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Abstract

Both COVID-19 and the rise of large language models (LLMs) have significantly
influenced global education systems. The COVID-19 pandemic, along with its
associated policies, profoundly shaped educational practices. The rapid surge
in COVID-19 cases and deaths forced numerous countries to implement lock-
down measures, resulting in the transformation of traditional face-to-face learn-
ing modes into remote or online learning systems. This shift has substantially
impacted various dimensions of education, including academic performance and
attendance rates across multiple demographic groups worldwide. In parallel with
these policy-driven changes, LLMs have been rapidly developed and adopted
across multiple disciplines. These models are now widely utilized as examiners
and tutors, influencing both students and educators, and presenting both positive
opportunities and notable challenges.

Although previous studies have examined the pandemic’s impact on academic
performance and attendance rates, comprehensive comparative analyses that ad-
dress variations across multiple countries, different phases of the pandemic, and
diverse ethnic groups remain scarce. Furthermore, most research on LLMs has
been limited to a single disciplinary context, primarily within the medical field.
Addressing these research gaps, this thesis investigates the educational impacts of
the COVID-19 pandemic—including its effects on global academic performance
and attendance rates among various ethnic groups—while also examining the
multifaceted roles of LLMs in education from the perspectives of both students
and educators.

The first part of the thesis compares academic performance across different

phases of the COVID-19 pandemic—pre-pandemic, during the pandemic, and



post-pandemic—using standardized tests such as TOEFL and GMAT. The sub-
sequent chapters analyze the effects of COVID-19 case numbers and vaccination
rates on childcare and school attendance among multiple ethnic groups in New
Zealand, including Maori, European/Pakeha, Asian, and Pacific populations.
The third research focus explores the diverse roles LLMs play in educational de-
velopment across various disciplines, such as medicine, programming, engineering,
and language studies, where LLMs function as both examiners and tutors. This
section also systematically assesses the pandemic’s influence on education from
both student and educator perspectives.

The thesis contributes to existing knowledge in several aspects. First, it high-
lights both the differences and similarities in standardized test performance across
countries, demonstrating that the most significant changes occurred at the onset
of the pandemic, and that the patterns of change varied depending on test diffi-
culty, home-edition test requirements, and participant characteristics on a global
scale. Additionally, through Spearman correlation and Mean Absolute Percentage
Error(MAPE) results derived from multiple machine learning regression analy-
ses, the findings illustrate that while the pandemic greatly influenced attendance
rates, the years with the most significant impacts varied. Moreover, the ethnic
groups most affected differed between childcare and school attendance rates. Re-
garding large language models, existing studies reveal that the latest versions of
GPT have achieved substantial breakthroughs in examination accuracy across
various disciplines; however, these accuracy rates are inconsistent across fields.
Both students and educators also report concerns regarding overreliance on these

models, as well as ethical issues such as cheating and plagiarism.
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Chapter 1

Introduction

In modern society, many elements are challenging education systems. Two typical
elements are the education policies and the corresponding techniques. Education
policies are closely associated with pandemics in different countries, and a typical
example is the COVID-19 pandemic, which has significantly altered education
policies worldwide. For the techniques, a large number of researchers have be-
gun to explore the roles of LLMs in education, greatly challenging the current

development of education.

1.1 The COVID-19 Pandemic and Its Impact on

Education

1.1.1 Overview of the COVID-19 Pandemic

COVID-19 has had a profound impact on various aspects of the world since its
emergence in 2020. Initially, the virus was identified in 2019, and nearly all
countries were affected by the pandemic in 2020 [1]. In response to the global
outbreak, it was officially declared a pandemic in the first quarter of 2020 [2].
Multiple countries, including China, Japan, Australia, Germany, and France,
were severely impacted by the pandemic [3]. In May 2023, the World Health
Organization (WHO) announced the official end of the global pandemic phase of
COVID-19 [4]. Therefore, the pandemic lasted for more than three years globally.



1.1 The COVID-19 Pandemic and Its Impact on Education

The long-term pandemic has resulted in extensive health-related consequences,
including both physical and psychological issues. First, COVID-19 led to a high
number of deaths and infections globally due to its high transmission rate. When
the pandemic was officially declared in March 2020, the number of confirmed
cases exceeded 120,000 [2], with similar mortality levels observed in many other
countries. Moreover, a wide range of long-term symptoms has been identified
among recovered patients. According to a medical research study, the COVID-
19 symptoms include fatigue, cognitive impairment, and numerous other serious
conditions [5], affecting a substantial proportion of individuals who contracted
the virus.

In addition, the pandemic has also triggered widespread psychological distress
among families, primarily due to lockdown policies. These policies often required
students to remain at home during extended periods of school closure. Numer-
ous studies have indicated that some students, particularly children, experienced
feelings of isolation, which in turn contributed to elevated levels of anxiety and
depression [6]. In several countries, suicide rates also increased during this time

[6]. Furthermore, fear of the disease itself was intensified by the pandemic context

[6].

1.1.2 COVID-19 and Education Changes

Due to the severity of the pandemic, numerous countries—including the U.S.,
Australia, Germany, France, the Netherlands, China, Thailand, Cuba, India, and
Morocco implemented lockdown policies [7|. These lockdown policies aimed to
restrict human mobility and reduce face-to-face interactions among residents |7].
Domestic lockdowns confined residents to their dwellings, while international lock-
downs involved the closure of national borders, resulting in significant reductions
in international flights and other cross-border public transportation services |7].

One of the most significant policies affecting education was that a large num-
ber of educational institutions transitioned from their traditional teaching mode,
face-to-face instruction, to online learning. Before the COVID-19 pandemic, the
techniques were adopted by some universities [8], but the COVID-19 pandemic

strengthened the trends of online studies. During the pandemic, under the strict
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lockdown measures in multiple countries, nearly all educational institutions, in-
cluding early childhood services, primary schools, secondary schools, universities,
and various other institutions, were forced to close [9]. In response, a vast number
of institutions replaced traditional in-person teaching with online learning. Stu-
dents were required to complete most assessments, presentations, and examina-
tions through online platforms [9]. Various digital tools and platforms, including
Zoom and other technologies, were adopted by schools to adapt to the substantial
shifts within the education sector [9].

Due to its great influence, many scholars in the education sector have con-
ducted extensive research on its effects on different aspects of education. Some
studies have found that academic performance in higher education was negatively
affected by pandemic-induced anxiety and fear [10], while others have shown that
students’ time spent on academic activities significantly declined [11].

Despite these findings, most existing studies have focused on individual coun-
tries at a single point in time, lacking broader analysis from a global perspective
and failing to consider differences among various ethnic groups. As a result, it is
unclear whether the pandemic’s impact on education is consistent across all eth-
nicities and countries worldwide or whether the pattern of impact varies across
different stages of the COVID-19 pandemic. Therefore, the scope of the research
must be expanded.

Therefore, these are the two research questions in the thesis aiming to address
the issues: 1. How has the COVID-19 pandemic influenced academic performance
across multiple countries at different stages of the outbreak?

2. How have school attendance patterns among various ethnic groups within
a single country been impacted during the different phases of the COVID-19

pandemic?



1.2 Large Language Models(LLMs)-Foundations and Educational
Relevance

1.2 Large Language Models(LLMs)-Foundations and

Educational Relevance

1.2.1 Evolution of LLMs

As an important branch of artificial intelligence (AI), LLMs have significantly
evolved over the past century [12|. These models are defined as deep learning
systems designed for language processing tasks [13]. Specifically, many experts
describe them as a type of Al system able to generate texts based on extensive
training [12].

There are several distinct phases of the development of LLMs. Initially, they
were introduced as tools for natural language processing (NLP) [12]. In the 1950s,
the foundational concepts of NLP were proposed and began to be implemented
[14]. However, by the 1970s, rule-based systems faced significant challenges in
generating coherent text due to the complexity and variability of natural lan-
guages, as well as the rapid advancement of computing technologies and the
internet worldwide [12, 14]. As a result, researchers developed statistical models
that did not rely on predefined linguistic rules [12], marking a breakthrough in
NLP [14]. In the 2010s, LLMs experienced substantial growth [12]. For example,
the GPT series, first introduced in 2018, has undergone multiple iterations in less
than a decade and has been widely adopted across many countries [12].

There are various types of LLMs. One of the most prominent is the GPT
series. Since its initial release in 2018 [12], the model has seen rapid advancements.
GPT-2 demonstrated the ability to perform diverse tasks without task-specific
training, while GPT-3 expanded significantly in scale [12]. In addition to the
GPT series, other notable LLMs include LLaMA, PaLM, and several others [15].

1.2.2 Global Landscape of LLMs Applications

In modern society, LLMs have been widely adopted across the globe.
LLMs have been implemented in numerous industries across various countries.

For example, in China, LLMs have been utilized to analyze the distribution of
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specific types of crime [16, 17, 18, 19]|. Additionally, in India and some other coun-
tries, they have been applied in the construction industry for tasks such as text
and image generation, engineering design, and querying construction engineering
datasets [20, 21, 22, 23|.

Beyond China and India, they have been widely adopted in multiple sectors in
the United States (U.S.). Many medical students in the U.S. have incorporated
GPT series into their academic routines, adopting it for support in areas such
as diagnosis, treatment planning, and clinical decision-making [24, 25, 26, 27|.
Furthermore, LLMs have also been applied in policy development and reform
in the United States [28], indicating a growing presence of such technologies in
public administration and governance [29, 30, 31, 32|.

In Australia, LLMs have similarly been applied across a range of domains.
Some experts have leveraged LLMs for cybersecurity purposes [33, 34, 35, 36].
Additionally, GPT has begun to be implemented in teaching and learning prac-
tices at various Australian universities [37]. LLMs were adopted to assess different
aspects of remote work during the lockdown period, including job advertisements,

employment offerings, health-related tasks, and task coordination [38, 39, 40, 41].

1.2.3 Educational Potentials and Challenges of LLMs

Due to the widespread application of LLMs, it is evident that these models have
been extensively adopted in the education sector.

Numerous LLMs have been implemented for various educational purposes.
The GPT series, for instance, has been utilized in numerous examinations and
assignments across disciplines such as medicine, programming, mathematics, and
physics [42, 43, 44|. Additionally, they have also been employed for coding cor-
rection and grammar checking [45]. Additionally, other LLMs have also been
integrated into educational settings [46]. These models support functions such as
personalized learning, course preparation, prompt engineering, and various other
applications.

Given the rapid expansion of LLMs across multiple industries and their rela-
tively early stage of development, there is ongoing debate regarding their positive

and negative impacts. Many studies highlight the beneficial effects of LLMs on
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academic activities. For example, some researchers find that LLMs provide more
constructive feedback and task-specific suggestions compared to traditional meth-
ods [45], while others report that the efficiency of feedback delivery by LLMs sur-
passes that of human reviewers [47|. Conversely, some studies suggest potential
drawbacks. Critics argue that reliance on LLMs may lead to reduced motiva-
tion for independent study [48], and concerns have been raised about increased
incidences of academic dishonesty and ethical issues among students [48].

Despite the growing body of research, two major gaps remain in the existing
literature. First, most studies focus on specific disciplines, primarily medicine
[49], thereby limiting the understanding of LLMs’ impact across the broader edu-
cational spectrum. Second, the majority of research examines either educators’ or
students’ perspectives exclusively, lacking a comprehensive comparative analysis
of attitudes toward LLMs from both groups [49, 50].

To address these gaps, the proposed research question is: “What roles do

LLMs play in education and how do they influence students and educators?”

1.3 Research Objectives

Due to the existing gaps in understanding how the COVID-19 pandemic and
LLMs impact education, this thesis aims to address these issues from multiple
perspectives.

The research first addresses the gaps concerning the influence of the pandemic
across different countries and phases. Specifically, statistical data from various
countries worldwide is analyzed using consistent standards to determine whether
the impacts vary between nations. Furthermore, the effects on different ethnic
groups within multicultural countries are examined to explore whether there is
a consistent pattern of the pandemic’s influence on education across diverse eth-
nicities.

Regarding the gaps related to LLMs and education, several corresponding
approaches will be undertaken. First, the roles of LLMs in different academic
subjects are investigated. Additionally, the various functions of LLMs in edu-

cational contexts are explored. Finally, a comparative analysis is conducted to
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assess the influence of LLMs on education from both the students’ and educators’

perspectives.

1.4 Research Significance

The research on the influences of the pandemic and LLMs on education is very
important for multiple reasons.

First, the thesis informs future research by providing insights into pandemics,
highlighting commonalities and differences across various phases from multiple
perspectives. For example, educators and the corresponding educational insti-
tutions need to establish clear policies and mechanisms for international stan-
dardized tests, based on the observed changes in academic performance across
different phases of the COVID-19 pandemic, to mitigate the pandemic’s impact
and ensure fairness in multiple international assessments.

Additionally, it offers a comprehensive overview of the multiple roles of LLMs
in education, shedding light on common applications and critical reflections re-
garding their adoption. When aligned with international framework standards,
this research guides the responsible adoption of LLMs in educational institutions
and related IT sectors.

Moreover, examining the impact on multiple ethnicities provides valuable
guidance for policy development. Governments and policymakers require a thor-
ough understanding of the similarities and differences in how various ethnic groups
are affected, enabling them to formulate more effective and equitable policies in
response to future pandemics.

Furthermore, the research offers recommendations for improving LLM-related
technologies. By analyzing both the positive effects and negative effects of these
models, the findings will support developers in advancing more effective and prac-
tical applications. The inclusion of perspectives from both students and educators
will also help LLM developers address ethical concerns and implement measures

to mitigate moral issues associated with their adoption.
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1.5 Thesis Structure

There are several chapters in the thesis. Chapter 2 presents a literature review
that systematically analyzes the existing gaps in current research studies, and
Chapter 3 outlines the foundational knowledge relevant to the thesis. The lit-
erature review analyzes existing research findings and identifies corresponding
gaps, while the preliminary section outlines various methodologies and criteria
for selecting the database. Chapters 4 and 5 examine changes in TOEFL and
GMAT test performances over multiple years. Chapters 6 and 7 explore how
the COVID-19 pandemic impacts the school attendance rates in New Zealand.
Chapter 8 explains several roles of multiple LLMs in education and the positive
and negative influences of these models. Finally, the discussion will analyze the
key findings of all chapters, while the conclusions will summarize the highlights
of the thesis.



Chapter 2

Literature Review

2.1 Impacts of COVID-19 on Education

COVID-19 has significantly impacted student academic achievements across mul-
tiple countries and different phases of the pandemic.

First, the pandemic’s effects on education have varied across countries and
demographic groups. For example, research on Chinese primary and secondary
students indicates gender differences in the pandemic’s impact on mathematics
performance [51]. Similarly, German students aged 18 to 24 experienced pro-
nounced academic disruptions [52], while in South Africa, school attendance rates
sharply declined following the outbreak [53].

Second, the COVID-19 pandemic has influenced the education systems and
corresponding studies during the pandemic. Studies analyzing learning growth
between 2020 and 2021 reveal negative effects on the K-12 education system
during the pandemic [54]. Additionally, research emphasizes the need for targeted
education policies to enhance the students’ study motivations towards having
face-to-face studies [10].

Furthermore, multiple dimensions of education have been affected. Numerous
studies report declines in academic performance in multiple examinations [55, 56,
57|, alongside reduced participation in examinations and other study activities
[58, 59].

However, existing research has some limitations. Most studies focus on one

or two years and typically examine only one or a few countries, limiting the
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generalizability of their conclusions. Moreover, analyses often concentrate on a
single educational outcome, and the differential effects on diverse ethnic groups
remain underexplored.

This thesis aims to address these gaps by broadening the scope to include
multiple countries worldwide with available data. It also incorporates analyses
of different ethnicities. Furthermore, the thesis covers a longer timeframe—pre-
pandemic, pandemic, and post-pandemic periods—and evaluates various educa-
tional outcomes, including academic performance, examinee numbers, and atten-

dance rates.

2.2 LLMs in Educational Contexts

Due to the widespread adoption of LLMs, numerous studies have investigated
their applications in the education sector. The research is highly significant be-
cause education plays a crucial role in shaping individuals’ lives. Its value is
intrinsic and fundamental [60], which underscores the importance for educators
to design clear schemes for both teaching content and instructional methods. Fur-
thermore, educational institutions provide students with opportunities to develop
their personal character [60]. Therefore, these institutions need to implement ap-
propriate strategies to mitigate any potential negative influences of large language
models [61].

Due to its significance of education, research has examined the role of LLMs
across a variety of disciplines. Some studies focus on their use in medical edu-
cation [62, 63|, while others explore applications in programming [64] and engi-
neering [65].

In addition to disciplinary coverage, existing research has explored various
functions of LLMs in educational contexts. These include the roles of LLMs as
participants in multiple examinations [66, 67|, the functions of feedback genera-
tion across subjects, and code generation in computer science education [20, 68].

