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Abstract: The transmission of COVID-19 suddenly shifted most school classes to online lectures,
and these unexpected changes often exacerbated existing imbalances by region and school. Our
study used land price data as a proxy for regional wealth and empirically examined the inflation
of education inequality between the areas with high and low land prices during the COVID-19
pandemic in South Korea. The gaps in the average high school Math and English scores between
2019 and 2020 (Y1 effect) and 2019 and 2021 (Y2 effect) are used as the main educational outcomes.
We utilized the spatial difference-in-difference (DID) method to reflect the spatial autocorrelation
on the school-level distribution of the score changes. The impact of the online class conversion on
student performances was found to be significantly different between the regions with low and high
land price and was more noticeable for the Math score during the first year of the pandemic. During
the second year of the pandemic (2021), the scores increased in both regions, but the regional gap
remained persistent. Evidence-based policies should be implemented to enhance regional educational
conditions and resources, which, in turn, should prevent educational inequality across the regions
stemming from the conversion to online classes.

Keywords: COVID-19 impact; education disparity; spatial difference-in-difference

1. Introduction

A major change brought on by the transmission of the COVID-19 pandemic was the
unforeseen shift from face-to-face interactions to online interactions, particularly in the
online educational environment. Although multiple studies have reported a positive effect
of online instruction [1-4], there is a strong consensus on the disproportionate impact of
online education across different classes [5—8]. Moreover, online education is ineffective
for some subjects, such as Mathematics [9,10]. There are various factors involved in
determining online education’s effectiveness, such as parental support, school resources,
and community environment [11,12]. Parents play a major role in providing financial
support based on their income [12-15], continuous guidance and monitoring of their
children [15,16], and the provision of equipment necessary for online classes [17,18]. At
the school level, curriculum flexibility in online courses [19] and the teacher’s competency
in adapting materials for online settings [5,6] have a significant impact. Additionally,
disparities in community-level online learning infrastructure and resources exacerbate
inequality in student outcomes [20,21]. The transition to online learning during the COVID-
19 pandemic generated disparities in student achievement due to the combined effect of
parental involvement, family interaction, school resources, and community environment.
However, empirical evidence is lacking.

As in other Asian countries, education is highly valued in South Korea, which con-
sumes a great amount of social resources [22]. However, the educational gap remains
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substantial across different groups and regions [23]. Prior to COVID-19, schools provided
various specialized and after-school classes for low-performing students to reduce the
educational gap [24]. These were forced to stop since the pandemic hit in January 2020.
On 9 April 2020, the initial phase of online education began for middle and high schools
in South Korea, followed by elementary schools [25]. From 20 April 2020, all students in
primary and secondary schools were required to take online classes. A month later, some
schools were allowed to provide a limited number of in-person classes with reduced stu-
dent density based on the regional infection level [26]. Although the local education office
and school decided on a class format at their discretion based on the level of local infection,
the majority were forced to continue online classes until the spring of 2022. Only the limited
face-to-face classes were conducted to minimize the density within the school, such as time
lag by grade and morning/afternoon classes. Due to the sudden transition, most schools
could not sufficiently prepare for online class content and curriculum at the beginning [27],
and the frequent changes caused confusion [28]. Considering that guidelines for online
classes were part of the central government’s national plan, the details and implementation
differed based on the school and local circumstances [29]. When the online class system
was not established, educational disparity sensitively changed by region [30]. However,
research on regional disparities in online classes is limited, and studies that measure the
immediate or longer-term effects of each subject at the national level are lacking.
Therefore, this study aims to empirically estimate whether or not the impact of COVID-
19 on academic achievement is significantly different between wealthy and resource-poor
communities determined by local land prices, while controlling for various school and
community characteristics. The immediate change (Year 1 effect; gap between 2019 and
2020) and the longer-term change (Year 2 effect; gap between 2019 and 2021) since the
online class conversion during the COVID-19 pandemic need to be measured separately and
compared to each other in order to understand how the educational impact changes over
time. The findings of this research can be used as a reference for future policy formation.

2. Materials and Methods

For the study aim, the effects of COVID-19 were divided into Y1 (Year 1) effect and
Y2 (Year 2) effect. The Y1 effect measured changes in Math and English scores from early
2020 compared to 2019. Similarly, the Y2 effect measured score changes from early 2021
compared to 2019. We focused on the second year of high school as the third year presented
a comparison limitation due to curriculum differentiation in preparing for the SAT exam.
Additionally, there were fewer missing values of the data from the second year of high
school compared to the first year.

