; 280,190 and 294,600 KRW, respectively), the 

correlation between price per subject and capacity of tutoring centers was 

investigated. Figure 3.5 shows the scatter plot of price per subject and 

capacity of tutoring centers in Seoul. The correlation turns out to be very low 

showing that the heterogeneous supply shock in private tutoring may also not 

be the case. 
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Figure 3.5. Price and Capacity of Tutoring Centers 

 

 
Note: 25 administrative regions in Seoul are considered. 

 

3.6.2. Demand Side 

In the main results of Figure 3.1 and 3.2, we found income variation reduced 

the heterogeneous change rate by 15% (0.06 -> 0.05). Thus, it is likely that 

heterogeneous income changes partly explain the heterogeneous gap. Hong 

and Nam (2009) reported income elasticity of the SES group L is larger than 

the SES group H. If this is the case, the income effect could be larger than the 

previous estimates. The following Figure 3.6 shows the result after allowing 

for group specific income effect. However, after controlling for the group 

specific income effect, there are still unexplained part remained in terms of 

total usage rate. 

 

Figure 3.6. Estimates of 𝐔𝐬𝐚𝐠𝐞 𝐑𝐚𝐭𝐞 𝐛𝐲 𝐓𝐲𝐩𝐞 
(After allowing for group specific income effect) 
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Note: The usage rates are estimated after controlling for the income variable. 

 

 To explain the remaining gap by the SES group and the difference in 

the magnitudes of the gap between tutoring centers and personal/group 

tutoring, I argue that difference in the initial usage status could be a source of 

the heterogeneity. For example, if people’s choices were made to lower the 

infection probability in 2020, students who have used only tutoring centers 

might choose online classes or exit the private tutoring market. However, in 

the same situation, students who have used all types of private tutoring can 

have various types of choice options which satisfies lowering infection risk. 

 Using the observations of the previous results, we can assume that 

there seems to be a risk avoidance behavior and people avoids personal/group 

tutoring more than tutoring centers or online classes. And we can set the 

online classes as the lowest risk of infection case. The following inequalities 

present the assumptions. The assumption 1 denotes the situation where people 

take action that lower the infection risk after the outbreak of covid-19 and the 

assumption 2 presents order of infection probabilities by type. 

 

Assumption 1: 

𝑝𝑟𝑜𝑏(𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛|𝑐ℎ𝑜𝑖𝑐𝑒𝐵𝑒𝑓𝑜𝑟𝑒) >  𝑝𝑟𝑜𝑏(𝑖𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛|𝑐ℎ𝑜𝑖𝑐𝑒𝐴𝑓𝑡𝑒𝑟) 
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Assumption 2: 

0 =  𝑃𝑟𝑜𝑏(𝐼𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛|𝑂𝑛𝑙𝑖𝑛𝑒)  

<  𝑃𝑟𝑜𝑏(𝐼𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛|𝑇𝑢𝑡𝑜𝑟𝑖𝑛𝑔 𝐶𝑒𝑛𝑡𝑒𝑟𝑠)  

<  𝑃𝑟𝑜𝑏(𝐼𝑛𝑓𝑒𝑐𝑡𝑖𝑜𝑛|𝑃𝑒𝑟𝑠𝑜𝑛𝑎𝑙/𝐺𝑟𝑜𝑢𝑝)  

 

 Under the assumptions, we can investigate which choices are 

possible according to the initial usage status. Table 3.2 presents all possible 

choices by the initial usage status. According to the results of the Table 3.2, it 

is possible that “exit” choice is more probable if the SES group L has used 

smaller number of types of private tutoring before covid-19. Also, the 

comparison between P/G and Tut columns informs that if the number of types 

using has been smaller in the SES group L, personal group tutoring could 

decrease more than tutoring centers in 2020. Thus, this situation can explain 

all the unexplained parts of the results if the SES group L has used smaller 

number of types of private tutoring before covid-19. 

 

Table 3.2. Possible choices by the Initial Usage Status 

 

 

Possible Choices 

Exit On Tut P/G 
Tut + 

On 

P/G 

+ On 

P/G 

+ Tut 
All 

Initial 

Usage 

Status 

On O O X X X X X X 

Tut O O X X X X X X 

P/G O O O X O X X X 

Tut + 

On 
O O X X X X X X 
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P/G + 

On 
O O O X O X X X 

P/G + 

Tut 
O O O O O O O X 

All O O O O O O O O 

Note: Tut, P/G and On means tutoring centers, personal group tutoring and online classes, respectively. 