Despite these contributions, many existing studies are limited in scope, often
focusing on a single discipline or specific application. In contrast, the perspectives

are limited to students or educators, so there are no comprehensive overviews of

10
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the influence of LLMs on different disciplines from different perspectives. There-
fore, this thesis seeks to comprehensively analyze LLMs in education, examining

their impact across multiple subjects and diverse educational functions.

11



Chapter 3

Preliminary

3.1 Data Comparison Method

The thesis needs to compare the datasets across multiple years, so it is important
to comprehensively analyze each data comparison method.

Generally, there are two types of comparison methods, including the paramet-
ric method and the non-parametric method [69]. Generally, in theory, the para-
metric test is applied only when three assumptions are met [69]. The datasets
need to follow the normal distribution. In contrast, the homogeneity of variance
in all datasets in the tests should be identical [69], which means that in the prac-
tical comparison tests or data analysis, there should be no significant differences
in the standard deviations of each data group. The third assumption is that each
variable should be independent [69].

However, in practice, it is very challenging to ensure that the distribution
is normal while the data variance is identical. The sample size of datasets also
influences the choices of the statistical analysis [70], because in practice, it is
much more challenging to ensure all datasets are exactly normally distributed.
The sample size of the one-sample t-test should be at least 20, while for the
two-sample t-test, the sample size should be at least 15 [70].

12
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3.1.1 Parametric Comparsion

3.1.1.1 Omne-Sample t-Test

The one-sample t-test is usually adopted to explore whether there are significant
differences between the population mean and an assumed value [71]. In practice,
the assumed value may be standardized, while in many cases, a hypothesized
value may be proposed [71].

The tests include one-tailed and two-tailed t-tests [72].

The null hypothesis of both the one-tailed ¢-test and the two-tailed ¢-test is
the same, which is [72]:

Hy @ pn = po

The alternative hypothesis for the two-tailed t-test is [72]:

Hy : i # o

The alternative hypothesis for the one-tailed t-test is [72]:

Hy:pn < po
or

Hy:py > po
The formula of the t-value is (3.1) [73]:

_ T — Mo

~s/yn

where ¥ denotes the mean value in the sample, s represents the standard devia-

! (3.1)

tion, and n is the sample size.

Generally, the p-value is adopted to assess whether the researchers should
reject the null hypothesis [74]. The p-value needs to be confirmed with the de-
grees of freedom and the t-value in certain forms. The degree of freedom is also
calculated based on certain standards.

If the p-value is less than a certain percentage, then there is sufficient evidence
to reject the null hypothesis that the two means are the same [75]. On the

contrary, in theory, the researchers should not reject the null hypothesis because
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there is insufficient evidence [75]. However, even if the null hypothesis is rejected,
it does not mean that the two average numbers are equal [75]. Generally, the
p-value is compared with 5% in most research studies [76]. Although there are
certain arguments on the adoption of p-values and corresponding levels, 5% is
still adopted by most researchers. For example, in multiple medical research
studies, the p-value is usually compared with 5% [76]. However, in some research
studies on a higher accuracy level, it is necessary to adopt a stricter level. In a
large number of precise research studies, including the neural network or certain
clinical practice, a much lower p-value may be adopted [77]. Also, in some other

studies, such as social sciences, 10% has been adopted for the comparison [78§].

3.1.1.2 Two-Samples t-Test

Paired-Samples ¢-Test The paired-samples t-test is a statistical tool for the
comparison of two sets of data to explore the existence of significant differences
between them [79]. The aim is to explore whether the mean differences between
the two datasets are equal to zero or not in the population. However, one impor-
tant assumption is that the two datasets need to be associated with each other
[79]. Therefore, the test is based on the mean difference for each corresponding
pair, and the mean difference needs to follow the normal distribution [79].

These are the hypotheses for the paired-samples ¢-test [80]: The null hypoth-
esis is:

Hoy:pp—p2=0

The alternative hypothesis of the two-tailed t-test is:
Hy:py —p2 #0

The alternative hypothesis of the one-tailed t-test is:
Hy:pp —pe <0

or

Hy:pg—pe >0
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The formula of the t-statistic to explore the p-value is listed as Equation
(3.2)[81]. -
o d

Sd/ \/ﬁ

where n represents the number of samples in a group, d refers to the average mean

¢ (3.2)

differences, while s, represents the standard deviation of the mean differences.

The results will also be compared with the p-value, a reference statistic for
whether to reject the null hypothesis or not [81]. Also, the positive results indicate
that the mean of the population in the second group tends to be larger than that
of the first group [81]. On the contrary, the mean in the second group tends to
be lower than that of the first group.

However, there are some limitations of this data comparison method. The
significant outliers in the differences will greatly influence the accuracy of the
results [79]. There should be no extreme values in the mean differences. For
example, if most of the mean differences are between 20 and 30, but one mean
difference is 1000, then it is not appropriate to apply the method. Also, the
paired-samples t-test is limited to the continuous scale data, including the interval
and ratio level [79].

Generally, in practice, the test is adopted for the comparison of the means of
certain groups under specific experimental conditions [82|. The examples include
the comparison of student performance of the same student groups in different
courses, the body results of the same residents before and after certain medical
examinations or other experimental tests, and the comparison of certain aspects
of twins [82].

Independent-Samples t-Test The independent-samples ¢-test is another im-
portant data comparison test for two samples, which is different from the paired-
samples t-test to some extent [83].

Similar to the paired-samples t-test, the datasets are estimated on a contin-
uous scale [82]. However, the two groups under this analysis method are not
dependent on each other [83]. Some key examples of the test include comparing
test scores between two random groups in the same courses and the number of

articles submitted by two different types of professors in two different years in the
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same university [82]. Additionally, in the paired-samples ¢-test, the assumption is
that only the corresponding mean differences based on each data point should fol-
low a normal distribution. In contrast, for the independent-samples t-test, both
datasets should follow the normal distribution [81].

The null hypothesis is [84]: Hq : 1 = po

The alternative hypothesis is: Hy : i1 # o,

where 1 represents the mean in the first sample group and py represents the
mean in the second sample group.

T-statistic is also adopted in the analysis to explore the corresponding p-value

for the hypothesis test. The formula for the ¢-statistic is (3.3) [84]:
R S (3.3)
1,1
2 (H+%)

where n is the sample size, and the results will also be compared with the p-value,

and the logic is similar to the paired-samples ¢-test.

There are also some limitations of the independent-samples ¢-test in practical
applications. First, it is also limited to data of a continuous scale [85]. Another
key limitation is that the samples must be randomly selected. However, it is
arguable how to randomly select samples and whether the samples are represen-

tative of the population [85].

3.1.1.3 More Than Three Variables

In practice, some comparison tests need to include more than two groups, while
the one-way ANOVA test is a typical one among the comparison tests for three
or more variables.

The one-way ANOVA test is the extension of the independent-samples t-test,
and it is usually adopted for three or more groups [86].In the test, researchers
assume that the number of groups for comparison is k. These are the hypotheses
for the one-way ANOVA test [86]: The null hypothesis is:

Ho:pr=pe =" =

H; : At least one group mean differs from the others.
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In the test, the researchers will also adopt the p-value for comparison to make
decisions on whether to reject the null hypothesis. In the test, the F-statistic is
adopted to get the corresponding p-values and explain the data comparison for
the research, which is shown as (3.4) [87].

S (@ — 1)

MSB E—1
Pt - oL (3.4)
Zi=12j=1(371j T;)
N—k

where MSB refers to Mean Square Between Groups, MSW represents Mean
Square Within Groups, n refers to the sample size, k refers to the total group
number, ¢ refers to the indexing of each group under estimation, and j refers to
the indexing of the number of the data point in the ¢ group.

The one-way ANOVA test has been applied in many sectors because of its
characteristics. One of the most popular ones is nursing research, especially test-
ing phenomena [88]. Additionally, it has also been adopted in a large number
of machine learning studies, especially in situations where there is a high dimen-
sionality issue [89], where the one-way ANOVA test is adopted to filter out the

features.

3.1.2 Non-parametric Comparison

Compared with the parametric method, the non-parametric one is not based
on the assumption that the outcome variables in certain datasets follow a nor-
mal distribution [90]. However, in practice, it is very challenging to have a real
normal distribution. Therefore, multiple comparison tests are set up for the non-
parametric comparison, while the Wilcoxon signed-rank test is a typical example.

Some researchers define the Wilcoxon signed-rank test as the extension of
the paired-samples t-test, while the assumption is that the distributions of the
differences need to be symmetrical [91].

Generally, it is often applied for the comparison of the median between two
datasets. All of the non-zero differences in the two groups are ranked from the
lowest to the highest based on the absolute values. The sum of the ranking num-

bers of the positive differences is calculated, while the sum of the corresponding
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negative ones is also calculated. W and W~ represent the sum of the positive
ones and negative ones [91]. Then we need to select the lower ones to calculate
the p-values. After getting the p-values, they will be compared with 5% or other
thresholds to check whether to reject the null hypothesis or not [92].

3.2 Correlation Analysis

Correlation analysis is adopted to analyze the possibility and strength of associa-
tion between two variables [93]. Generally, three common methods include Pear-
son correlation, Partial correlation, and Spearman rank correlation [93|. However,
it just refers to the relevance between different variables instead of the explanation

of the reasons for the changes.

3.2.0.1 Pearson Correlation Analysis

It is one of the most common methods in research studies. The assumption is
that the datasets follow a bivariate normal distribution, so the method is usually
adopted to analyze the jointly normally distributed data [94].

The corresponding calculation formula is shown as [94]:

= >z (T =)y — 9)
\/Zyzl(‘ri - j)2\/2?:1(% —y)?

where n represents the number of data points, Z and gy represent the mean value

(3.5)

of the two datasets, respectively, and 7 refers to the index of the corresponding
data points.

The correlation coefficients illustrate the directions and the strengths of the
two variables, ranging from -1 to 1. The negative result refers to a negative
correlation, while the positive result refers to a positive correlation. If the cor-
relation coefficient is -1 or 1, it indicates that all of the observed values can be
described on a straight line [95]. However, in practice, the correlation coefficient
values are not up to the ideal level. If the absolute value is less than 0.40, then
it is considered as weak; if the absolute value is between 0.40 and 0.69, then it
is considered as moderate correlation; if the absolute value is no less than 0.70,

then it is considered as strong correlation [95].
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The application of the Pearson correlation analysis is under exploration. There
has been a large number of corresponding research studies, including food indus-
try research [96] and surgery research [97]. However, in some situations, some
experts argue that despite not being normally distributed, the Pearson correlation
analysis can still be adopted as a complementary tool, and the typical example

is the correlation analyses in medical science [98].

3.2.0.2 Partial Correlation Analysis

Partial correlation is another important correlation analysis method. It is to
explore the association between two variables by adjusting for the disturbance of
other remaining independent variables [99].

The formula of the partial correlation coefficient is shown as (3.6) [100]:

- . 'xy —TxzVvz
XYz =
\/(1 —1%2) (1 —1¥5)

where X, Y, and Z represent the three independent variables under the analysis.

(3.6)

The partial correlation coefficient has been applied in various sectors. Among
these, a typical example is its adoption in the financial market [101]. Specifi-
cally, researchers have employed this method in stock market studies to examine
whether changes in the price of one stock influence the trends of another stock
[101]. Since multiple factors in financial markets interact with each other, partial
correlation is adopted to control for the influence of a third key variable, allowing

for a clearer focus on the direct relationship between two specific stocks.

3.2.0.3 Spearman Correlation Analysis

The Spearman correlation coefficient is another method adopted in multiple re-
search studies. Its applicability is broader than the other two correlation analysis
methods in certain scenarios. For example, it can be applied to datasets that in-
clude some extreme values, as it is estimated based on rankings instead of actual
values [102].

The analysis method is based on ranking data within each group [102|. In both

groups, the values of each variable are ranked from the lowest to and highest [102].
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The formula for Spearman correlation coeffecient is illustrated as Equation(3.7)
[102]:
63> i, d

r=l- o (3.7)

where n is the sample size and d; represents the corresponding differences between
data points.

The method has also been applied to a large number of applications. For
example, the analysis of the consumer preferences [103]. Moreover, it has been
applied in some analyses in the transportation industry. For example, some
researchers have adopted the method to analyze the reasons for the post-failure
of city buses [104].

3.3 Regression Models

Artificial intelligence is booming in modern society, and machine learning meth-
ods are one of the most important components. There are a large number of
corresponding techniques, including supervised learning, unsupervised learning,
and semi-supervised learning [105].

Generally, the supervised learning method is usually adopted to address the
classification and regression problems [105]|. The classification means categorizing
the output variables into several groups [105]. The key examples include scanning
the emails to select the trashed ones or not, and categorizing certain animals as
reptiles or mammals. Regression is the exploration of the relationship of several
existing datasets [105]. Generally, it is applied for data predictions, explanations,

causal inferences, and a large number of other aspects.

3.3.1 Linear Regression

Linear regression has been very commonly adopted for the analysis of the asso-
ciation among multiple variables. The method includes simple linear regression
and multiple linear regression [106]. The simple linear regression aims to explore
whether there is a linear relationship between one independent variable and one

dependent variable [106]. The multiple linear regression (MLR) is adopted to
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explore the relationship between multiple independent variables and one depen-
dent variable, which is to find the most appropriate weights of each predictor, the
independent variables, for the predictions [106].

However, despite its popularity, there are several assumptions. Firstly, it is
assumed that there should be a linear relationship, while the data points in all of
the datasets should be independent, which means that one observation should not
impact the values of the other observation [107]. In addition, the prediction errors
between the predicted ones and the actual ones should be nearly identical, which
means that there should not be large fluctuations among all of the errors, while
the errors should follow a normal distribution. Another important assumption
is that no linear relationship exists between any two independent variables [107].
However, in practice, it is very challenging to ensure that the five assumptions
are exactly right. Therefore, in practice, researchers may also adopt the method
even if the statistics do not align with some assumptions.

There are numerous applications of the two types of linear regression models
in different disciplines. For medical science, they have been adopted in the asso-
ciation between evaluating certain behaviors and diseases, while for the finance
sector, they have been estimated for the investment of certain assets, and some
experts analyze different types of environmental science issues with the method
[108].

3.3.2 Support Vector Machine

Support Vector Machine (SVM) is another widely adopted machine learning
method. Some scholars proposed the concept in the 1970s [109]. Originally
developed for classification tasks, SVM was subsequently extended to regression
problems, resulting in the formulation of Support Vector Regression (SVR) [109].

SVR is also designed to construct a regression model, but the training process
to get an optimal result is different from the linear ones, and the formula is

illustrated as (3.8) [110].

flz)=wlx+b (3.8)
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However, the loss functions of the two regression models are greatly different
from each other. Generally, the linear regression model takes all of the losses
into consideration, but not all of the differences are included under the regression
analysis of SVM [110]. Only the sensitive loss functions are considered.

Because of its suitability for high-dimensional spaces, it has been adopted
for some predictions in different research studies. For example, some researchers
have adopted it for short-term forecasting COVID-19 trend based on the existing
database [111]. Also, some other researchers have explored fruit quality attributes
with the support vector machine models and other methods [112]. Additionally,
some researchers have found that the predictions were highly accurate in predict-
ing porosity in reservoir evaluation [113].

However, researchers also point out that there are some limitations of SVM
in regression analyses. First, it is not very suitable for handling large datasets
due to its high computational complexity [110]. In addition, because of the lack

of probabilistic output, its reliability may be limited in various scenarios [110].

3.3.3 K-Nearest Neighbours

The history of the application of the k-nearest neighbours(KNN) method is very
long. It was originally proposed in 1951 and extended to other applications such
as data mining [114].

There are multiple steps of the regression model, while the key principle of
KNN is its likelihood of similarity [114]. The first step is to select K. K refers
to the nearest neighbor number for a new record [115]. It needs to compare all
of the data points to explore the optimal value of K, which is greatly associated
with having accurate model predictions [114]. The commonly applied method
for the determination of K is experimentation and cross-validation, while in some
domains, some experts may adopt a predetermined value [115|. The reason for
the strict process is that a lower K may result in overfitting, which reflects some
extreme values instead of the overall patterns [114], while a higher K may result
in underfitting [114]. The second step is to calculate the distance from all data
points based on a new instance, while Euclidean is one of the most common

metrics [114]. After calculating the distance, the researchers will select several
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points according to the K-value, while the last step is to calculate the final value,
and in the regression model, the final value is usually the mean or median value
[114].

However, despite its simplicity in implementation, the KNN method has cer-
tain limitations in practice. One reason is that large-scale databases negatively
affect computational efficiency due to increased calculation time [114]. In ad-
dition, in high-dimensional problems, the model often fails to achieve optimal
performance [114].

Because of its simplicity, it has been adopted in some key areas. For example,
it has been applied to disease prediction [116]. Also, in the energy industry,
some experts applied the method for the prediction of the solar radiation levels
[117]. However, because of its limitations, in many situations, some experts
have enhanced its applications with other corresponding methods to improve the

prediction accuracy rates [117].