Since educational facilities and environments could be spatially heterogeneous across
communities [31], we were also interested in how students’ performances were affected
by the quality and accessibility of the educational resources available in their residential
community. For example, students from major cities could use abundant educational
facilities, whereas suburban students could use relatively fewer educational facilities. This
inequity could be represented by the difference in land prices by region [32]. Consequently,
students from high-land-price areas were more likely to achieve stable academic achieve-
ment despite the pandemic obstacles as they could use relatively more diverse educational
facilities. Thus, the present study used spatial statistical modeling to estimate whether the
impact of COVID-19 on academic achievement varied based on local land prices.

2.1. Variables and Measurements

The dependent variable was the average exam score for Mathematics and English of the
second-year high schoolers in South Korea. Within these subjects, there were several similar
yet varying standard core courses in a semester. Within Mathematics, there were multiple
sub-courses such as core mathematics, calculus, and statistics. Similarly, English was
divided into common core English and English conversation. There were also differences in
the organized curriculum based on the school, except for common subjects. Therefore, this
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study used the standard core Math and English course scores for the number of Math and
English credits, respectively. Data were collected via web scraping of the official database
provided by the Korean Ministry of Education.

The primary independent variable was created based on the median land price of the
region (“si-gun-gu”) as a binary variable; it was measured as 1 or 0 if it was above or below
the median value, respectively. Korea Real Estate Agency data were used for land prices.
In addition, this study used the time variable from 2019 to 2021 to evaluate the immediate
or short-term (Y1) and longer-term (Y2) impact of the COVID-19 pandemic. The interaction
variables were used for both Y1 and Y2 effects using the land price variable and time factor.
Reflecting on the spatial characteristics, this estimated the net effect of the land price of
the region that occurred during the pandemic by comparing the score changes in 2020 and
2021 based on 2019.

The control variables were divided into regional and school characteristics. Regional
characteristics included the implementation of social distancing policies, Internet use
rate, and degree of financial independence of local governments. Internet use rate is the
percentage of households that can access the Internet through wired Internet, wireless LAN,
mobile Internet, etc., regardless of actual use among all households. Most public facilities,
such as libraries, private academies, and cafes, stopped operating when social distancing
was enforced. Therefore, educational facilities accessible to students were limited during
this time. Moreover, lack of Internet use also served as a barrier, with academic achievement
possibly affected by the Internet usage rate during online classes. Simultaneously, school
characteristics, which included the type of school, academic atmosphere, and student’s
fitness index, were used as control variables based on previous research. Regarding
the school budget, the unit was Korean Won (KRW), which was converted to a natural
logarithm and used for analysis. Table 1 shows the description and measurement methods
of the variables used in this study.

Table 1. Variables and operationalizations.

Variables Description Operationalization

Dependent variables

Student achievement Mean score for each subject Math and English mean score

Independent variables

Proxy for resource-wealthy vs
Land prices resource-poor community based
on median local land price

Above median = 1
Belowm edian = 0

Control
variables

Social distance Number of weeks for the highest level
Local Internet accessibility Internet usage rate
characteristics Financial (self funded)— (bond)
independence ~accounting income < 100
Number of classes Number of second-year classes offered
Dropout rate Ratio of dropout
Number of students Number of second-year students
School Student health ' BMI index
characteristics Student-teacher ratio Number of students per teacher
School type Public = 0, Private =1
. Coed = 0, Boys High School =1,
School setting Girls Hi}:gh Sciool =2
School income Natural log of income (KRW)

2.2. Methodology

We utilized DID (difference-in-difference), a representative analytical method that
compared the effects on different groups at a specific point in time. This derived the
impact of a specific event by comparing experimental and comparison groups before
and after an intervention [33]. The basic design of DID estimates the dependent variable
through ordinary least squares (OLS) regression analysis for each individual based on the
experimental group, control group, and two time points before and after the experiment.
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The DID model was used to estimate the change in academic achievement based on two
groups—two regions with a high and low local land price each—in conjunction with the
Y1 and Y2 effects since the pandemic began. The formula for this was as follows:

Y = oo + B Year + B,LandP + B3(Year x LandP) + 4SchoolFac + BsLocalFac + €. (1)

Y was the average score for Math or English. Year represented the school year from
2019 to 2021. LandP represented the price of land by region and had a value of 1 or 0 if it
was above or below the median value, respectively. (Year x LandP) was an interaction term
between land prices by year, representing both Y1 and Y2 effects of the pandemic according
to local land prices. (3 represented the size of the Y1 and Y2 effects. SchoolFac and
LocalFac referred to the local and school characteristics which served as control variables.
The coefficients of these variables appeared through beta values.