 

 Figure 3.7 shows empirical CDF of initial usage status by the SES 

group. The figure indicates that the SES group L has used much smaller 

number of types of private tutoring before covid-19. Thus, the difference in 

the initial usage status could be a source of the heterogeneity. 

 

Figure 3.7. Empirical CDF of Initial Usage Status 

 

 
Note: Only 2019 data used for the graph. 

 

7. Conclusion 

This paper investigated whether there has been a heterogeneous change in 
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private tutoring by socioeconomic status (SES) during covid-19 using private 

education expenditure survey data. After the outbreak of covid-19, all SES 

groups showed decrease in the usage rate of private tutoring. However, the 

lowest SES group showed larger drop than other groups. Various empirical 

evidence indicates that income variation and the heterogeneous initial usage 

status of private tutoring could be possible explanations for the heterogeneous 

change. Supply-side channels seem not to be the source of heterogeneity. 

 Since understanding of the possible channels for the emerging 

education inequality is the first step to alleviate the widening education 

inequality, this research will provide useful information in designing 

education policy. 
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Appendix 

3.A. Appendix Figures and Tables 

Figure 3.A.1. Distribution of Test Scores (Middle Schools in Seoul) 

 

 
Note: The results shows average within-school gap in test scores.  

Source: Seoul Education Research and Information Institute (2021)  

 

Figure 3.A.2. Number of New Confirmed Cases in 2020 

 

 
Source: KCDC Press Release, 2020 
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Table 3.A.1. Average expenditure per subject in Seoul 

 

Private Education Expenditures Survey  
Administrative Data 

(Seoul Metropolitan Office of Education) 

280,716 KRW 280,633 KRW 

Note: Tutoring Centers are only considered. 
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Abstract in Korean 

 

본 논문은 현장 실험을 통해 소비자의 음료 선택 문제에 대해 연

구하고, 코로나19에 대한 한국 정부의 비약물적 개입에 대한 경제

주체들의 반응을 연구한다. 첫 번째 장은 음료 선택 환경에서 소

비자의 부주의에 대한 실험적 증거를 제공하고 이론적 틀에서 부

주의 정도를 추정한다. 현장 실험에서 음료의 선반 위치가 외생적

으로 변경되었다. 추정된 소비자의 눈높이에서 가장 먼 위치에 대

한 부주의 정도는 약 20%로 나타났다. 눈높이 (눈높이에서 가장 

먼 위치)에 설탕이 적게 (많이) 든 음료를 배치하면 소비자의 수요

가 24.8% (25.3%) 증가 (감소) 하는 것이 관찰되었다. 이번 연구 결

과는 음료 선택에 대한 제한된 관심이 설탕이 첨가된 음료에서 소

비자의 설탕 섭취를 줄이기 위한 건강 정책으로 활용될 수 있다. 

두 번째 장에서는 서울의 고도로 집중된 업무 지역 (구로구)과 고

도로 집중된 유흥지역 (이태원)에서 코로나19 대규모 집단감염사태

에 대한 한국의 집중적인 대응이 경제적 어떠한 영향이 미쳤는지

를 확인한다. 주요 결과는 구로사태의 경우 유동인구 및 소매 판

매가 반경 300m 이내에서만 감소하고 4주 후에 발병 이전 수준으

로 회복되었지만 이태원 사태의 경우 유사한 패턴의 결과를 보였

지만 경제적 악영향이 최소 6주까지 지속되었다는 점이다. 이러한 

결과는 코로나19 대응 시 지리적 특성을 고려하여 정책을 수행해

야 한다는 점을 암시한다. 3장에서는 사교육비 조사 자료를 활용하

여 코로나19 기간 동안 사회경제적 지위에 따른 사교육의 이질적

인 변화가 있었는지 살펴본다. 코로나19 사태 이후 모든 SES 집단
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에서 과외 이용률이 감소하는 모습을 보였다. 그러나 가장 낮은 

사회계층적 그룹이 다른 그룹보다 더 큰 하락을 보였다. 다양한 

실증적 증거에 따르면 소득변동과 이질적인 초기이용상황이 사교

육의 이질적인 변화를 설명할 수 있는 것으로 나타났다. 

 

키워드: 제한된 주의력, 현장 실험, 음료 선택, Covid-19, 인구이동, 

소매 판매, 사교육 

학생번호: 2017-34457 
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