3.3.4 Guassian Process Regression

Gaussian Process Regression (GPR) is an important non-parametric method. It
is simple to implement, and its flexibility makes it a powerful tool for various
applications [118], as it is based on Bayesian principles.

The logic of GPR differs from that of traditional regression models. The key
concept is that, based on the existing data points, the kernel of GPR represents a
large number of potential regression functions. Each of these functions is assigned
a probability, reflecting different possible regression models. By combining all
these models, GPR produces a weighted average of the predictions [118].

Because of its characteristics, there are a large number of applications in
multiple industries. In China, it has been applied to time series prediction, and it
has also been applied for control system design and identifying dynamic system
models [119].

However, one of the key limitations is the limitation of the data size. The
computation is very expensive, while if the dataset is sufficiently large, data
storage and processing are also important issues to be taken into consideration
[118].
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3.3.5 Partial Least Squares

Partial Least Squares (PLS) is a set of modeling methods that establish rela-
tionships between multiple observed variables and latent variables [120]. It is
based on the assumption that a small number of latent variables drive the system
and generate the observed variables [120]. The underlying principle of PLS is
to transform multiple independent variables into latent variables based on their
weights and other factors, thereby reducing feature dimensionality and address-
ing multicollinearity issues in regression models. This process is repeated several
times to identify the most appropriate set of latent variables [120]. Therefore,
PLS is suitable for models with many features and relatively small sample sizes.

PLS has been applied across various industries and academic disciplines. For
example, it has been adopted in environmental protection efforts, including im-
provements in plastic waste management [121]. In addition, some researchers
have employed this model to analyze public attitudes toward social restrictions
in Indonesia during the lockdown period [122].

However, the model also has certain limitations. One key disadvantage of
PLS regression is that the parameter estimates of some PLS methods are not

consistent, and when the sample size is large, the model tends to exhibit bias

[120].

3.3.6 Multi-Layer Perceptron

The Multi-Layer Perceptron (MLP) is a type of neural network composed of an
input layer, one or more hidden layers, and an output layer [123]. The input layer
receives the original data, while the hidden layers perform weighted calculations
and apply activation functions. The final output is produced by the output layer
[123].

This method offers several advantages. First, it is relatively simple for re-
searchers to implement because it does not require extensive prior knowledge
[124|. Additionally, the model generates results directly through the learning

process and can capture both linear and nonlinear relationships [124].
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Due to these advantages, MLP has been widely applied across various fields.
For example, it has been utilized in diagnostic systems [125] and for optimizing
microcellular radio environments [126].

However, the method also has limitations. First, there are no established
standards for determining the number of layers in the model, necessitating re-
peated experimentation [124]. Moreover, the model requires retraining when new
datasets are introduced in addition to the original data, which increases compu-

tational complexity [124].

3.3.7 Decision Tree Regression

It is another common non-parametric data analysis method. The name of decision
tree regression (DTR) originates from its corresponding branching structure, and
it has been adopted for data analyses since the 1960s, including classification tree
and regression tree [127].

The advantage of DTR lies in a large number of aspects. To begin with,
the implementation process is very easy to operate, which simply splits the data
statistics into several groups [127]. In addition, in practice, there are some skewed
data points in the original datasets; DTR can reduce the impacts of the extreme
values in the datasets [127]. Moreover, because it simply splits the datasets into
the subgroups, which enables the participants to have an enhanced understanding
of the final results, and it is more coherent for the researchers to have a systematic
interpretation [127].

The logic of DTR is very straightforward. Based on certain criteria, the
datasets are divided into two leaf nodes, and then both of the subgroups are
continually split into different groups, and the predictions in both of the sub-
groups are the average value of the dependent variables in each subgroup [127].
Therefore, the prediction values are different in each group.

It can be applied in a large number of sectors. For example, some experts
have attempted to utilize it to optimize the business process [128|. In addition, it
has also been adopted for the predictions of in-house mortality for medical areas
by some experts [128]. Moreover, it has also been adopted in the travel industry
[128].
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3.4 Evaluation Metrics

For each regression model, there are likely some differences between the results
generated by the models and the actual ones. The differences among regression
models, based on observed sample values, exhibit substantial variation.

Therefore, researchers need to select the most appropriate evaluation metrics
for comparison to explore whether the estimated values based on certain models
are accurate. Fach evaluation metric has its advantages and disadvantages. Mean
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Mean Squared
Error (MSE), and Root Mean Square Error (RMSE) are the four most common
metrics for evaluating whether there are any differences between the estimated
values with regression models and the ones in the original datasets.

MAE is an important measure of the errors. It is an indicator to explore
whether the differences between the estimated values and the actual ones are sig-
nificant or not [129]. It has been generally applied for model evaluation, which has
been adopted in many disciplines, including data mining, biosciences, geosciences,
and other subjects [130]. The formula of MAE is illustrated as Equation(3.9)[129].

1 & X
MAE =~ |y — il (3.9)
i=1

where n is the sample size, y; refers to the actual value of certain independent
variables and j; represents the predicted values from regression models. If MAE
is equal to 0, it means that the results are perfect in practice.

As shown in the formula 3.9, the key advantage of MAE is its directness. The
differences are intuitive because the absolute errors are accumulated, which is not
influenced by the weight or other factors [129].

However, the key disadvantage of MAE is that it does not capture the mag-
nitude of changes, as it is scale-dependent. In practice, different datasets have
varying scales. Although the MAPEs may not differ significantly, the proportion
of changes can vary significantly.

MAPE is another important forecast accuracy metric. The calculation of
MAPE is (3.10) [131].
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n

MAPE = * Z

n
t=1
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, (3.10)

where n represents the sample size, y; represents the actual values and ¢; denotes
the predicted values.

The formula 6.2 illustrates that one of the key advantages of the metric is the
illustration of the proportion of the extent of the change levels. Multiple datasets
have their scales. The influence of the same differences between the estimated
values and observed ones varies in different groups, with varying ranges. The
weight of the changes is under analysis and illustrates the corresponding changes
for different datasets.

However, one of the most significant disadvantages of it is the accuracy value.
In some scenarios, the actual values are minimal, so the MAPE values are quite
large [131]. When the observed values are closer to zero, it may provide infinite
or undefined values [131].

MSE is another important evaluation metric.

The formula of the MSE is demonstrated as Equation (3.11)[132]:

n

1 .

MSE = E;@” —§;)? (3.11)
where n represents the sample size, y; represents the actual values and ; denotes
the predicted values.

As depicted in the formula 3.11, the metric estimates the mean differences
between each actual value and the corresponding predicted ones. The average
change is illustrated, which shows the overall differences between the predicted
values and the observed values [132].

However, one key disadvantage is that some differences may be magnified. The
reason is that the formula 3.11 amplifies the differences. Therefore, it is likely
that if there are some extreme differences in values, then results may overstate
the actual differences.

RMSE is just the square root of MSE, and the formula is shown as Equa-
tion(3.12) [129]:
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3

i=1

S|

where n represents the sample size, y; represents the actual values and J; denotes

the predicted values.

3.5 Databases

Several chapters in the thesis focus on COVID-19 and education. Therefore, it is

important to select the most accurate COVID-19 and education datasets.

3.5.1 COVID-19 Databases

The thesis is mainly focused on the impacts of COVID-19 and corresponding is-
sues, so it is essential to select the most appropriate COVID-19 datasets. Through-
out the periods of the pandemic, a large number of COVID-19 datasets have been
collected. Some datasets reflect the cases and numbers of the pandemic, while
others reflect the vaccinations throughout the historical period. It is important to
categorize the different databases and conduct a comprehensive review of multiple
COVID-19 databases with multiple criteria.

First, it is important to select databases that are collected by authoritative
organizations, including governments or other non-profit public organizations.
The aim is to ensure the reliability of the databases, which can more accurately
reflect the impacts of the pandemic. Generally, governments usually have more
resources to allocate for the systematic summary of statistics, so it is important
to adopt governmental databases.

In addition, it is necessary to select comprehensive databases with multiple
criteria. One important metric is to select databases spanning multiple years,
which reflect the changes of the pandemic throughout different periods. Another
important metric is to select international databases, because generally, the data
collection methods for identical databases are consistent across multiple countries.
If the COVID-19 databases are from multiple countries, the data collection meth-

ods are very likely to be inconsistent, making it impossible to compare the varying
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influences across countries. Moreover, it is also important to select databases that
cover multiple aspects of the COVID-19 pandemic. The factors include the daily
cases, the accumulated cases, the vaccinations taken, the people fully vaccinated,
the emergency level, and other relevant ones. Therefore, the databases selected
also need to include multiple aspects of the COVID-19 pandemic.

In addition, the selection of databases with daily statistics is also essential.
The reason is that daily databases can reflect the changes in COVID-19 trends
within each country, while also allowing comprehensive comparisons with the

corresponding policies.

3.5.2 Academic Performance Metrics

Different academic performance datasets are also collected by national and inter-
national organizations.

There are two important aspects of the evaluation of academic performance.
One is the test scores. The test score is one of the general evaluation methods
of different educational institutions to evaluate the study achievements in cer-
tain subjects. The results tend to be more objective, and it is more appropriate
for the researchers to have a comprehensive analysis of different performances
based on the quantitative results, so the criteria are appropriate to measure the
study abilities among students, especially during the COVID-19 pandemic. An-
other important aspect is the attendance rate in different educational institutions,
including different types of primary schools, secondary schools, and childcare ser-
vices. The attendance rate is another important metric in education, as it reflects
student participation throughout the year, which directly illustrates the motiva-
tion towards studies to some extent. It is suitable for the analysis of the influence
COVID-19 pandemic on education, because the results can be analyzed with the

trends of the changes of the pandemic.

3.5.2.1 Test Results Databases

It is important to select international databases for international examinations
or tests. Different countries implement their own education systems and cultural

backgrounds, so even the comparison of the same subjects can be biased due
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to significant differences in difficulty levels, examination formats, and grading
criteria. Therefore, tests or examinations with consistent standards need to be
selected for corresponding analysis, which are generally international tests.

Also, the international databases should span multiple years with consistent
standards. This is necessary to enable analysis of pandemic-related factors and
academic performance across different phases of the pandemic, allowing identifi-
cation of consistent patterns over time.

Globally, two types of examinations have consistent standards. One type
is international English tests, including IELTS (International English Language
Testing System), TOEFL(Test of English as a Foreign Language), and GMAT
(Graduate Management Admission Test), which are adopted in a large number of
countries with identical examination formats. Generally, these tests are required
for university admissions or visa applications.

Another type of examination is international standardized tests across dif-
ferent countries, including the Programme for International Student Assessment
(PISA) [133], the Trends in International Mathematics and Science Study (TIMSS)
[134], the Progress in International Reading Literacy Study (PIRLS) [135], and
the Programme for the International Assessment of Adult Competencies (PIAAC)
[136]. PISA is applied to measure the abilities of reading, mathematics, and sci-
ence for 15-year-old students [133]. TIMSS is another important examination
that explores students’ achievements in mathematics and science at the fourth
and eighth grades [134]. PIRLS evaluates the reading comprehension skills of
Year 4 students [135]. PIAAC is adopted to assess information processing skills,
including cognitive and workplace skills, of adults [136].

However, there are limitations to these skill evaluation tests. The testing cycle
is three years for PISA [133], four years for TIMSS [134], five years for PIRLS
[135], and more than five years for PIAAC [136].

Therefore, given the time intervals and the completeness of the databases
across multiple periods, the global English tests with yearly data have been se-
lected.
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3.5.2.2 Attendance Rate Databases

There are several standards for selecting attendance rate databases. First, the
data should be collected consistently over at least two years to capture different
phases for the comprehensive comparison. Moreover, the attendance rates should
be recorded daily to reflect trends in the impact of the pandemic and associated
lockdown policies. In addition, datasets that include different categories of stu-
dents or participants, such as by ethnicity or regions, are also important, as they
help to reveal the various impacts on multiple demographic groups. Therefore,
if possible, the datasets of a multicultural country with online records of daily

attendance rates should be selected.
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Chapter 4

Analyzing the Impact of COVID-19
on Education: A Comparative

Study Based on TOEFL Test
Results

4.1 Introduction

In response to the COVID-19 pandemic, numerous educational institutions in
different countries had to implement home-based teaching and tests [137]. Due
to the wide adoption of online learning, researchers have begun to investigate the
impact of the pandemic on academic performance. Extensive research studies
have explored the impact of the pandemic on education sectors across some sub-
jects and regions [138, 139, 140]. However, one significant shortcoming is that
most studies focused only on one or several subjects and countries, lacking the
evolving impact during different stages of the pandemic.

To address gaps in the previous studies, the research question in this chapter
is: “How does academic performance across regions change before the COVID-19
pandemic, at the peak of the COVID-19 pandemic, and after the peak of the
COVID-19 pandemic?” The research question aims to explore how the educa-

tional outcomes across regions differ before and during the COVID-19 pandemic.
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Therefore, the chapter contributes to future academic studies and practice from

two perspectives:

e Firstly, this chapter statistically shows that the COVID-19 pandemic and
corresponding educational modes bring benefits to the education sector
through an analysis of the TOEFL test worldwide.

e Secondly, it provides brief insights into the dynamic impact of pandemics
through the pandemic and possible explanations for the findings based on

the analysis and previous research studies.

The rest of this chapter is arranged as follows: Section 4.2 identifies the key
gaps from previous studies. Section 4.3 presents the research method and data
source. The findings from the data analysis are displayed and discussed in Section
4.4 and 4.5, respectively. Finally, Section 4.6 illustrates the implications while

Section 4.7 concludes the chapter with future directions.

4.2 Literature Review

Some experts researched the impact of the pandemic on the academic performance
of students in primary and secondary schools. A study on fourth-grade primary
school students in Germany revealed a drastic decline in mean reading achieve-
ment between 2016 and 2021 [141|. However, a study of 100 primary students in
Spain indicated that more than 40% of the respondents reported no significant
change in their academic performance during the pandemic [142|. Additionally,
an academic study on senior secondary students revealed a significant decrease in
academic performance after the COVID-19 pandemic began [143]. Some schol-
ars also found that, compared with the pre-pandemic mathematics achievements
among over 368 secondary students in Spain, there was a significant decrease after
the implementation of lockdown policies [144].

Moreover, extensive research studies were conducted on the influence of the
pandemic on study performance in universities. An investigation of 200 U.S. pub-
lic higher education institutions showed that GPA(Grade Point Average) slightly

increased after the implementation of online studies [145]. However, findings
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based on research at Nueva Ecija University of Science and Technology suggested
that academic performance did not show significant changes after the widespread
adoption of online education [146].

Despite the comprehensive findings, a major missing part is the comparative
studies worldwide. In general, the current research is lacking in the analysis
of cultural diversity and education system differences in multiple countries and
regions. In addition, most studies lack a comprehensive analysis of the dynamics
of pandemic effects before and during the outbreak. Therefore, it is necessary and
important to conduct a comprehensive comparison over the period and across the

regions.

4.3 Methodology

4.3.1 Data Collection and Pre-processing

In this chapter, a quantitative methodology is applied to explore the changes in
academic performance, which is applied in multiple research studies. For example,
it is applied in a research study on an e-health system during the period of
pandemic [147]|, where statistics are presented concisely with graphs and charts.
Therefore, it is appropriate to apply the quantitative methodology to conduct
research with concise and direct comparisons across different periods and regions.

The data source is selected regarding two important criteria, availability and
consistent standardization [148, 149]. Generally, public databases from interna-
tional institutions can be accessed through online sources, and in many cases,
the data is collected with consistent criteria. For example, public databases are
utilized in the research of a certain classification approach of analyzing alcoholic
Electroencephalogram signals [150].

Therefore, the datasets of the TOEFL test are selected for data analysis.
TOEFL is a globally recognized test with four sections, including Reading, Lis-
tening, Speaking, and Writing, allowing for in-depth exploration of different sub-
sections. The TOEFL data is sourced from the reports® of the Education Testing

Thttps:/ /www.ets.org/toefl /teachers-advisors-agents /ibt /scores.html
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Service (ETS)!, a non-profit organization certified by the international institu-
tions, which ensures the reliability of data because of consistent sampling and
calculation criteria. Moreover, the reports sourced from ETS cover a substantial
time span and a wide range of countries, which is appropriate for comparative
studies both in time and space.

On the other hand, it is crucial to select the appropriate periods for the re-
search [151, 152|. The outbreak of COVID-19 was in 2020 [141], and multiple
education institutions gradually eased their restriction in 2021 [153|. For the pre-
pandemic period, the years 2017, 2018, and 2019 are selected. In the chapter, the
annual results from 2017 to 2021 will be reorganized into four groups for com-
parison purposes, which are Group 1 (2018-2017), Group 2 (2019-2018), Group 3
(2020-2019), and Group 4 (2021-2020).