The region’s land prices could have different educational resources and environment
accessible to students residing in the area, and these differences could have spatial het-
erogeneity [31,32]. These spatial characteristics indicated that the values of the variables
were related to each other among the spatial units [34]. Therefore, to control for the spatial
characteristics of local land prices and educational facilities, spatial regression analysis was
applied to the existing DID model and utilized. Spatial weights were controlled using the
spatial lag model (SLM) and spatial error model (SEM) to reflect the actual spatial depen-
dence by the interaction between spatial units. SLM was used to control the autocorrelation
of the dependent variable itself [34]. The formula for the SLM applied to the DID model
was as follows:

Y = pWy + o« + B Year + B,LandP + B3(Year x LandP) + p4SchoolFac+ o)
35LocalFac + €.

The p (rho) value indicated how much the values of the dependent variable were
spatially correlated among neighboring areas. A positive rho value indicated that schools
with high scores were surrounded by those with high scores, and the same applies for
schools with low scores. 33 represented the spatial DID value when the SLM concept was
applied, where W was the spatial weight. Most remaining symbols were similar to the DIDs
discussed above. Correspondingly, the SEM was a spatial error model which was used to
control the autocorrelation of the error term. The formula for the DID model applied to the
SEM was as follows:

Y = o+ B Year + B,LandP + B3(Year x LandP) + B4SchoolFac + BsLocalFac + u 3)
u=AWu+e.

Since the SEM model controlled the spatial autocorrelation of the error term, there
was only a difference in the error term from the existing DID model. Here, the error term
controlled the A (lambda) for the spatial weight (W). Therefore, if the lambda value was
statistically significant, spatial autocorrelation was not controlled by the existing DID, and
the bias that may occur in the existing DID can be adjusted using the SEM model. Therefore,
(3 represented the value of spatial DID when the SEM concept was applied.

The spatial DID models formulated as SLM and SEM were analyzed using the GeoDa
1.14 program. First, we verified whether there was spatial autocorrelation through Moran’s
I, the Lagrange multiplier (LM) lag, and LM error. An ordinary least squares (OLS) model
was selected if the spatial autocorrelation test was not statistically significant. If there was
spatial autocorrelation, the more significant model between the SLM and SEM models was
selected through robust LM lag and robust LM error tests.

3. Results and Discussion
3.1. Descriptive Analysis

Some high schools did not report the average scores of Math and English subjects that
are comparable to others and thus were excluded from the sample. A total of 4546 high
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schools were included in the analysis, and the descriptive summary statistics of some
variables are presented in Table 2.

Table 2. Descriptive statistical summary (N = 4546).

Variables Mean Std. Devw. Min Max
Land price (per m?2; KRW) 3,022,976 269,699 62,750 1,700,000
Social distance 8.8 12.5 0 36
Internet accessibility (%) 91.2 35 80.6 99.1
Math mean score 55.7 79 229 86
English mean score 594 8.1 329 95
Student BMI 22.7 0.7 20 31.3
School income (million KRW) 3710 2900 177 19,600
Number of classes 8.1 3.2 1 15
Number of students 203.9 95.8 1 463
Dropout rate (%) 1.6 2.1 0 50
Student-teacher ratio 11.8 2.8 0.1 20.5
Financial independence (%) 25.1 134 4 68.9
School type Pgblic school: 60.4%
Private school: 39.6%
Coed: 59.6%
School setting Boys High School: 20.8%

Girls High School: 19.6%

A dummy variable was created to indicate whether the local median land price was
above or below the national median land price. It is found that only 22.7% of the regions had
a median land price than the national median land price (325,268 KRW per m?). In South
Korea, social distancing was implemented following the progressive spread of COVID-19.
There were restrictions on the educational infrastructure that students could use based
on the social distancing level. The highest social distancing level lasted an average of
8.7 weeks nationwide, and some regions implemented the highest level for up to 36 weeks.
During this period, all classes were moved online. However, the Internet availability rate
ranged between 80.6% and 99.1%, which indicated a significant difference in Internet use
by region and limited access to Internet infrastructure in some regions.

During the pandemic, the average Mathematics score was 22.9, with a minimum and
high score of 22.9 and 86, respectively. The minimum average English score was 32.9, and
the highest score was 95. The pandemic also restricted students’ outdoor activities, which
may have affected their health condition. The average student’s body mass index (BMI)
was 22.7, and the minimum and maximum values were 20 and 31.3, respectively. There
were also significant regional differences in the dropout rate from school, with an average
of 1.908%. The maximum dropout rate was 50%, which represented huge disparities across
the regions. Similarly, the degree of financial independence that each local government
responded to in the aftermath of the pandemic were the lowest and highest at 4% and
68.9%, respectively.

Figure 1 shows the spatial distribution of Year 1 and Year 2 effects on averages of Math
and English scores aggregated at the regional level across the country, and whether there is
a spatial clustering pattern for those effects.

On the map, dark green indicates that scores in 2020 or 2021 have increased by
more than 10% compared to 2019, and red indicates the opposite. Light green indicates
a 3-10% increase in scores in 2020 or 2021 compared to 2019, while orange indicates a 3-10%
decrease. Yellow indicates a positive or negative effect of less than 3%. The map shows that
schools with significant declines in performance during the pandemic are concentrated in
South Korea’s southwestern region, with a more substantial impact in Mathematics. For
both Math and English scores, the Y2 effect appears bluer than the Y1 effect. This means
that many communities that initially experienced score declines have been able to adapt to
changes in online learning as the pandemic enters its second year. More importantly, due to
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regional characteristics such as land price differences, the maps clearly showed a significant
degree of spatial clustering for the Y1 and Y2 effects for the two targets. This suggests using
the spatial DID method to statistically estimate the score change according to the difference
in land price during the pandemic while considering the spatial autocorrelation.

Mathematics
Year 1 effect (a)

Math Y1 effect (2020-2019)
B More than 10% increase
B 3-10% increase

"] Less than 3% increase/decrease
07 3-10% decrease

B More than 10% decrease

02040 80 Kiometers

Math Y2 effect (2021-2019)
B More than 10% increase
B 3-10% increase

Less than 3% increase/decrease

0 3-10% decrease
B More than 10% decrease

[aaannany)
020 40 80Kiometers

English

Year 1 effect (c)

Year 2 effect (d)

English Y1 effect (2020-2019)
B More than 10% increase
B 3-10% increase . PN

English Y2 effect (2021-2019)
B More than 10% increase
B 3-10% increase

Less than 3% increase/decrease Less than 3% increase/decrease

[0 3-10% decrease [0 3-10% decrease
B More than 10% decrease B More than 10% decrease

[Aananans) T
020 40 80 Kilometers 020 40 80 Kilometers

Figure 1. Changes in academic performance by region: (a) Year 1 effect by region on Mathematics
scores (2020); (b) Year 2 effect by region on Mathematics scores (2021); (c) Year 1 effect by region on
English scores (2020); (d) Year 2 effect by region on English scores (2021).

3.2. Spatial DID

Spatial autocorrelation was mainly confirmed using Moran'’s I spatial autocorrelation
coefficient. When there was no spatial autocorrelation on the dependent variable, an ordi-
nary least squares (OLS) model was appropriate to be used. However, when a significant
level of spatial autocorrelation was observed, either the spatial lag model (SLM) or the
spatial error model (SEM) could outperform OLS since SLM could control the autocorrela-
tion of the dependent variable and SEM could control the autocorrelation of the error term.
Table 3 presents the diagnostic results for the spatial autocorrelation. Moran'’s I coefficients
were found to be statistically significant for both Y1 and Y2 effects for both subjects and all
other model diagnostics, including Lagrange multiplier (LM) tests, and robust LM tests
suggested SLM or SLM that incorporated spatial autocorrelation in the data. Therefore,
spatial DID regression models were performed to control for spatial autocorrelation.
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Table 3. Diagnostics for spatial dependence.
, Robust Robust
Moran’s 1 LM (lag) LM (lag) LM (Error) LM (Error)
Math Y1 effect 14.290 *** 153.701 *** 18.131 *** 193.549 *** 57.919 ***
ANSCOTe vy effect 22401  430.621*%  5162%  481.653**  47.195**
English Y1 effect 17.660 *** 271.950 *** 1.465 297.441 *** 26.956 ***
score Y2 effect 22.203 *** 448.600 *** 0.021 473.138 *** 24 559 ***

Note: p < 0.05**, p < 0.01 ***; LM: Lagrange multiplier.