However, the consistency of comparison should be maintained. If one country
is missing any years in the dataset, it will be excluded from the analysis. Ad-
ditionally, the databases of COVID-19 cases and deaths are introduced to serve
as an indicator of pandemic severity. Therefore, countries that are not on the
COVID-19 report? are also excluded for data consistency concerns.

In addition, it is necessary to assess whether the sample size is appropriate.
In total, 147 countries or regions are selected. Among them, 34 are selected out
of 51 in Africa, while 25 are selected out of 47 in America. In Asia, 23 are selected
out of 35, while 43 are selected in Europe out of 53. In the Middle East, all of the
19 are selected. However, only 3 countries or regions satisfy the data selection
criteria in the Pacific out of 23, which is not sufficient to represent the academic
performance of this grand region. As a result, Pacific countries or regions will be
included in the overall worldwide analysis, while the Pacific grand region itself

will be excluded from the grand region analysis.

4.3.2 Research Design

The paired-samples t-test is applied for the comparison between the two years

within each group. In general, the paired-samples t-test compares the means of

Thttps:/ /www.etsglobal.org/fr/en/content /who-we-are
Zhttps:/ /ourworldindata.org/covid-vaccinations?country=OWID-WRL
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the two measurements from the same units 79|, which is appropriate to compare
the differences in the mean scores between two years within each group of the
same countries. Hypotheses are formulated to compare whether the results are
equal or not between two consecutive years.

Therefore, the hypotheses for the paired-samples t-test aim to test whether
the mean difference between the two years within the group is equal to zero or
not [80]:

Ho: my - my=0 (The mean difference of the populations within the group is
equal to 0.)

Hi: my - my #0 (The mean difference of the populations within the group is
not equal to 0.)

4.4 Results

4.4.0.1 Total Scores in the World and Different Regions

As shown in Table 4.1, star marks are used to indicate the significance level of
the results, which represent a p-value less than 5% with one star and a p-value
less than 1% with two stars. As Table 4.1 shows, none of the p-values in Group 1
reach the preset significance level (5%), indicating that in all regions, the average
total scores do not exhibit significant changes between 2018 and 2017. However,
half of the p-values in Group 2 pass the 5% significance threshold, which suggests
considerable differences in total scores worldwide. Specifically, in comparison
with the result in 2018, the average total scores in Asia and the Middle East
were significantly higher in 2019 by 0.565 and 1 point, respectively. At the same
time, the test results from Africa, America, and Europe do not show significant
differences for Group 2 (2019-2018). As for Group 3 (2020-2019), the significance
levels of all regions are less than 0.05 or 0.01, and positive mean differences are
observed, suggesting that compared with 2019, the means of the total scores were
significantly higher in 2020 across all regions. In Group 4, the significance level
indicates there are no significant differences in the mean scores in the five regions.

We visualize the test score mean difference for all the groups and regions in

Fig. 4.1, and it clearly shows the significant increase in total TOEFL scores
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Table 4.1 Group Mean Difference across Regions (Total Scores Based)

Group World | Africa | America | Asia Europe | Mid East
G1 (2018-2017) -0.075 | -0.441 | -0.320 0.304 -0.023 0.000

G2 (2019-2018) 0.395% | 0.353 -0.120 0.565% | 0.349 1.000%*

G3 (2020-2019) 2.367** | 2.706*%* | 2.731** 2.087** | 2.119%* | 2.368**
G4 (2021-2020) -0.041 | -0.735 | -0.320 0.261 0.535 0.000

*p<0.05, **p<0.01
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Table 4.2 Group Mean Difference Globally (Section Grade Based)

Group Reading | Listening | Speaking | Writing
G1 (2018-2017) -0.238%* 1 0.088 0.000 -0.170**
G2 (2019-2018) 0.286** 0.259** 0.095* -0.041
G3 (2020-2019) 0.769** 0.714%* 0.116* 0.653**
G4 (2021-2020) 0.075 0.014 -0.014 -0.109

*p<0.05,*p<0.01

worldwide between the years 2020 and 2019.

4.4.0.2 Section Scores Worldwide

The results in Table 4.2 reveal significant differences in the academic performance
changes among different test sections worldwide in the four groups. As the first
row in Table 4.2 shows, there exists a slight performance drop in the Reading
and Writing test when comparing the result in 2018 with the result in 2017, and
the significance level for this conclusion is as high as 0.01. However, in Group 2
and Group 3, the significance levels of Reading, Listening, and Speaking, and the
mean differences indicate significant increases in these test sections. Compared
with the results in Group 2, the mean difference values are considerably higher
in Group 3 (0.769 > 0.286, 0.714 > 0.259, 0.116 > 0.095), indicating a significant
improvement in performance in 2020. Surprisingly, in Group 4, there are no
significant differences for the four test sections of TOEFL worldwide since no
star is marked. Therefore, the mean differences value and significance level show
that the increase in mean scores of the four test sections between 2020 and 2019
is the most significant, while no significant changes are observed between 2021
and 2020.

We draw the bar chart of mean difference for the four test sections across all
the groups in Fig.4.2, and the surge of test performance for all four sections could
be clearly observed in Group 3, which compares the results between 2020 and
2019.
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Table 4.3 Group Mean Difference across Regions (Section Grade Based)

Region Group Reading | Listening | Speaking | Writing
1 (2018-2017) | -0.412** | 0.118 -0.088 -0.206
. 2 (2019-2018) | 0.059 0.412% 0.176 -0.088
Africa
3 (2020-2019) | 0.735** 0.735%* 0.412%* 0.588%*
4 (2021-2020) | 0.029 -0.206 -0.176 -0.206
1 (2018-2017) | -0.280* 0.000 0.120 -0.160*
. 2 (2019-2018) | 0.120 -0.080 0.000 0.000
America
3 (2020-2019) | 0.808** 0.808%** 0.115 0.769**
4 (2021-2020) | -0.080 0.040 -0.120 -0.200
1 (2018-2017) | 0.000 0.130 -0.130 -0.261
. 2 (2019-2018) | 0.261 0.261* 0.304* -0.130
Asia
3 (2020-2019) | 0.739** 0.696** 0.000 0.565%*
4 (2021-2020) | 0.348* 0.261* -0.087 0.043
1 (2018-2017) | -0.256* 0.023 0.023 -0.070
2 (2019-2018) | 0.442** 0.186 -0.047 -0.047
Europe
3 (2020-2019) | 0.786** 0.714%* 0.024** 0.643%*
4 (2021-2020) | 0.070 0.070 0.326** -0.047
1 (2018-2017) | -0.263 0.105 0.105 -0.263
) 2 (2019-2018) | 0.579** 0.526** 0.105 0.105
Mid East
3 (2020-2019) | 0.842** 0.789** -0.105 0.737%*
4 (2021-2020) | 0.105 -0.158 -0.105 -0.053

*p<0.05,%*p<0.01
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4.4.0.3 Performance Breakdown for Sections and Regions

To further investigate the dynamics of how the score changes across the four
sections and in all regions, we break down the results based on both regions and
test sections in Table 4.3. Different patterns of mean differences and significance
levels are observed across the regions and test sections. Specifically, the results
in Group 3 (2020-2019) show the most significant increase in test scores across
different regions. Within this Group, the average scores in Reading, Listening,
and Writing enjoyed an overwhelming and significant increase when comparing
the results of 2020 with the results of 2019. However, except for Africa, the results
suggest that the scores in Speaking do not have a significant change.

In Group 1 (2018-2017), despite a few significant changes in some regions in
terms of some sections, the majority of the regions did not see a significant change
in most of the test sections. In detail, only the p-values and mean differences in
Reading in Africa, America, and Europe, and Writing in America indicate a
significant decrease.

Additionally, in Group 4, there only exist significant increases in Reading and
Listening scores in Asia, and Speaking scores in Europe, while the test scores of
other sections across the rest regions exhibit no significant changes between the
years 2021 and 2020.

The results in Group 2 (2019-2018) are the most divided among the four
groups. On one end, the reading score in Africa, America, and the Middle East
witnessed a significant increase in 2019, while the Listening score in Asia and
the Middle East saw a significant increase. On the other hand, the test score for
Speaking shows a significant increase in Asia, while the score for Writing does
not exhibit a significant increase in the Middle East.

Therefore, out of all the complicated change patterns across the regions and
test sections, the overall increase in test scores in Group 3 (2020-2019) is the most

significant and obvious.

40



4.5 Discussion

4.5 Discussion

The findings from the previous part offer insights into how different stages of the
COVID-19 pandemic have factored into the changes in TOEFL test results. At
the initial stage of the pandemic, the increase in total scores in the world and
most regions is much more significant than the improvement before the COVID-
19 pandemic. Similarly, the mean differences in the four test sections are also
more significant in the early stages of the pandemic. However, after reaching
the peak of the COVID-19 pandemic, the results show that the upward trend of
substantial increase across the test sections and regions diminished.

For this phenomenon, our best guess is that the increase in mean scores during
the pandemic is very likely due to the widespread application of online learning
and testing worldwide. On the one hand, online courses facilitate flexible interac-
tion and timely revision, which enhances the daily study processes. An academic
study among secondary students shows that online learning during the COVID-
19 pandemic might stimulate the creativity of students [144]. On the other hand,
the flexibility of the online home testing of language tests might help students
achieve better results?.

The flexibility of online learning might also help explain the decline in the
increase in test results globally. A study in 2022 [137] claims that online learning
increases the flexibility of the materials and the attendance rate in digital lectures
is significantly higher than the traditional ones, thus boosting academic perfor-
mance. When transitioning from online courses to face-to-face learning after the
pandemic, the attendance rate might decrease in certain institutions, which might
result in a performance drop. Another academic study [153] among some Chi-
nese international students also finds that the abrupt and substantial reduction
of digital learning disrupts the ‘pandemic-style’ study process, which, to some

extent, brings negative effects on daily studies due to the lack of flexibility.

Thttps://ischoolconnect.com /blog/coronavirus-impact-on-tests-like-gre-gmat-ielts-toefl /
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4.6 Implications

The chapter provides an overview of the academic performance changes worldwide
with consistent TOEFL standards. During the pandemic, it is very common for an
educational institution would set up online courses, and this study has provided
theoretical implications that countermeasures such as online learning during the
pandemic may present opportunities for improving study outcomes. Therefore,
the adoption of a new education mode, with some limitations needed, may enable
students to achieve better academic performance on a global scale.

Another important implication of this chapter is the dynamic impact of the
COVID-19 pandemic on a global scale. Previously, many research studies only
investigated specific periods during the COVID-19 pandemic in limited countries
or regions. However, it is possible that there were similar patterns of changes
in test results before the COVID-19 pandemic. Moreover, very few studies have
investigated whether the impacts of the pandemic have differed along different
stages. The study provides great insights into different stages of the pandemic,
suggesting directions for future studies in terms of the dynamic COVID-19 impact

on education.

4.7 Conclusion

In conclusion, the chapter examines the changes in academic performance during
different periods of the COVID-19 pandemic through a comprehensive analysis of
TOEFL test results worldwide. The findings indicate there has been a significant
increase in TOEFL scores across different test sections after the COVID-19 pan-
demic broke out globally. However, the performance improvement stopped after
the pandemic reached its peak. The study contributes to the understanding of the
similarities and differences among different learning areas globally, which provides
insights into the changing impacts of the pandemic during different periods.
However, some limitations need to be addressed in future studies. Firstly,
the current databases available only include integer values, which might reduce
the accuracy of the studies. Secondly, the scope of this chapter is limited to the
results of the TOEFL test, neglecting other language proficiency tests. Thirdly,
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the indicator for academic performance is quite limited in this chapter since only
the TOEFL test score is analyzed, and other indicators, such as attendance rate,
could be investigated in the future. Therefore, future studies should encompass
a broad range of language studies, various indicators of the study effects, and

multiple periods to reveal the dynamic impact of the pandemic on education.
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Chapter 5

The Impact of COVID-19 on Global
GMAT Test-Taking Patterns: A
Statistical Analysis

5.1 Introduction

The COVID-19 pandemic has had a profound global impact since its discov-
ery in 2019, spreading rapidly to nearly every country worldwide [1]. Among
the significantly affected sectors, education, particularly examination procedures,
underwent substantial transformations. Despite the pre-existing popularity of e-
learning [154], the pandemic accelerated its adoption globally [155]. This shift to
online testing required students to take exams remotely from their homes [156],
leading to various implications.

Firstly, this shift resulted in psychological effects, such as decreased motivation
and increased stress levels among students [157]. Secondly, it notably impacted
academic performance, particularly during the initial stages of the pandemic [158].
Additionally, these changes influenced the demographic of examinees, with some
exams being canceled due to pandemic-related challenges [159].

Despite existing studies, significant gaps persist in the literature, notably the
absence of comprehensive comparative analyses of examinations with consistent
global standards, such as those for exams like GMAT. Furthermore, research often

overlooks how the association between COVID-19 and examinations varies across
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different years. To address these gaps and explore global testing changes during
the pandemic, this chapter aims to answer the research question: “How does the
COVID-19 pandemic influence GMAT tests globally, including examinee numbers
and average scores?” This chapter contributes in two main aspects: systemati-
cally illustrating similarities and differences in COVID-19 impact on examinee
numbers and academic performance across continents during different pandemic
periods, and demonstrating correlations between new COVID-19 cases/deaths
and examinee fluctuations.

The chapter is organized into several sections for clarity and coherence. Sec-
tion 2, the Literature Review, critically examines existing studies, analyzes their
findings, and identifies research gaps. Section 3, the Research Design, meticu-
lously details data collection and analysis methods. Section 4 presents experimen-
tal results, offering insights derived from datasets, summarizing key findings, dis-
cussing chapter limitations, and providing a critical assessment. Finally, Section
5, the Conclusion, consolidates research outcomes and explores future research

directions.

5.2 Literature Review

Numerous scholars have conducted extensive investigations into the reduction of
examinations and tests across various countries, a trend anticipated to decrease
the number of examinees. Research highlights a significant decline in examination
numbers in Norway, where schools eliminated all final exams in response to the
COVID-19 pandemic [160]. Similarly, many A-level exams were canceled in Eng-
land due to the pandemic’s impact [159]. Furthermore, a global study reported
that entrance examinations were canceled in over 100 countries since the onset of
the COVID-19 pandemic [161].

In addition to the reduction in examinations potentially influencing the num-
ber of examinees, researchers have explored the pandemic’s effects on academic
progress and student engagement. For instance, a study in Afghanistan revealed
that many students perceived the COVID-19 pandemic as detrimental to their
educational advancement [162]. Similarly, research from the Netherlands indi-

cated that students encountered significant challenges in maintaining academic
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progress while adapting to remote learning environments [58]. Further research
has underscored considerable learning setbacks among children due to COVID-19
lockdowns [59]. Additionally, universities in over 100 countries were compelled to
cancel their entrance exams [161].

The pandemic’s impact on academic performance has also been a critical
study area. Research on the Italian university system indicated a decrease in
exam pass rates during the pandemic compared to the pre-pandemic period [55].
Similarly, studies from Ghanaian colleges of education demonstrated a decline
in academic performance amid the COVID-19 pandemic [163]. Additionally, a
research study across multiple universities in China highlighted how anxiety and
depression during the pandemic adversely affected academic outcomes [164].

While existing research consistently underscores the profound and detrimen-
tal effects of the COVID-19 pandemic on academic progress and performance, a
significant limitation is its narrow geographical focus, often concentrating exclu-
sively on specific countries or regions. This restricted scope fails to capture the
diverse educational disruptions experienced globally. Furthermore, many studies
have not conducted comparative analyses across multiple years of the pandemic,
which is crucial for understanding temporal variations in its impact. Therefore,
there is a compelling need for a more comprehensive and globally inclusive anal-
ysis spanning multiple years to provide a more accurate assessment of the effects

of the pandemic on examinations such as the GMAT test.

5.3 Research Design

This chapter adopts a quantitative methodology to examine the relationship be-
tween the COVID-19 pandemic, the number of examinees, and their performance
scores. This methodological approach is selected for its objectivity and precision
in analyzing quantitative datasets and is widely recognized in scholarly research
for its rigor. For instance, a quantitative approach was utilized in a study investi-
gating the impacts of the pandemic on e-learning [165|, and similarly in research

concerning information dissemination within virtual universities [8].
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5.3.1 Materials

Careful selection of appropriate datasets is crucial for the success of the research.
Utilizing public databases from authoritative sources will ensure robustness and
reliability. Given the global scope of our research, it is essential to adopt a
universally recognized test accepted across countries. Furthermore, consistency
in COVID-19 statistics within chosen datasets is paramount.

The GMAT test has been chosen for several compelling reasons. The GMAT
serves as a widely recognized admission criterion in over 1,700 schools world-
wide [166]. Its standardized test sections and scoring protocols remain consistent
across countries, allowing for rigorous comparisons across diverse nations and re-
gions [166]. This uniformity facilitates comprehensive and reliable international
assessments.