3.3. Impact on Math Score by Land Price during the Pandemic

Table 4 shows the results of spatial DID models applied to both Y1 and Y2 effects for
both Mathematics and English scores including OLS, SLM, and SEM. The three models
performed similarly according to AIC, but both the spatial lag coefficient (rho) and the
spatial error coefficient (lambda) were statistically significant for both Y1 and Y2 effects,
indicating that SLM and SEM were theoretically more appropriate to be used. In particular,
the coefficient values increased in 2021 compared to those in 2020, which means that the
level of spatial autocorrelation found in both Math and English scores across the schools
became stronger as the pandemic continued. Following the suggestions of the Robust LM
tests in Table 3, we sought to interpret values by focusing on SEM.

First, the average Math score decreased in a statistically significant manner in 2020
compared to 2019. However, 2021 did not show significant results. There were also
different mean Math scores according to the land price. Areas with high land prices had
lower average scores compared to those with low land prices. This may be due to Korea’s
different evaluation standards for each school. The higher the land price, the more likely it
was that the school district would maintain a better reputation. This reputation heightened
the level of test difficulty and competition. Accordingly, areas with high land prices could
have lower average scores compared to those with low land prices. Spatial DID coefficients
revealed interesting results when we considered the spatial characteristics and examined
the pandemic’s interaction effect on land price differences. As illustrated in Figure 2, in
the Y1 effect of the pandemic in 2020, the average Math score dropped by 2.542 points in
regions with low land prices but actually increased by 0.887 points in regions with high land
prices. During the second year of the pandemic (2021), the average Math score increased in
both regions, but the size of the gap remained the same (3.429 for Y1 effect vs. 3.367 for Y2
effect). The higher the land price, the better the extracurricular educational infrastructure
offered, which may have caused differences in the academic shock experienced by students
during emergencies, such as a pandemic, in the overall educational environment.

Math Score Change Pattern by Land Price
4.62

0.887 0

=e= Low

Mean Score Change
N
S
=
@
5

2019 2020 2021
Year

Figure 2. Changes in the mean Math score by land price.
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Table 4. Spatial DID on Math mean score.

Year 1 (2020-2019)

Year 2 (2021-2019)

Math Score OLS SLM SEM OLS SLM SEM
2020 —2.667 *** —2.703 *** —D.54D ***
Year (0.355) (0.346) (0.346)
0.901 0.428 1.253
2021 (0.739) (0.699) (0.778)
Lond brice —3.710 *** —3.259 *** —3.568 *** —3.596 *** —2.750 *** —3.256 ***
P (0.480) (0.470) (0.586) (0.501) (0.475) (0.673)
3.256 *** 3.349 *** 3.429 ***
Sontial DID Yl effect (0.728) (0.709) (0.709)
patia V2 effoct 3.887 *** 3417 3.367 **+*
(0.767) (0.724) (0.719)
Social —0.141 —0.127 —0.203 —0.110 *** —0.088 *** —0.118 ***
distance (0.140) (0.136) (0.152) (0.028) (0.026) (0.030)
Local Internet use 0.204 *** 0.135 *** 0.170 *** 0.193 *** 0.116 *** 0.197 ***
characteristics . (0.004) (0.041) (0.058) (0.043) (0.041) (0.068)
Egj;ecﬁ 0.032 ** 0.022 0.023 0.030 ** 0.020 0.024
e (0.012) (0.012) (0.015) (0.013) (0.012) (0.018)
Boys high 0.849 ** 0.961 ** 1.440 *** 0.250 0.423 0.892 **
school (0.392) (0.382) (0.402) (0.403) (0.381) (0.408)
Girls high 0.971 ** 0.930 ** 1.176 *** 0.256 0.291 0.583
school (0.385) (0.376) (0.392) (0.405) (0.382) (0.403)
Private 2.381 *** 2.475 *** 2.751 *** 2.255 *** 2.287 *** 2.579 ***
school (0.333) (0.325) (0.336) (0.350) (0.330) (0.343)
Student BMI 0957 —0.956 *** —1.062 *** —1.078 *** —1.109 *** —1.233 ***
School (0.209) (0.203) (0.208) (0.258) (0.244) (0.243)
characteris-  Number of —0.848 —0.831 *** —0.854 *** —0.676 *** —0.660 *** —0.764 ***
tics classes (0.158) (0.154) (0.166) (0.170) (0.160) (0.177)
Number of 0.048 *** 0.045 *** 0.049 *** 0.039 *** 0.036 *** 0.041 ***
students (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
St:;iﬁ‘e‘rt _0.603%  —0564%  _0593%*  _0562%* 0467 —0.44]
s (0.097) (0.095) (0.101) (0.105) (0.099) (0.106)
Dropout of —0.203 *** —0.213 *** —0.215 *** —0.211 *** —0.195 *** —0.195 ***
school (0.068) (0.067) (0.067) (0.072) (0.068) (0.067)
School —0.492 —0.514 —0.483 *** —0.371 * 0336 ** —0.274
income (In) 0.159) (0.154) (0.155) (0.167) (0.157) (0.156)
0.342 *** 0.476 ***
Lag coef. (Rho) (0.033) (0.029)
. 0.393 *** 0.508 ***
Spatial error (Lambda) (0.032) (0.029)
Constant 66.956 *** 54.363 *** 71.822 *** 69.995 *** 50.109 *** 70.906 ***
(6.289) (6.289) (7.289) (7.283) (6.985) (8.324)
Observation 2990 2990 2990 2973 2973 2973
18.273 *++ 11,192 **
AIC 20,497.3 20,392.7 20,362.1 20,676.5 20,421.7 20,391.3

Note: p < 0.05 **, p < 0.01 ***.

Social distancing policy and Internet use rate also affected Math grades according to
regional characteristics. The average Mathematics score decreased as the highest stage of
social distancing continued, which indicates that calculation and theory-oriented subjects,
such as Math, were more easily affected by the shutdown due to social distancing, which
could hinder class progress and exacerbate difficulty for those who were not adequately
supported [9,10]. In contrast, the higher the Internet use rate, the higher the average score
in Mathematics. As online classes were conducted and various academic materials were
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provided on the Internet, we assumed that students were more appropriately able to access
learning materials, an essential factor during the pandemic. Hence, the lockdown did not
hinder their academic achievement.

Regarding school characteristics, male-only and female-only high schools scored
higher in 2020 compared to coeducational schools. However, only male-only high schools
scored higher in 2021. Specifically, private schools scored higher on average compared
to public schools. BMI, a reflection of students’ fitness or health condition, also had
a relationship with Mathematics scores; an increased BMI correlated with a decreased
average Math score. Similarly, the school’s academic atmosphere and the students’ level of
management affected their average scores. The higher the number of students per teacher,
the lower the average Mathematics score. In addition, the higher the dropout rate, the
lower the average score.

3.4. Impact on English Score by Land Price during the Pandemic

Table 5 shows the spatial DID estimation results for the average English score during
the pandemic.

The average English mean score significantly decreased during the first year of the
pandemic (2020) but returned back to the original score level during the second year (2021).
The average English score was lower in regions with high land prices compared to in those
with low land prices, owing to the different student evaluation criteria of schools. Similar
to Math scores, as illustrated in Figure 3, during the first year of the pandemic (2020), the
average English score dropped by 1.193 points in regions with low land prices but actually
increased by 1.908 points in regions with high land prices. During the second year of the
pandemic (2021), the average English score increased in both regions, but the size of the
gap remained persistent.

English Score Change Pattern by Land Price
4.458

1.908
High

e == Low

Mean Score Change
I
=3
(5]

2019 2020 2021
Year

Figure 3. Changes in the mean English score by land price.

Regarding regional characteristics, only the Internet use rate affected English scores in
2020. The average English score increased in regions with higher Internet usage rates. In
2021, social distancing policies and Internet usage rates affected English scores. As social
distancing continued for a long time, students’ learning spaces were limited. Therefore,
as the highest level of social distancing continued, the average English score decreased.
In addition, regarding Internet use rate, the score range increased as Internet use rate
increased in 2021 compared to 2020. As online classes were conducted and various academic
materials were provided on the Internet, the number of learning materials that students
used increased significantly during the pandemic.
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Table 5. Spatial DID on English mean score.