For this chapter, the “Profile of GMAT Testing 2023"! report has been chosen
as the primary dataset for two crucial reasons. First, the data is compiled by
the Graduate Management Admission Council (GMAC), a reputable global non-
profit organization, ensuring the authority and reliability of the dataset. Second,
this report includes comprehensive data on GMAT scores and the number of test-
takers spanning from 2019 to 2022, encompassing over 120 countries worldwide.
This extensive dataset supports a thorough and robust analysis across multi-
ple countries and years, enhanced by gender-based categorizations that provide
nuanced insights into global trends. Moreover, consistent standards ensure the
objectivity of the research. In the profile, the number of examinees is represented
by the “number of exams taken”, which reflects the valid total score reports, so
those who took the test twice will be counted as two persons.

In addition to the GMAT dataset, selecting an appropriate COVID-19 dataset
is crucial for this analysis. The COVID-19 dataset sourced from “Our World in
Data” adheres to stringent data collection standards and includes consistently
gathered information up to March 8, 2023 [167]. There are two main reasons
for selecting this database. Firstly, this dataset encompasses various metrics

such as confirmed cases and fatalities, providing a comprehensive overview of

https://www.gmac.com/market-intelligence-and-research/research-library/

gmat-test-taker-data/profile-of-gmat-testing-residence-ty2019-ty2023
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the pandemic’s impact across countries. These robust metrics are essential for
examining the relationship between the COVID-19 pandemic and the academic
performance of GMAT examinees, ensuring a thorough and rigorous analysis.
Secondly, the consistency in data collection standards up until March 8, 2023,
satisfies the research requirements across various years. This ensures the analysis

is accurate and relevant, and supports the validity of the research findings.

5.3.2 Data Analysis Methods
5.3.2.1 Wilcoxon Signed-Rank Test

The Wilcoxon signed-rank test is utilized to compare annual data to determine
whether there are significant differences. There are several reasons for selecting
the Wilcoxon signed-rank test. Firstly, the pairs in a group consist of correspond-
ing data points; specifically, the same countries are represented in the pairs in
a group. Therefore, the pairs in a group are related to each other, necessitat-
ing a comparison test for related samples. Moreover, most data in our datasets
do not follow a normal distribution, which does not align with the assumptions
of the paired-samples t-test [91|. In this scenario, the non-parametric Wilcoxon
signed-rank test is appropriate for datasets regardless of their distributional prop-
erties [91]. The Wilcoxon signed-rank test is particularly suitable for such paired
data, as it is designed to handle related samples, such as the same subjects under
different conditions [91].

It is crucial to establish hypotheses for the Wilcoxon signed-rank test. Typi-
cally, these hypotheses compare the medians of paired samples to assess whether
their distributions are equivalent. In this context, the hypotheses are listed (5.1)

and (5.2), where m denotes the median of a pair [92].

H() MMy — My = 0. (51)

H1 Sy — Mo 7£ 0. (52)
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Specifically, H, represents the median difference of the population between
the pairs, which is equal to 0, and H; denotes the median difference that is not
equal to 0.

To explore whether to reject the null hypothesis, the key is to calculate the W-
statistic, which is the sum of ranks. Initially, the differences between the pairs are
calculated, and then the absolute value |d| will be ranked in ascending order [168].
When the difference is 0, it is not taken into account [169]. There will be two
ranks, T and T~. For all the positive differences, Tt is the sum of these ranks.
For all negative differences, T~ is the sum of these ranks. After calculating T'F
and T, the lower one is selected as the W-statistic [92]. After obtaining the W-
statistic in the Wilcoxon signed-rank test, the z-value is calculated to determine
the corresponding p-value, and the p-value is then used to decide whether to reject
the null hypothesis [92]|. If N is larger than 20, then the z-value is calculated as
(5.3) [170],

W NV
z = 2 : (5.3)
N(N+1)(2N+1)
24

where N represents the sample size within each pair in the group.

5.3.2.2 Spearman Correlation Coefficient

In this chapter, the Spearman correlation coefficient will be utilized to examine
the associations among the COVID-19 pandemic, variations in the number of
test-takers, and fluctuations in mean total test scores.

There are several compelling reasons for utilizing the Spearman correlation
coefficient. Firstly, it is well-suited for assessing non-linear relationships [171].
Given the pandemic’s potential to directly influence both the quantity of test-
takers and their academic performance, assuming a linear relationship between
these variables would be unrealistic. The Spearman correlation coefficient ad-
dresses this by evaluating the strength and direction of associations based on
rankings rather than raw values [94], making it particularly suitable for this anal-

ysis. Another crucial rationale is that the datasets involved exhibit primarily
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non-normal distributions. Therefore, the Spearman correlation coefficient is ap-
propriate as it does not require normality assumptions [94].

The formula for the Spearman correlation coefficient is expressed as (5.4)
[102]: ,
—n?ﬁz_dﬁ) | (5.4)

where d; represents the differences between ranks after sorting the variables, and

r=1-—
n denotes the dataset size.

5.4 Experiment Results

5.4.1 Data Analysis and Reprocessing

Based on the dataset, this chapter has selected five distinct years to represent
different phases of the COVID-19 pandemic for the Wilcoxon signed-rank test.
TY2019 refers to the period from July 1, 2018, to June 30, 2019, predating the
COVID-19 pandemic [172]. TY2020 spans from July 1, 2019, to June 30, 2020,
encompassing the year of the COVID-19 pandemic outbreak [172]. TY2021 covers
the period from July 1, 2020, to June 30, 2021, representing a year during the
global impact of COVID-19 [173]. TY2022 extends from July 1, 2021, to June
30, 2022, highlighting another year affected by the global spread of new virus
variants [173]. TY2023 includes the timeframe from July 1, 2022, to June 30,
2023, marking the period following the relaxation of pandemic restrictions in
many regions [174].

To ensure consistency in the data analysis, it is crucial to select countries based
on the completeness of their data in both the GMAT and COVID-19 datasets. A
country will only be included in the analysis if all necessary variables are available
in both datasets. This selection criterion ensures that the data is comprehensive
and meets the requirements for thorough and accurate analysis. Therefore, 110
countries and regions are selected for the worldwide analysis. Also, the number
of countries and regions chosen for each continent should objectively reflect each
continent’s situation. Around 15 countries and regions are selected in Africa,

while around 34 countries and regions are selected in Asia. In Europe, around
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35 countries and regions are chosen. In North America, around 13 countries and
regions are selected, while in South America, around 9 countries and regions are
chosen. However, Oceania was omitted from the data analysis because data were
only available for 3 out of its 14 countries and regions. Nevertheless, the total

number of countries in Oceania will be accounted for in the overall tally.

5.4.2 COVID-19 Impact on the Number of GMAT Exam-

inees
5.4.2.1 Significance Analysis of Changes in the Number of Examinees

The comparison is conducted in four groups: G1 (TY2020 and TY2019), G2
(TY2021 and TY?2020), G3 (TY2022 and TY2021), and G4 (TY2023 and TY?2022).
Each group of data will be analyzed, covering all continents as well as a worldwide
perspective. Following the division of years into these four groups, the hypotheses
for the total number of examinees for each group are listed as (5.5) and (5.6),
where mI™ represent the median of the total number of examinees for the next
TN
1

test year, and mj " represent the median of the total number of examinees for

the previous test year.

HIN N —mi™ =0 (5.5)

HIN omIN —mIN £ 0 (5.6)
Similarly, the hypotheses for the number of male examinees of each group are

listed as (5.7) and (5.8).
HYN o™ —mdN =0 (5.7)
HMN N —mdN £ 0 (5.8)

Further, the hypotheses for the number of female examinees of each group are

listed as (5.9) and (5.10).

HEN oY —mfN =0 (5.9)
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HIN AN —mfN £ 0 (5.10)

A significance level of 0.05 is chosen to test these hypotheses, aligning with
common practice in statistical analysis where the p-value is typically evaluated
against this threshold [74]. A p-value below 0.05 indicates sufficient evidence to
reject the null hypothesis [74]. Moreover, if the null hypothesis is rejected, the z-
value provides further clarification: a positive z-value indicates that the statistics
in test year 2 surpass those in test year 1, while a negative z-value suggests the
opposite [170]. Therefore, by employing a significance level of 0.05, this study
ensures a rigorous and standardized approach to assessing median differences
between the two test years, with the z-value aiding in interpreting the direction
and magnitude of these differences.

Table 5.1 and Fig.5.1 present z-values derived from comparisons between two
consecutive test years within each group across continents. In the table, “*”

“*7 indicates p-values less than 0.01, follow-

denotes p-values less than 0.05, and
ing the established conventions of the Wilcoxon signed-rank test for interpreting
statistical significance levels. These standards are applied to all tables in the
chapter.

As depicted in Table 5.1 and Fig.5.1, a consistent trend emerges in the total
number of GMAT examinees globally across the study periods. Within G1, sta-
tistical analysis reveals a significant decrease in the total number of examinees in
TY2020 compared to TY2019 across all continents—Africa, Asia, Europe, North
America, and South America—as well as globally, with all computed p-values
being below 0.05, and notably, all p-values being less than 0.01. The negative
z-values observed in G1 (-2.666 to -7.913) underscore a pronounced reduction in
overall GMAT examinee numbers following the onset of the COVID-19 pandemic.
In subsequent groups, changes in the total number of examinees were statistically
non-significant across most continents, indicating no significant alterations in to-
tal examinee numbers after TY2020.

In addition to the findings on the total number of examinees within each
continent, the trends in the number of male and female examinees mirrored the

overall changes. In G1, all p-values are below 0.05, and all z-values are negative.
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This indicates a statistically significant decrease in the number of both male and
female examinees across all continents. This consistency underscores uniformity
in gender-specific trends, aligning with the observed changes in the total number
of examinees.

There are some differences in the changes observed among different continents
after TY2020. In Europe and globally, the total number of examinees, as well as
the number of male and female examinees, significantly decreases across all four
groups. However, in other continents, significant decreases in these numbers are
observed only in G4. For G2 and G3 in these continents, there are nearly no

significant changes in the number of examinees.

Table 5.1 Z-Values of GMAT Examinee Numbers

Continent Group | Total Male Female
Gl 7.013%F | -T.008%F | -7.028%F
G2 2.058% | 1476 | 2.008F
World a3 52607 | 55237 | 42157
Gl 37087 | 3.107°F | 41357
Gl 3077 | 3.180°F | 2.862°F
e @ 0210 | -0114 [ 0.000
a3 0471 0939 | -0.142
Gl 0095 | 0377 | -1.4%0
Gl 14167 | -3.878%F | -4.330%F
i a2 0268 | -1.060 | -0.334
a3 1282 | 1701 | -0.831
Gl 3.0437F | -3.078%F | -3.385"F
Gl “LARTFF | -3.7707F | -4.508%F
— G2 10077 | -3.7407F | 3513
a3 55007 | -5.0327F | -4.800%F
a1 0856 | -0.008 | -1.109
Gl 3I80FF | -2.797FF | -3.062°F
. [@ 0769 | -0.196 | -0.918
North America | —=3 9335% | 2.550F | -1.140
Gl 1470 | -1.061 | -1.458
Gl 26667 | 2.420F | -2.5527
ot Armericn | C2 1007 | 0830 | -0.491
a3 245 | 1512 | 0474
Gl 1125 | 1482 | -1.364
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Female

G1 G2 G3 G4

z-value

mWorld  m Africa Asia Europe mNorth America m South America

Fig. 5.1 Z-Values of GMAT Examinee Numbers

5.4.2.2 Correlation Analysis for the Impacts of COVID-19 on Number
of Examinees

The analysis aims to identify significant correlations between COVID-19 factors,
such as new deaths and new cases, and changes in the number of GMAT exam-
inees. The analysis is conducted on three distinct groups. For each group, the
total number of new cases and new deaths in each respective test year are se-
lected as the COVID-19 variables. In each test year, the correlation analysis will
examine the relationship between changes in the number of GMAT examinees
and the COVID-19 variables. Table 5.2 summarizes the variables included in the
correlation analysis.

Table 5.3 presents the correlation between the COVID-19 variables and the
yearly GMAT examinee. As shown in Table 5.3, G1 consistently exhibits strong
correlation coefficients. Across this cohort, there are predominantly negative
correlations between the COVID-19 variables and the yearly GMAT examinee
change, including gender breakdowns between TY2020 and TY2019. The corre-
lation coefficients’ absolute values are notably high, ranging from 0.441 to 0.867,

indicating a substantial influence between COVID-19 variables and changes in
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Table 5.2 Variable List: Correlation Analysis of Changes in Examinee Numbers

Group

COVID-19 Variables

Yearly GMAT Examinee Changes

Gl

New cases in TY2020

New deaths in TY2020

Total

Male

Female

G2

New cases in TY2021

New deaths in TY2021

Total

Male

Female

G3

New cases in TY2022

New deaths in TY2022

Total

Male

Female

GMAT examinee numbers. Specifically, as COVID-19 cases and deaths increased

in TY2020, the total number of examinees in TY2020 was generally lower than

in TY2019 across all continents, resulting in negative correlations. The findings

suggest that higher new cases and deaths were associated with fewer GMAT test

participants globally, across different continents and genders.

Table 5.3 Correlation Analysis of COVID-19 Impact on Examinee Numbers

. G1 G2 G3
Continent COVID-19
Total Male Female | Total Male Female | Total Male Female
World Cases -0.611°%* | -0.616%* | -0.498%* | 0.261*%* | 0.290** | 0.195% | -0.497** | -0.500** | -0.474**
Deaths -0.577F% | -0.566%* | -0.485%* | 0.211* | 0.282** | 0.121 -0.236% | -0.275%* | -0.204*
Africa Cases -0.755%* | -0.765%* | -0.667** | 0.186 0.213 0.064 -0.371 -0.469 -0.373
Deaths -0.733%* | -0.720%* | -0.730** | 0.236 0.324 0.081 -0.457 -0.578*% | -0.353
Asia Cases -0.564%* | -0.617%* | -0.441** | 0.150 0.112 0.210 0.026 0.025 0.105
Deaths -0.550%* | -0.592%* | -0.486** | 0.020 0.028 0.092 0.332 0.315 0.380*
Europe Cases -0.604%* | -0.591** | -0.453%* | 0.434** | 0.524** | 0.325% | -0.851%* | -0.784** | -0.870**
Deaths -0.674%F | -0.612%* | -0.522** | 0.358% | 0.469** | 0.229 -0.502** | -0.454%* | -0.520**
North America | Cases -0.828%* | -0.691** | -0.697** | -0.396 | -0.014 | -0.414 | -0.465 -0.663** | -0.393
Deaths -0.770%* | -0.724** | -0.576% | -0.335 0.173 -0.442 | -0.324 -0.646%* | -0.305
South America | Cases -0.867** | -0.933** | -0.731* | 0.183 0.217 -0.383 | -0.460 -0.611 -0.350
Deaths -0.767** | -0.917** | -0.555 0.350 0.383 -0.283 | -0.544 -0.669* | -0.350

Moreover, regarding gender breakdown, although there are significant corre-

lation coefficients between COVID-19 variables and examinee changes for both

male and female examinees in G1, there are differences in the values. Generally,

the correlation coefficients’ absolute values for male examinees are larger than

those for female examinees, indicating a stronger correlation between COVID-19

variables and male examinee changes.
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Conversely, G2 and G3 exhibit less pronounced results. In G2, only differences
in total examinee numbers and gender-specific counts correlate with cases and
deaths in Europe, with these correlations being positive. This suggests that
higher COVID-19 figures in Europe were associated with changes in examinee
numbers from TY2020 to TY2021. While notable correlations are observed in
other continents within G3, Europe consistently demonstrates the strongest and
most significant correlations across different test years.

In summary, correlation coefficients are most consistent across continents in
G1, whereas in G2 and G3, correlations are less substantial across most continents
globally. This underscores the profound impact of the COVID-19 pandemic on

GMAT examinee numbers, particularly within the European context.

5.4.3 COVID Impact on Mean Total Scores (MTS)
5.4.3.1 Significance Analysis of Changes in MTS

The comparison is conducted on four distinct groups: G1 (TY2020 and TY2019),
G2 (TY2021 and TY2020), G3 (TY2022 and TY2021), and G4 (TY2023 and
TY2022). Each group will undergo a comprehensive analysis to explore various
trends within the dataset.

Setting up hypotheses for the data analysis is crucial after dividing the years
into these four groups. These hypotheses will guide the examination of trends and
changes over time, ensuring a structured approach to understanding the data’s
evolution across different periods.

The hypotheses for the MTS of each group are listed (5.11) and (5.12).