Enelish Score Year 1 (2020-2019) Year 2 (2021-2019)
8 OLS SLM SEM OLS SLM SEM
_ *ok% _ *%% _ *%%
2020 1.411 1.392 1.193
Year (0.370) (0.355) (0.357)
1 0.722 0.471 1.503
(0.750) (0.708) (0.791)
Lond brice 2188 2119 2200 *** 2185 *** 1,787 *** —1.829 #**
p (0.500) (0.481) (0.627) (0.511) (0.481) (0.685)
2.745 2.899 **+ 3.101 ***
YI effect
Spatial DID (0.758) (0.729) (0.731)
V2 effect 3.172 #+ 2.820 *+* 2.955 *
(0.779) (0.733) (0.730)
Social ~0.068 —0.069 ~0.197 —0.088 *** —0.074 —0.114
distance (0.146) (0.140) (0.159) (0.028) (0.027) (0.031)
Local Internet use 0.301 *** 0.177 *** 0.242 *** 0.314 *** 0.167 *** 0.253 *+*
i?gj“eci_ 0.018 0.012 0.008 0.018 0.014 0.012
derll’ce (0.012) (0.012) (0.017) (0.013) (0.012) (0.018)
Boys high —0.127 —0.075 0.355 —0.715 ~0.579 —0.114
school (0.409) (0.393) (0.417) (0.410) (0.386) (0.415)
Girls high 2.243 # 2,050 2.495 1.662 *** 1.880 *** 2.047 #
school (0.402) (0.386) (0.406) (0.412) (0.388) (0.411)
Private 2.011 *** 2.030 *** 2045 2,032 #*+ 1.997 #** 2.196 **+
school (0.347) (0.334) (0.347) (0.358) (0.337) (0.351)
StudentBmy 0831 —0.872 # ~1.016 *** ~1.136 *** ~1.163 ** —1.084 #*
School (0.217) (0.209) (0.214) (0.264) (0.248) (0.248)
characteris-  Number of —0.918 *+* —0.850 *** —0.822 # —0.841 # —0.813 * ~0.901 ***
tics classes (0.164) (0.158) (0.172) (0.173) (0.162) (0.179)
Number of 0.047 *+* 0.043 *++ 0.045 *+* 0.044 *+* 0.041 *** 0.046 ***
students (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
St:;iﬁ‘e‘rt —0.690 *** —0.596 *** ~0.598 *** —0.747 #* ~0.599 *** —0.559 **
N (0.101) (0.098) (0.105) (0.107) (0.101) (0.108)
Dropout of —0.244 *** —0.233 #* —0.216 *** —0.240 #* —0.205 *** ~0.186 ***
school (0.071) (0.069) (0.069) (0.075) (0.070) (0.070)
School ~0.305 ~0.292 ~0.229 ~0.293 ~0.299 —0.273
income (In) (0.165) (0.159) (0.160) (0.170) (0.160) (0.160)
0.405 **++ 0.479 ***
Lag coef. (Rho) (0.031) (0.029)
. 0.437 *+* 0.509 *+*
Spatial error (Lambda) (0.031) (0.028)
Constant 58.852 *+* 46.201 ** 66.341 *** 65.472 *++ 49 507 *** 71.805 ***
(6.554) (6.432) (7.720) (7.431) (7.09) (8.487)
Observation 2990 2990 2990 2911 2911 2911
F 15.214 **+ 12.929 *#+
AIC 20,744.2 20,576.8 20,556.1 20,291.5 20,031.3 20,007.6

Note: p < 0.01 ***,

Regarding school characteristics, the average English scores in 2020 and 2021 were
higher in girls” high schools compared to in coeducational schools. In addition, the average
score for English in private schools was higher compared to that in public schools. As
the BMI index—which reflected students” health—increased, the average English score
decreased. However, the school’s academic atmosphere and students” management levels
affected the average English score. Similar to the Math score, the average score in English
decreased as the number of students per teacher increased. In addition, the higher the
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dropout rate, the lower the average score. Finally, the rho and lambda values, which
represented the degree of spatial autocorrelation of the English scores and their error terms,
were statistically significant in 2020 and 2021 and became larger in 2021. Although their
impacts on the changes on the main DID coefficients were not so substantial, they clearly
indicate the need for considering the spatial distribution of student performances within
the country in this type of modeling and analysis.