HYTS . mMTS TS = ¢ (5.11)

HMTS . g MTS _ g TS £ (5.12)

Table 5.4 and Fig.5.2 illustrate comparisons of MTS changes among continents

for each group.
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G1 G2 G3 G4

z-value
T R S RN

mWorld m Africa Asia Europe ™ North America ™ South America

Fig. 5.2 Z-Values of MTS

Table 5.4 Changes in MTS

World | Asia Europe | North America | South America | Africa
G1 | -4.016™* | -3.165%* | -2.952** | -0.489 -0.296 -1.005
G2 | -5.942%* | -4.849*%* | -1.019 -2.098* -1.779 -2.727*%
G3 | -2.894** | -1.694 -0.369 -0.942 -1.364 -1.817
G4 | -0.425 -0.924 -1.252 -1.293 -0.770 -0.199

As depicted in Table 5.4 and Fig. 5.2, in G1, substantial changes in MTS are
observed worldwide, particularly notable in Asia and Europe, where the corre-
sponding p-values are less than 0.05 and the z-values are negative. Similarly, G2
demonstrates a significant decrease worldwide in MTS, especially in Asia, Africa,
and North America.

Conversely, G2 and G3 show virtually no significant differences in MTS be-
tween the two test years across any continent, as almost all p-values exceed 0.05.
This consistency underscores the stability in MTS across continents during these

periods.

5.4.3.2 Correlation Analysis for the COVID-19 Pandemic and Changes
in MTS

Table 5.5 presents the variables used for the correlation analysis assessing the

impact of the COVID-19 pandemic on changes in mean total scores.
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Table 5.5 Variable List for Correlation Analysis of MTS Differences

Group Covid-19 Variables Yearly MTS Changes

G1 New cases in TY2020 | New deaths in TY2020 | Between TY2020 and TY2019
G2 New cases in TY2021 | New deaths in TY2021 | Between TY2021 and TY2020
G3 New cases in TY2022 | New deaths in TY2022 | Between TY2022 and TY2021

Table 5.6 presents the results of the correlation analysis examining the Spear-
man correlation coefficient between COVID-19 pandemic variables and changes
in MTS in each test year. As shown in Table 5.6, no significant correlation is
found between COVID-19 variables and the changes in M'TS for all groups, as all
p-values exceed 0.05. These findings suggest that there is no direct association
between the occurrences of COVID-19 cases and deaths and the changes observed

in GMAT scores across all continents.

Table 5.6 Correlation Analysis of COVID-19 Impacts on MTS

Continent Correlation Coefficient | G1-Differences | G2-Differences | G3-Differences
World Cases -0.050 -0.040 0.181
Deaths -0.070 -0.046 0.056
Africa Cases -0.182 -0.177 -0.057
Deaths -0.171 -0.209 0.029
Asia Cases -0.068 0.183 0.092
Deaths -0.032 0.180 -0.077
Europe Cases -0.069 -0.007 0.252
Deaths -0.147 0.038 0.253
North America | Cases 0.225 0.366 0.000
Deaths 0.110 0.322 0.019
South America | Cases -0.117 -0.100 0.159
Deaths 0.067 0.233 -0.008

5.4.4 Discussion

The experiments show that with the onset of the COVID-19 pandemic, all conti-
nents initially witnessed a sharp decline in the total number of examinees. This
decrease was predominantly attributed to the sudden outbreak and the imple-

mentation of stringent governmental measures [175], leading to widespread exam
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cancellations. As restrictions gradually eased across many regions and policies
reverted to pre-pandemic norms, the number of examinees stabilized.

During the early phases of the pandemic, a global negative correlation emerged
between COVID-19 variables and fluctuations in GMAT examinee numbers. How-
ever, this correlation weakened after the first half of 2020. The physical and men-
tal challenges posed by the pandemic likely impeded examinees’ preparation and
participation in the testing process during the initial outbreak [176], with stress
levels potentially easing as the pandemic’s impact lessened.

Additionally, the study highlights gender differences among examinees within
each continent, particularly at the onset of the pandemic. Despite a significant
correlation, COVID-19 variables, including total new cases and deaths, showed
a stronger association with changes in the number of male examinees. Recent
research indicating better academic performance among females in some institu-
tions during the pandemic [177] supports the finding of a lesser negative impact
of the pandemic on female test participation.

In addition to its effect on examinee numbers, significant changes in MTS were
observed in certain continents during the pandemic’s initial two years. These
changes likely stemmed from psychological stress and challenges in adapting to
new online testing platforms [10]. However, as the pandemic stabilized, these
score variations became less pronounced.

Interestingly, no direct correlation was found between new COVID-19 cas-
es/deaths and changes in mean total scores. This contrasts with the observed
significant correlation between COVID-19 variables and GMAT examinee num-
bers, suggesting that factors beyond mere infection rates influenced academic
performance, such as psychological stress and digital accessibility challenges [178].

Despite these valuable insights, the chapter is subject to several limitations.
While the study incorporates “Other” gender categories in the total counts of
examinees and scores, the original dataset lacks specific data for the “Other”
gender category. Furthermore, the original data summarizing the number of
valid reports may introduce inaccuracies due to potential duplication of examinee

numbers.
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5.5 Conclusion

In summary, this chapter examines the impact of the COVID-19 pandemic on
GMAT examinee numbers and academic performance across different phases of
the crisis. The analysis reveals significant fluctuations in the number of exam-
inees and their mean total scores during various periods, highlighting substan-
tial changes in test-taking behavior and academic outcomes amid the pandemic.
Additionally, the study identifies a notable correlation between COVID-19 met-
rics—such as cases and deaths—and the variations in examinee numbers across
continents at the onset of the pandemic. This correlation underscores the intri-
cate relationship between external health crises and academic testing behaviors,
offering valuable insights into how prospective examinees adapt during global
uncertainty.

This chapter concludes by recommending several avenues for future research.
It advocates for using more precise databases that incorporate updated crite-
ria such as gender and attendance, aiming to refine our understanding of how
socio-demographic factors influence test participation and performance under ex-
traordinary circumstances. Furthermore, expanding the analysis to encompass
global tests and a broader array of COVID-19-related variables is essential for
enhancing the robustness and generalizability of findings.

By extending beyond regional impacts and incorporating diverse pandemic
factors, future studies can better elucidate the nuanced effects of such crises
on academic assessments worldwide. These insights are crucial for informing
more resilient educational policies and practices, ensuring educational systems

can adapt effectively to global health crises.
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Chapter 6

Assessing the Impacts of COVID-19
on Early Learning Services: A
Study Based on Attendance Rate in
New Zealand

6.1 Introduction

COVID-19 resulted in a great pandemic in the majority of countries [179]. Among
the sectors affected by the pandemic, educational services witnessed notable set-
backs [180]. A common response involved numerous educational institutions tran-
sitioning to online teaching [181], which impacted the traditional learning process
[57, 165]. Also, the worldwide tests have been affected by the pandemic. For ex-
ample, the average TOEFL test results among students worldwide have greatly
changed at the beginning of the pandemic [158].

In addition to its impact on education, the COVID-19 pandemic significantly
influenced children’s health outcomes. For instance, the research from England
highlighted disruptions in children’s daily routines, including irregular diet and
sleep patterns [182|. Furthermore, a study in Shanghai, China, identified a no-
table increase in emotional and behavioral problems among children during the
pandemic [183]. These findings emphasize the pandemic’s broad and multifaceted

effects on children’s physical, emotional, and behavioral well-being.
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Despite extensive research on the pandemic’s effects on global education and
children’s health outcomes, its detrimental impacts on early childhood education
need to be explored. Early childhood education is a critical period in a child’s de-
velopment, as many lifelong structures and functions are shaped during this time
[184|. Furthermore, research indicates that a child’s early experiences significantly
influence their developmental trajectory [185]. Consequently, early childhood ed-
ucation plays a foundational role in shaping a child’s future academic success,
extending through primary and secondary education and into higher education.
However, the COVID-19 pandemic placed immense strain on the operations of
childcare service centers, exacerbating challenges in this crucial sector [186].

Another critical reason to prioritize research on early childhood education is
the significant challenges it faced during the COVID-19 pandemic. Early learn-
ing services, a key component of early childhood education, include education
and care services, kindergartens, and play centers'. For instance, a recent survey
in the United States revealed that the pandemic severely disrupted the regular
functioning of these services [187]. Furthermore, additional research highlighted
a substantial decline in enrollment at early learning service centers during this
period [188|. These findings underscore the pressing need to investigate the pan-
demic’s impact on early learning services to mitigate long-term consequences.

Although experts emphasize the importance of early childhood education and
numerous studies have examined the impacts of early learning services, significant
gaps remain in understanding how early childcare services have been affected. Ex-
isting research lacks a comprehensive analysis of the multifaceted factors related
to the COVID-19 pandemic, such as the role of case numbers and vaccination
rates in influencing early learning services [189, 190, 191]. Moreover, these stud-
ies often fail to investigate the varying effects of the pandemic on different ethnic
groups within the same country [189, 190, 191|. Examining these differences is
crucial, as ethnic groups within the same country possess distinct traditions and
cultural backgrounds, which may lead to diverse experiences and impacts during

the same pandemic under the same conditions. Understanding these variations

https://www.educationcounts.govt.nz/__data/assets/pdf_file/0005/203648/
COVID-19-Attendance-FAQs.pdf
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is essential for developing policies tailored to each group’s unique needs and cir-
cumstances, ensuring equitable support and effective interventions.

To address these gaps and examine the impacts of the COVID-19 pandemic on
childcare services, it is essential to conduct a critical analysis of how the pandemic
has influenced early learning services, particularly how it has altered children’s
vulnerabilities to attending centers during this period. Attendance rates offer
a more relevant measure for early learning services. Unlike other performance
metrics, attendance rates are not confined to specific educational levels and are
summarized at an aggregate level. Consequently, some researchers have proposed
attendance rates as a potential indicator for assessing the dynamics of the early
learning services sector during the pandemic [192].

The research question is formulated as follows “How does the COVID-19 in-
cidence and vaccination uptake influence the attendance rate of Early Learning
Services in New Zealand”. Based on the research question, two hypotheses are

set up:

1. The COVID-19 incidence negatively influences the early learning services

attendance rate.

2. The vaccination uptake positively influences the early learning services at-

tendance rate.

The chapter’s contribution primarily encompasses three key aspects. First,
the comprehensive data analysis of datasets from different years reveals significant
variations in the impact of new pandemic cases over time. Second, the chapter
examines multiple variables, including case numbers and vaccination rates, across
different ethnicities, highlighting that the pandemic’s impact is more pronounced
in certain ethnic groups.

The chapter is divided into several sections. Section 2 summarizes the gaps in
the existing research studies. Section 3 outlines the data collection methods and
analysis techniques adopted in this chapter. Section 4 presents the experimental
results and indicates the implications of the findings. Finally, Section 6 concludes

the chapter and guides future directions.
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6.2 Literature Review

Numerous academic studies have revealed the adverse effects of the COVID-19
pandemic on attendance rates in early learning services. For example, a recent
study in North Carolina reported a substantial decline in childcare enrollment
during the pandemic [189]. Similarly, research conducted in Australia observed a
significant decrease in early childcare attendance following a COVID-19 outbreak
in the Footscray district of Victoria [190]. In Turkey, a study on early childhood
education documented a notable reduction in classroom attendance, as students
faced challenges adapting to new protective measures in schools [191]. While
these findings provide evidence of declining attendance rates during the pandemic,
they do not fully address the influence of other factors, such as COVID-19 case
numbers, deaths, and vaccination rates.

In addition, there are great disparities in the influence of the COVID-19 pan-
demic on multiple ethnic groups of children in various countries. For example,
a comprehensive population-based study in England highlighted substantial dis-
parities in the outcomes of COVID-19 among children aged 0 to 18 from various
ethnic groups [193|. Similarly, the Bradford study revealed notable differences in
the frequency of physical activities among children of multiple ethnicities [194].
In the United States, studies have documented considerable variations in the in-
cidence of multisystemic inflammatory syndrome among children aged 5 to 13
years in different ethnic groups [195]. Despite these findings, a notable gap ex-
ists in the literature, as most studies have not specifically examined the ethnic
disparities among preschool-aged children.

The impact of vaccinations on children, alongside the broader effects of the
COVID-19 pandemic, remains a contentious issue. A study assessing the mRNA-
1273 vaccine for children under six years of age concluded that it is safe, with
no significant negative effects on children’s daily attendance [196]. In contrast,
research exploring parental concerns about children’s vaccinations suggests that
perceived risks may influence children’s attendance patterns [197]. Despite these
findings, a notable gap in the literature is the lack of investigation into the direct

effects of the pandemic on the daily routines of preschool-aged children. This
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chapter addresses this gap by examining the pandemic’s impact on children from
diverse ethnic backgrounds within a single country.

Building on previous findings, it is crucial to consider the diverse research
models used to analyze the effects of the pandemic on children and related ser-
vices. For example, a differences-in-differences model was employed to examine
childcare enrollment rates during the COVID-19 pandemic in Northern Califor-
nia [189], while hierarchical multiple linear regression models were used to assess
the negative impacts on children in the Netherlands [198|. Additionally, a study
on the impact of the pandemic on children from different ethnic backgrounds in
England utilized logistic regression analysis [193|. Given the distinct limitations
of each regression model, there is potential for bias in the results.

Addressing these gaps is essential for a comprehensive understanding of the
relationship between the pandemic, vaccination, and attendance in educational
services. This chapter explores multiple pandemic-related factors to fill these
gaps. Additionally, analyzing multiple ethnic groups within a single country will
highlight both the similarities and disparities among children from different back-
grounds. To further enhance the analysis, this chapter utilizes various machine
learning methods for regression analysis on the same dataset to identify consistent

findings.

6.3 Materials

6.3.1 Data Collection

In this chapter, the attendance rate dataset originates from New Zealand’s early
learning services reports sourced from the Ministry of Education (the Ministry),
New Zealand Government!. Metrics for calculating attendance rates remained
consistent from October 2020 to September 2023, ensuring continuity. The dataset
includes national attendance rates and rates among four ethnicities: European/Pakeha,
Maori, Pacific, and Asian, facilitating a comprehensive analysis of pandemic im-
pacts. Throughout periods of consistent metrics, the daily attendance rate for

early learning services is calculated as (6.1).

https://www.educationcounts.govt.nz/statistics/attendance-under-covid-19
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Number of Children Present
Attend Rate = 6.1
encance ate Total Expected Attendance (6.1)

The total expected attendance is calculated as the sum of the children present

and absent on a specific day, indicating the total number of children scheduled
to attend!. The services cover various early childhood education services such as
education and care, kindergarten, and play centers. The ethnicity data adopted
in this study were sourced from the New Zealand Government Ministry of Edu-
cation, and the collection and processing of the data are described in their public
documentation?. A self-identification approach is used for ethnicity classifica-
tion, allowing students to report multiple ethnicities. Since some individuals
may identify with more than one ethnic group, this could influence the accuracy
of ethnicity-specific findings. These factors should be taken into account when
interpreting the results.

Another limitation is that the Ministry only compiles statistics submitted
through the Early Learning Information (ELI) system. As a result, the total
number of early learning services included in the data summary and the response
rates varied from week to week. This variation in the scope of respondents across
weeks may affect the consistency and comparability of the data.

The database includes information on expected and actual attendance rates,
along with corresponding percentages. While the Ministry collected student iden-
tifiers, such as names, genders, and student IDs, this information has not been
disclosed publicly. Furthermore, the Ministry has obtained the necessary ap-
provals to conduct the data collection, ensuring that all procedures comply with
relevant laws and regulations.

Apart from early learning services attendance rates in New Zealand, it is
important to select reliable COVID-19 cases and vaccination datasets, as these
cases are a key reflection of the seriousness of the disease, and vaccination is an
important measure to reduce the infection rate. The data are sourced from the
“Our World in Data” COVID-19 dataset [167|, covering the period from 2020 to

2023. Beyond the time range, the dataset provides comprehensive daily records

'https://www.educationcounts.govt.nz/__data/assets/pdf_file/0005/203648/

COVID-19-Attendance-FAQs.pdf
’https://www.educationcounts.govt.nz/data-services/national/attendance
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of various aspects of the COVID-19 pandemic in New Zealand, including “Total
Cases,” “New Cases,” “Total Vaccinations,” “People Vaccinated,” “People Fully
Vaccinated,” and “New Vaccinations,” thus meeting the data analysis require-

ments of the chapter.

6.3.2 Data Processing and Visualization

In the initial stages, we focus on comparing the impacts of COVID-19 cases and
vaccinations on Early learning service attendance rates for the years 2021 and
2022. While acknowledging the COVID-19 outbreak in New Zealand in 2020, we
exclude this year from our analysis for several reasons. First, the new attendance
rate calculation metrics introduced in September 2020 limited our dataset to
only 44 samples spanning a few months, hindering a comprehensive overview
of attendance rate fluctuations throughout the year. Second, the initiation of
vaccination promotion in New Zealand in February 2021? renders vaccination
data for 2020 unavailable. In contrast, both 2021 and 2022 provide consistent
application of new calculation metrics and the initiation of vaccination promotion
from the beginning of this period, ensuring comprehensive and complete records
of vaccination data. Therefore, our decision to analyze data from 2021 and 2022
maintains research consistency, while these considerations justify excluding 2020
from our analysis.

In the chapter, different letters are used to represent students from various
ethnic groups. “N” denotes the nationwide students, while “A” represents Asian
students, and “E/P” stands for European/Pakeha students. “M” represents Maori

students, and “P” signifies Pacific students.

6.3.2.1 New Cases and Attendance Rates in New Zealand

As illustrated in Fig. 6.1, the number of new COVID-19 cases in New Zealand
in 2021 remained stable from late February to late August, consistently hovering

around zero. In September, however, there was a sharp increase, with new cases

https://www.brookings.edu/articles/policy-and-institutional-responses-to-covid-19-new-z
’https://www.beehive.govt.nz/release/first-batch-covid-19-vaccine-arrives-nz
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spiking from zero to 100. Despite subsequent fluctuations, the overall trend indi-
cated a gradual rise in case numbers following this September spike. In November,

the number of new cases further increased, reaching 200.
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Fig. 6.1 New Cases and Attendance Rates in 2021

In contrast to the clear patterns observed in new cases, attendance rates exhib-
ited greater variability across different ethnic groups, with frequent fluctuations
throughout the year. Before September, significant decreases in attendance rates
were observed in early March, late April, and late July, though these were fol-
lowed by recoveries to normal levels. For most other periods, attendance rates
stabilized within a range of 0.600 to 0.900. However, in late August, the atten-
dance rate plummeted sharply to 0.100, followed by a rapid spike a few days later.
A similar pattern was observed again in October.

The trends in new cases and attendance rates suggest a correlation between
spikes in new cases and significant declines in attendance across various ethnic
groups. The sharp decrease in attendance rates observed in August and Septem-
ber is likely associated with the substantial rise in new cases during the same
period. This underscores the adverse impact of COVID-19 on attendance in New
Zealand’s early learning services in 2021.

As illustrated in Fig. 6.2, the changes in new cases and attendance rates in

2022 reveal significant fluctuations in new cases during the first nine months of
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the year, exceeding those observed during the same period in 2021. Between
February and April, the number of new cases varied dramatically, ranging from 0
to 40,000. Subsequently, the numbers gradually declined between late April and
June. In July, fluctuations re-emerged, but by late September, the case numbers
had stabilized.

1.000 - r 45000
0.900 4 r 40000

ANAAA
Ny [ 35000

' M M

25000

0.600 -

0.500 -

New Cases

- 20000

Attendance rate

0.400 -

r 15000
0300 - | |

0200 ] r 10000

0.100 r 5000

o
I
8
o

8/02/2022 |
14/02/2022

18/02/2022
24/02/2022
2/03/2022
8/03/2022
14/03/2022
18/03/2022
24/03/2022
30/03/2022
5/04/2022
11/04/2022
19/04/2022
26/04/2022
2/05/2022
6/05/2022
12/05/2022
18/05/2022
24/05/2022
30/05/2022
3/06/2022
10/06/2022
16/06/2022
22/06/2022
Zz  29/06/2022
5/07/2022
11/07/2022
15/07/2022
21/07/2022
27/07/2022
2/08/2022
8/08/2022
12/08/2022
25/08/2022
31/08/2022
6/09/2022
12/09/2022
16/09/2022
22/09/2022
29/09/2022
5/10/2022
11/10/2022
17/10/2022
21/10/2022
28/10/2022
3/11/2022
9/11/2022
15/11/2022
21/11/2022
25/11/2022
1/12/2022
7/12/2022

P o)\  emmmNew Cases

=z
m
=
=)

Fig. 6.2 New Cases and Attendance Rates in 2022

Similarly, attendance rates among the four ethnic groups, as well as the na-
tional attendance rate, exhibited more pronounced fluctuations in 2022 compared
to 2021. While significant changes were observed during the first nine months of
the year, October showed comparatively more stable attendance rates. Between
February and March, a sharp decrease in the attendance rates of each ethnic
group occurred in March, followed by a marked increase. Similar patterns were
also observed in late April, early July, and mid-October.

From the graph, it is evident that spikes in new cases coincide with declines in
attendance rates, particularly during the peaks in March, April, July, and August.
As new cases declined, the fluctuations in attendance rates also diminished later
in 2022.

In summary, the data from 2021 and 2022 indicate a potential inverse rela-

tionship between new case numbers and attendance rates at specific time points.
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6.3.2.2 New Vaccinations and Attendance Rates in New Zealand

In 2021, as illustrated in Fig.6.3, the number of new vaccinations fluctuated,
generally showing an upward trend until September, with figures ranging from 0
to 80,000. After peaking in September, a marked decrease was observed, followed
by another increase in October. This was succeeded by a subsequent decline after

reaching a second peak in November.
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Fig. 6.3 New Vaccinations and Attendance Rates in 2021

The number of new vaccinations fluctuated, generally showing an upward
trend until September, with values ranging from 0 to 80,000. After peaking in
September, there was a marked decrease, followed by another increase in Octo-
ber. This was subsequently followed by a decline after reaching another peak in
November.

In 2022, as depicted in Fig.6.4, the number of new vaccinations exhibited
a stable trend for most of the year. However, there was a significant decline
in vaccinations before March. Despite some fluctuations in June and July, the
number of new vaccinations subsequently stabilized at a consistently low level of
around 0.

The graph also illustrates changes in attendance rates. Despite some fluctua-

tions, the attendance rates remained relatively stable, although a notable decrease
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Fig. 6.4 New Vaccinations and Attendance Rates in 2022

was observed across the four ethnic groups when new vaccinations increased in
June, followed by another increase in early May. A similar phenomenon occurred
in July and December. After July, while still variable, attendance rates generally
stabilized.

In summary, there appears to be an inverse trend between new vaccinations
and attendance rates throughout 2021 and 2022.

6.4 Methodology

The chapter utilizes a quantitative methodology. This approach offers a more ob-
jective depiction based on databases, elucidating the relationships among various

variables.

6.4.1 Data Analysis Method

To assess the proposed hypothesis thoroughly, we utilize two statistical meth-
ods: correlation coefficient analysis and various machine learning techniques for

regression analysis.
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6.4.1.1 Spearman Correlation Coefficient

The correlation coefficient is frequently utilized to analyze the strength and di-
rection of the association between two variables [94].

The chapter utilizes the Spearman correlation to investigate the associations
among new cases, vaccination doses, and attendance rates. While both Pearson
and Spearman correlations measure correlation coefficients, they serve different
purposes: Pearson for linear relationships and Spearman for monotonic rela-
tionships [94]. We chose the Spearman correlation for two main reasons: First,
real-world scenarios often involve non-linear relationships, such as the relation-
ship between new cases and attendance rates in our study. Second, our dataset
comprises non-continuous data, such as integer-based new case numbers and vac-
cination doses, aligning well with Spearman correlation analysis [102]. Thus,

Spearman correlation is a more suitable approach for the data analysis.

6.4.1.2 Models for Regression Analysis

Considering the inherent limitations of each machine-learning method, this chap-
ter utilizes a range of models for regression analysis. Through this approach, we
expect consistent results across different models to enhance the credibility of our
conclusion. Each method has its advantages, but it also has limitations. Overall,
the chapter focuses on the impacts of COVID-19 cases and vaccinations, so the
influence of demographic factors, including ethnicity distribution and restriction
policies, is not listed as a variable. Still, they will be analyzed in the findings.

A brief introduction to adopted models is listed below:

e MLR. It is appropriate for examining the influence of various factors on a
single dependent variable. However, cases and vaccinations may not directly
affect attendance rates. As a result, predictions of attendance rates based

on this method may differ significantly from the actual outcomes.

e SVR. It aims to find a function that approximates the relationship between
input features and continuous target values, which is appropriate for the

high-dimensional spaces, the multiple independent variables in this chapter
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[115]. However, the prediction performance is not efficient if there are great

overlaps in targeted datasets [115], which is highly probable in this chapter.

e KNN. The KNN algorithm can be utilized for regression analysis and clas-
sification [115]. KNN selects the nearest K neighbors to identify the closest
data points [115]. However, despite its simplicity, the KNN algorithm is
prone to overfitting or discontinuity in model fitting [117]. In this chapter,
the large variance in the range of attendance rates, new cases, and new
vaccinations may affect the accuracy of predictions, making it challenging

to select an appropriate K value.

e GPR. GPR is a tool for non-parametric analysis, capable of accommodating
both linear and non-linear data structures, which enables it to be appro-
priate for addressing complex regression tasks [118]. The chart illustrates
significant differences in the trends of changes for each variable, enabling the
Gaussian process to be suitable for predictions based on multiple variables

in this chapter.

e PLS. PLS is commonly adopted for comparing different response and ex-
planatory variables [199]. The corresponding regression model is suitable
for scenarios involving multiple interrelated predictor variables [199], while
some variables may overlap in this chapter. However, the limitation of the
method is that it is sensitive to some extreme values|200]. There are some
sudden changes in the attendance rates and new cases, which may influence

the accuracy of the setup of the model.

e MLP. It is skilled at handling complex datasets and capturing non-linear
relationships [201|. However, overfitting is a common issue with this model
[202].

6.4.1.3 Evaluation Metrics

In statistical modeling, discrepancies often arise between predictions made by
regression models and actual data. Assessing the magnitude of these differences
typically relies on specific metrics and smaller errors. Generally, lower errors

indicate a better model fit, suggesting a stronger association among the variables.
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6.5 Experimental Results

In this chapter, MAPE is utilized as the principal metric for evaluating predic-
tion accuracy. MAPE facilitates a comprehensive assessment for forecast accuracy
[131], thereby establishing a robust and interpretable measure of model perfor-
mance in alignment with rigorous academic standards. The formula of MAPE is
shown as Equation (6.2) [131].

: (6.2)

At — Ft
Ay

1 N
MAPE = —
v

where N denotes the sample size of the dataset, A; represents the actual values
and F; represents the predicted values based on the corresponding independent
variables [131].

The formula aims to calculate the proportion of differences between predicted
and actual values, which is pertinent for the data analysis process to offer a con-
sistent and objective measure of discrepancies. Metrics such as MAE, MSE, and
RMSE may not adequately indicate the importance of changes as they solely
compare absolute differences between predictions and actual values without con-
sidering data magnitude [203|. In comparison, the percentage difference can more

objectively reflect the magnitude of changes.

6.5 Experimental Results

As illustrated in Table 6.1, the collected data are organized as independent vari-
ables and dependent variables, some of which are adopted for both correlation
analysis and regression analysis. Based on the selection of available data, our
analysis focuses exclusively on dates where complete data for all variables are

available, yielding 194 dates from 2021 and 207 from 2022 for examination.

6.5.1 The Impact of the COVID-19 Cases
6.5.1.1 The Correlation Between New Cases and Attendance Rates

In statistical analysis, asterisks denote the significance level of a specific value.

“*7 typically signifies a significance level of less than 0.05, while “**” indicates a
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Table 6.1 Variable List for the Correlation and Regression Analysis

Name

Description

Variable
Type

Correlatior Regression

Analysis  Analysis

Total

Cases

New Cases

Total Vac-

cinations

People
Vacci-

nated

People
Fully Vac-

cinated

New Vac-

cinations

Attendance
Rate

The accumulated
COVID-19

on a specific day,

cases

including probable
cases

The number of
COVID-19

on a specific day,

cases

including probable
cases
The

number of vaccina-

accumulated

tion dosages on a
specific day
The

number of people

accumulated

who get at least
one vaccination
dosage on a spe-
cific day

The

number of people

accumulated

who get all dosages
recommended by
the prescription on
a specific day

The number of the
new vaccination
dosages on a spe-
cific day
N(National),

A(Asian),

Independent v

Independent v v

Independent v/

Independent v/

Independent v

Independent v/ v

Dependent v v

E/P(European/Pakeha),

M(Maori),
P(Pacific)
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significance level of less than 0.01. In this study, a significance level below 0.05
suggests the presence of a correlation between the two variables.

Table 6.2 reveals significant disparities in correlation coefficients between new
COVID-19 cases and attendance rates across ethnicities in New Zealand. In 2021,
prominent negative correlations were observed among individuals of Asian and
Pacific ethnicities, with p-values below 5%, indicating statistically significant asso-
ciations. Conversely, correlations for other ethnicities, including the national av-
erage, were negligible. The findings indicate an inverse relationship between new
COVID-19 cases and attendance rates, particularly pronounced among Asians

and Pacific Islanders.

Table 6.2 The Correlation Coefficient Between New Cases and Attendance Rates

Ethnicity 2021 2022

P -0.147*  -0.464**
E/P -0.077 -0.519**
M -0.058 -0.524**
N -0.096 -0.525%*
A -0.232%%  -0.567**

*p<0.05,%*p<0.01

In contrast, in 2022, all ethnicities displayed significant negative correlations
between new COVID-19 cases and attendance rates. Table 6.2 shows a consis-
tent pattern with p-values below 5% for all ethnicities and the national average,
signifying a uniform negative correlation. The results suggest a heightened asso-
ciation compared to 2021, with a more pronounced decline in attendance rates as
the number of new cases escalated across all demographics in 2022.

Despite the coherence of correlation coefficients, slight variations in values
can be observed. Notably, the absolute values of correlation coefficients rank
from lowest to highest as follows: Asian, National, Maori, European/Pakeha,
and Pacific.

Therefore, the findings from Table 6.2 underscore a notable increase in the
correlation between new COVID-19 cases and attendance rates throughout New

Zealand in 2022 compared to 2021. Specifically, in 2021, correlations between new
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cases and attendance rates were primarily evident among specific ethnic groups,
with correlation coefficients notably lower than those observed in 2022. However,
in 2022, all coefficient values are statistically significant, indicating a substantial

correlation between new cases and attendance rates across the ethnic groups.

6.5.1.2 Regression Analysis of Case Effects on Attendance Rates

Table 6.3 and Fig.6.5 show that across the seven regression models using new
cases and total cases, MAPE values for 2021 exceed those for 2022. In 2021,
most MAPEs are above 0.20, while in 2022, all MAPEs are below 0.12. This
suggests a significant improvement in attendance rate prediction accuracy for
four ethnicities and the national average in New Zealand in 2022 compared to
2021, likely due to better fitting of the dataset by regression models using both

“Total Cases” and “New Cases” variables.

Table 6.3 MAPE of the Attendance Rates Based on Total Cases and New Cases

N A E/P M P

2021 2022 2021 2022 2021 2022 2021 2022 2021 2022

MLR 0.2587 0.0844 0.2373 0.0684 0.2565 0.0836 0.2879 0.1018 0.3009 0.1144
SVR 0.2072 0.0938 0.1978 0.0790 0.2056 0.1027 0.2258 0.1087 0.2363 0.1158
SGD 0.2634 0.0879 0.2428 0.0723 0.2615 0.0895 0.2921 0.1061 0.3049 0.1153
KNN 0.1651 0.0521 0.1584 0.0461 0.1624 0.0487 0.1813 0.0652 0.1910 0.0692
GPR 0.2588 0.0844 0.2374 0.0684 0.2566 0.0836 0.2879 0.1018 0.3010 0.1144
PLS 0.2587 0.0844 0.2373 0.0684 0.2565 0.0836 0.2879 0.1018 0.3009 0.1144
MLP 0.2031 0.1268 0.2034 0.0922 0.2114 0.1165 0.2561 0.1545 0.2654 0.1432

At the same time, the lowest MAPE values are consistently observed for the
Asian group compared to other ethnic groups across all regression models in
both 2021 and 2022, which indicates a closer association between COVID-19
case numbers and attendance rates among Asians. For example, in 2021, the
MAPE for Asian ethnicity under MLR was 0.2373, which is lower than that of
the European/Pakeha (0.2565), Maori (0.2879), and Pacific (0.3009) ethnicities.
Meanwhile, the value for Asian ethnicity under SVR is 0.1978, which is lower than
those of the European/Pakeha (0.2056), Maori (0.2258), and Pacific (0.2363) eth-
nicities. In 2022, the MAPE for the Asian ethnicity under MLR was only 0.0684,
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Fig. 6.5 MAPEs of Attendance Rates Based on New Cases and Total Cases for
2021 and 2022
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significantly lower than those of the European/Pakeha (0.0836), Maori (0.1018),
and Pacific (0.1144) ethnicities. Similarly, under SVR, the MAPE for the Asian
ethnicity was 0.0790, again much lower than the corresponding values for Eu-
ropean,/Pakeha (0.1027), Maori (0.1087), and Pacific (0.1158) ethnicities. Fur-
thermore, using the MLP model, the MAPE for the Asian ethnicity was 0.0922,
notably lower than that of the European/Pakeha (0.1165), Maori (0.1545), and
Pacific (0.1432) ethnicities. This result echoes previous correlation analysis that
the COVID-19 case in Asian ethnicity correlates with the attendance rate than
other ethnicities do in 2021 and 2022.

The MAPE analysis also reveals a significant increase in the impact of COVID-
19 cases from 2021 to 2022. In previous correlation analysis, there was minimal
correlation between COVID-19 cases and attendance rates across ethnicities in
2021, with a significant increase in 2022. This observed trend is further supported
by the MAPE results, which exhibit significantly larger values in 2022 compared

to 2021 for each regression model.