4. Discussion and Conclusions

This study assessed if the impact of COVID-19 on high school education varied by local
land price using a spatial DID analysis method that incorporated spatial autocorrelation of
school-level average score data. The analysis revealed that the average score of Math and
English classes fell in regions with low land prices during the first year of the pandemic
(2020); whereas it increased in regions with high land prices compared to the level prior to
the pandemic. During the second year of the pandemic (2021), both scores increased in all
regions, but the gap between the regions with high and low prices created during the first
year of the pandemic remained persistent. In the second year of the pandemic, despite both
regions’ scores rising, the persistence of regional disparities may reflect existing urban-rural
differences [35,36]. The gap was much wider in Math scores, indicating the importance of a
stable learning environment for the subject.

The infrastructure gap across society, including that of the educational infrastructure
between urban and rural areas, was one of the challenges pointed out even before the
COVID-19 pandemic [36,37]. These disparities have had various impacts when dealing
with social challenges during pandemics such as COVID-19 [35]. In particular, the findings
of this study support the ongoing argument that the effects of online classes due to COVID-
19 may work disproportionately [5-8,13] by providing empirical evidence highlighting the
role of regional resources as indicated by local land price. The regional educational gap
was pointed out before the transition to online classes [13], but we found that the impact of
the unexpected online class conversion due to COVID-19 exacerbated the disparity.

The academic gap across the regions occurring early in the pandemic was mostly due
to insufficient preparation of the content and method tailored to the online instruction
of each subject [14] and confusion due to frequent changes in the curriculum [13]. The
disproportionate effect of online class conversion across regions was mainly caused by
the differences in the educational infrastructure available to students [38]. Because the
guidelines from the central government did not reflect regional characteristics, successful
transition to online learning depends on the circumstances surrounding each family, school
and region [29]; for example, parents with a relatively unstable job and income found it
difficult to monitor their children’s online classes continuously and provide them with
supportive equipment [14,39]. At the school level, the conditions for online classes differed
for each school’s situation, incorporating factors such as limited communication between
students and teachers, as well as teachers’ digital skills and online class competency and
experiences [40]. At the community level, students from resource-poor areas had relatively
less accessibility to alternative learning opportunities due to the lack of available materials
and environments. On the other hand, students in wealthy communities could continue
their learning even in non-face-to-face situations because many alternative learning re-
sources, including private tutoring, were readily available [14,38]. In summary, students
in low-income areas had limited opportunities to receive adequate education due to the
vulnerabilities of the school’s online education system, supportive home environment, and
community’s education support system. Therefore, the findings from this study suggest the
provision of additional resources to under-resourced communities to minimize educational
inequality during public health crises.

Although this study is meaningfully reveals the spatial and temporal pattern of
educational disparity due to unexpected online transitions during the pandemic, this study
has several limitations. First, the scope of the research was confined to the scores of second-
year high school students in Mathematics and English, aiming for a nationwide regional
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comparison. The rationale for this choice stems from the fact that third-year high school
curricula for Mathematics and English in Korea vary autonomously among schools, making
direct score comparisons challenging. As a result, future research endeavors could consider
expanding to other subjects and grade levels. Second, the impact of private education
was omitted from this study due to data unavailability. Private education plays a pivotal
role in creating or exacerbating educational inequality in Korea, but the quantitative data
necessary for analysis, especially during the pandemic period, were not accessible. Third,
the disparity in educational infrastructure between urban and rural areas that existed
before COVID-19 persists. This raises the possibility of subtle effects during the transition
to online classes between urban and rural regions due to the pre-existing disparities in
educational infrastructure between these areas; therefore, future research might explore
comparative studies between urban and rural settings. Fourth, a notable number of schools
were excluded due to missing data. While all educational institutions in Korea are required
to periodically register school data in the Ministry of Education’s database, the abrupt
transition to online learning amid the pandemic resulted in the absence of critical variables
for many schools. Future research could investigate the potential impacts of non-school
variables and missing values in assessing the disproportionate impacts of online learning
across communities.
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