6.5.2 The Impact of COVID-19 Vaccinations
6.5.2.1 Correlation Between New Vaccinations and Attendance Rates

Table 6.4 consistently displays significant negative correlation coefficients between
new vaccination doses and attendance rates across all ethnicities and the national
attendance rate in New Zealand for both 2021 and 2022, with p-values below
5%. This indicates that as new vaccinations increase, attendance rates decrease
across all ethnicities and at the national level in both years. The magnitude of
the correlation coefficients experiences only slight decreases from 2021 to 2022,
with no significant changes in direction or ranking observed. Notably, in both
years, the Asian ethnicity exhibits the largest coefficient magnitude, indicating

the strongest negative correlation between new vaccination and attendance rate.

6.5.2.2 Regression Analysis of Vaccination Effects on Attendance Rates

As depicted in Table 6.5 and Fig.6.6, MAPEs across all regression models wit-
nessed a significant decrease in 2022 for each ethnic group and the whole country.
In 2021, the MAPEs ranged from 0.12 to 0.23; in 2022, all values were less than
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Table 6.4 Correlation Coefficient Between New Vaccinations and Attendance

Rates

Ethnicity 2021 2022

P -0.331%*%  -0.312**
E/P -0.350%*  -0.297**
M -0.247%*%  -0.271**
N -0.319%*%  -0.303**
A -0.429*%*  -0.357**

*p<0.05,**p<0.01

0.11. This indicates an improved predictive accuracy in 2022, reflecting enhanced

model fitting to the dataset. Consequently, a strengthened association between

vaccinations and early learning services attendance rates during 2022 can be in-

ferred.

Table 6.5 MAPE Values of Attendance Rates Based on Vaccination Variables

N

A

E/P

M

P

2021

2022

2021

2022

2021

2022

2021

2022

2021

2022

MLR
SVR
SGD
KNN
GPR
PLS

MLP

0.1930
0.1293
0.2165
0.0960
0.1939
0.2088
0.2359

0.0855
0.1069
0.0863
0.0690
0.0855
0.0796
0.1135

0.1867
0.1258
0.2119
0.1043
0.1890
0.2049
0.2752

0.0661
0.0861
0.0740
0.0564
0.0661
0.0693
0.0830

0.1900
0.1231
0.2058
0.0885
0.1900
0.2015
0.3492

0.0860
0.1077
0.0861
0.0672
0.0860
0.0778
0.0958

0.2173
0.1430
0.2381
0.1039
0.2174
0.2324
0.2747

0.1030
0.1189
0.1051
0.0845
0.1030
0.0985
0.1226

0.2280
0.1544
0.2642
0.1254
0.2339
0.2575
0.3499

0.1205
0.1224
0.1145
0.0869
0.1205
0.1104
0.1391

In both 2021 and 2022, consistently low MAPEs were observed for the Asian
ethnicity, and in particular, the lowest MAPEs in 2022 were consistently as-

sociated with the Asian group, followed by the European/Pakeha, Maori, and

Pacific ethnicities, which indicates a closer association between multiple vacci-

nation variables and attendance rates among Asians. In 2022, the MAPE for

the Asian ethnicity under MLR was only 0.0661, significantly lower than those
of the European/Pakeha (0.0860), Maori (0.1030), and Pacific (0.1205) ethnici-
ties. Similarly, under SVR, the MAPE for the Asian ethnicity was 0.0861, again
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Fig. 6.6 MAPEs of Attendance Rates Based on Vaccination Variables for 2021
and 2022
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much lower than the corresponding values for European/Pakeha (0.1077), Maori
(0.1189), and Pacific (0.1224) ethnicities. Furthermore, using the MLP model,
the MAPE for the Asian ethnicity was 0.0830, notably lower than that of the Eu-
ropean,/Pakeha (0.0958), Maori (0.1226), and Pacific (0.1391) ethnicities. This
underscores an intensified association between vaccination dosage and attendance
rates within this demographic. This trend aligns with correlation coefficient out-
comes, where the Asian ethnicity exhibits the largest absolute value, indicating
heightened susceptibility to vaccination effects. Overall, these results suggest that
children of Asian ethnicity in New Zealand have consistently displayed the most

substantial responsiveness to vaccination effect over the two years.

6.5.3 Discussion

The findings reveal a significant shift in the relationship between COVID-19 cases
and attendance rates across all ethnic groups in New Zealand in 2022, in con-
trast to 2021, when this association was limited to specific ethnicities. These
results support the hypothesis of a negative correlation between COVID-19 cases
and attendance rates in 2022. The discrepancy between the two years can be
attributed to the low case count in 2021 and the relaxation of restrictions in
2022. In 2021, restrictions were stringent, with a level 4 alert!, while in 2022,
measures were eased, allowing children more opportunities for face-to-face inter-
actions, while the increased interaction likely contributed to higher infection rates
and subsequent absenteeism.

Similarly, a consistent negative correlation was observed between new vacci-
nation rates and attendance across all ethnicities in both 2021 and 2022. Despite
the intended benefits of vaccinations, empirical evidence suggests that vaccination
may negatively impact attendance rates. One plausible explanation is the occur-
rence of post-vaccination symptoms, particularly fatigue, which could contribute
to increased absenteeism, especially among individuals with immune-related con-
ditions [204].

A significant finding highlights the marked impact of the COVID-19 pandemic

on children of Asian ethnicity in New Zealand. Analysis reveals a strong correla-

'https://www.educationcounts.govt.nz/statistics/attendance-under-covid-19
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6.6 Conclusion

tion between both case numbers and new vaccinations and the attendance rates
of Asian children in 2021 and 2022. This aligns with existing research suggest-
ing that individuals of Asian descent are more susceptible to COVID-19 infec-
tion than other demographics, which explains the heightened impact of cases on
Asian children each year [205]. Additionally, limited access to COVID-19 testing
among Asians may contribute to this trend. A recent study in the United States
highlights disparities in testing accessibility among Asian Americans, which may
reflect a similar situation in New Zealand [206]. Furthermore, research on chil-
dren in England indicates that Asian children were more likely to have COVID-19
hospital admissions compared to White children [193].

However, there are also several limitations of the analyses. Firstly, including
children from diverse ethnic backgrounds may introduce variability in the exper-
imental outcomes. Secondly, the exclusive focus on preschool children limits the
generalizability of the findings. Future research should include primary and sec-
ondary school students to expand the scope of understanding. Additionally, the
chapter’s narrow focus on New Zealand restricts the applicability of its findings
to other countries.

Future research should incorporate a broader range of nations and diverse
population samples to enhance external validity. Furthermore, the chapter has
primarily explored case factors and vaccination rates, leaving demographic fac-
tors, such as gender, and other variables, including restriction policies, unexplored

by regression analysis.

6.6 Conclusion

This chapter provides valuable insights into the impact of the COVID-19 pan-
demic on attendance rates among children from diverse ethnic backgrounds en-
rolled in early learning services in New Zealand. The analysis demonstrates a sig-
nificant negative correlation between daily increases in new COVID-19 cases and
attendance rates, particularly during periods of case surges and policy changes.
Furthermore, the chapter underscores the adverse effect of COVID-19 vaccina-

tions on attendance rates, especially among children of Asian ethnicity. This
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highlights the need to consider cultural barriers when designing policies and in-
forming the development of targeted interventions to ensure equitable access to
education during public health crises for all ethnic groups within a country. It
is crucial to account for ethnic differences when addressing the spread of the
pandemic and to examine how changes in case and vaccination numbers impact
service delivery in these communities.

Future research should expand the scope to include multiple countries and
refine the categorization of ethnic groups among children. Extending the investi-
gation to primary and secondary school students will also be crucial for deepening
our understanding of the pandemic’s effects on diverse populations. Such efforts
are essential for informed policymaking and the development of effective inter-

vention strategies.
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Chapter 7

Disparities in School Attendance
During COVID-19: The Impact of
Pandemic Factors on Ethnic and

Maori Groups in New Zealand

7.1 Introduction

The COVID-19 pandemic has profoundly impacted regions globally since 2020
[207]. This unprecedented crisis has resulted in extensive fatalities and infec-
tions [208], prompting nations worldwide to implement stringent measures such
as lockdowns to mitigate transmission risks [7]. Consequently, educational insti-
tutions, ranging from primary schools to universities, were compelled to rapidly
transition to online learning modalities |9], significantly reshaping the educational
landscape.

The influence of the COVID-19 pandemic on education manifests in several
dimensions. Studies have indicated significant changes in academic performance
among students [57, 158], with findings suggesting both challenges and opportu-
nities associated with online education during the pandemic [165]. Moreover, the
mental health impacts on students have been notably adverse, as many suffered
from anxiety and depression [6]. Additionally, the pandemic has highlighted sig-

nificant disparities in school attendance rates, particularly affecting marginalized

85



7.1 Introduction

communities and Indigenous populations such as the Maori in New Zealand [209].

Faced with these significant challenges during the pandemic, the New Zealand
government implemented several measures to mitigate the broader impacts of
COVID-19. One of the key strategies, consistent with approaches adopted in
other countries, was the lockdown policy, with the initial lockdown lasting for two
and a half months [210]. Vaccination strategies were also introduced, with double-
dose vaccinations made freely available to a large proportion of the population
[210]. In addition, for individuals with lower incomes, the government introduced
relevant tax relief and financial support policies [210].

Despite extensive research on these aspects, several critical gaps remain. Firstly,
the majority of existing studies focus on the general impacts of the pandemic on
attendance rates [192, 211], resulting in a notable lack of comprehensive analyses
concerning the variability in school attendance patterns throughout the pandemic,
particularly regarding ethnic disparities such as those affecting Maori students.
However, it is essential to examine the influence of the pandemic on ethnic differ-
ences and Maori schools. Ethnicity must be considered in research, as it affects
the generalizability of findings and ensures that the benefits of educational policies
are equitably extended to diverse ethnic groups [212|. Maori ethnicity represents
a key component of this diversity. For instance, according to research conducted
in New Zealand, many schools enroll a significant number of Maori students [213].
Maori culture constitutes an integral part of New Zealand’s cultural landscape,
and given the notable achievements of Maori schools, it is important to investi-
gate their corresponding performance [214|. Furthermore, due to the predominant
emphasis on the general effects of the pandemic, existing studies often overlook
nuanced analyses of COVID-19-related factors across different periods, such as
case numbers and vaccination rates [192, 211], which may exert variable influences
over time. Moreover, the analytical approaches employed in current research are
frequently confined to correlation analysis or a single regression model [215, 216],
which may lead to biased findings and undermine objectivity.

This chapter seeks to address these gaps by investigating the influence of
COVID-19 pandemic-related factors on school attendance in New Zealand. It
examines the correlation between fluctuations in COVID-19 case numbers and

vaccination rates with school attendance patterns, with particular emphasis on
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understanding these dynamics within Maori educational settings. Therefore, the
research question is: “How has the COVID-19 pandemic influenced the attendance
rates of different ethnic groups and Maori schools in New Zealand?”

The chapter contributes to the existing literature in two primary aspects.
First, it uncovers significant year-over-year differences in the association be-
tween various pandemic-related variables and school attendance rates. Second, it
demonstrates considerable variability in this association across different ethnic-
ities, with the most pronounced impacts observed among certain ethnic groups
and specific types of Maori schools.

This chapter is structured as follows. Section 7.2 critically synthesizes exist-
ing research, highlighting key areas for further investigation. Section 7.3 outlines
the data collection strategies and examines the trends and changes in different
variables within the datasets. Section 7.4 details the analytical approaches uti-
lized, justifying the selection of these methods. Section 7.5 presents the empirical
results and discusses their implications. Finally, Section 7.6 summarizes the key

findings and suggests avenues for future research.

7.2 Literature Review

The COVID-19 pandemic has significantly influenced student participation in ed-
ucational institutions, as evidenced by several studies. Research on online classes
at Hashemite University revealed a negative impact of the pandemic on student
interaction [211]. Another research regarding student attendance rates reported
a decline in school attendance during the COVID-19 pandemic [192]. Likewise,
research on adult education in the Czech Republic observed a significant drop
in attendance following the onset of the pandemic in 2020 [217]. Furthermore, a
multinational study across 19 countries highlighted adverse effects on academic
performance among students globally [218|.

Researchers have also extensively investigated the impacts of vaccinations on
students during the COVID-19 pandemic. A study across several Vietnamese
universities suggested that fully vaccinated students are less inclined towards

online learning [219]. Additionally, one research study in China indicated that

87



7.3 Materials

the pandemic had minimal impact on physical education courses among students
[220].

Furthermore, scholars have investigated the impacts of the pandemic on stu-
dent engagement using various analytical methods. For instance, a study ex-
amining student loneliness utilized Pearson correlation methods and hierarchical
regression analyses [215]. Another study focused on secondary school students
utilized comparison tests to explore significant differences in engagement during
the pandemic from multiple perspectives [221]. Additionally, research on elemen-
tary school students’ engagement applied Pearson correlation coefficients and a
mediation model for its analysis [216].

Despite these insights, several notable gaps persist in existing research. Firstly,
insufficient attention has been given to how these effects vary among ethnic groups
and school types, particularly concerning the Maori ethnicity. Secondly, a lack of
comparative analysis across different pandemic phases hinders a comprehensive
understanding of its evolving impacts over time. Variations in cultural, social,
and economic factors among ethnic groups may lead to diverse impacts of the
pandemic. Additionally, rigorous analytical methods remain scarce, particularly
in utilizing regression models to assess the effects of COVID-19-related factors on

school attendance rates.

7.3 Materials

7.3.1 Data Collection

The data collection utilizes public databases, which are divided into two parts:
the dataset on attendance rates and the COVID-19 dataset.

The public database on attendance rates is sourced from Education Counts
[222], an agency under the New Zealand Government. “Schools” in this context
refers to both primary and secondary schools. In New Zealand, the compul-
sory school entry age is between six and 16, although many students begin their
schooling after their fifth birthday [223].

This database includes daily attendance rates from most schools in New
Zealand, collected from September 2020 to May 2023 using standardized methods.
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The data from multiple years must be comparable to facilitate a compre-
hensive and consistent comparison across various years. However, in 2020, only
attendance rate data after May 25, 2020, are included, and in 2023, only data
before May are included. As a result, the years 2020 and 2023 are excluded from
the analysis, which represents a limitation in the data collection for this study.

The collected attendance rate data in 2021 differs from that in 2022. In 2021,
the attendance rate was reported as a single aggregated value. By contrast,
in 2022, the data were disaggregated into online and offline attendance rates,
although the total number of registered attendees remained unchanged. Both
online and offline attendance data, including national-level figures and those dis-
aggregated by ethnic group, were collected using consistent standards. A student
was considered off-site if they studied at home at any point during the day. How-
ever, if a student attended both at home and at school on the same day, their
attendance was recorded as both on-site and off-site [222].

Therefore, the aggregated attendance rate in 2022 is calculated as follows:
attendance rate = online attendance rate + offline attendance rate. (7.1)

The database includes various student groups, including the national group, Asian
group, Maori group, Pacific group, and European/Pakeha group. Additionally,
the database categorizes Maori schools by the medium of instruction: those that
exclusively use the Maori language, those using a bilingual approach, and those
that exclusively use English.

In addition to the New Zealand attendance rates, the COVID-19 database
is adopted for data analysis. Data from WHO reports has been utilized in this
chapter [167] for several reasons. First, the data collection standards for COVID-
19 case variables and vaccination variables were consistent in 2021 and 2022, with
new standards introduced in March 2023. Furthermore, the dataset includes
a variety of case and vaccination variables, providing comprehensive data for
thorough analysis.

Data selection is based on the availability of key variables within the datasets.
To enhance the objectivity of the analysis, only dates for which data on atten-

dance rates, new cases, total cases, total vaccinations, people vaccinated, people
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fully vaccinated, and new vaccination numbers were available were included in
the analysis.

To ensure a comprehensive and relevant dataset aligned with the correspond-
ing objectives, this chapter selected attendance rate data by ethnicity from 164
out of 180 dates in 2021 and 166 out of 184 dates in 2022 for analysis. Addition-
ally, attendance rate data from different Maori schools were analyzed using 164
out of 180 dates in 2021 and 179 out of 184 dates in 2022. The selected dates
were determined by the availability of COVID-19 case numbers and vaccination

data, ensuring that the analysis reflects the temporal context of the pandemic.

7.3.2 Preliminary Data Visualization and Research Design

This section aims to use preliminary data visualization to guide the subsequent
research design. Visualizing trends in attendance rates alongside new COVID-
19 cases and vaccinations provides a comparative view of how these variables
fluctuate together. These visual insights inform the formulation of hypotheses,
allowing for a more structured and systematic evaluation of the relationships

between school attendance and pandemic-related factors.

7.3.2.1 New Cases and Attendance Rates by Ethnicity

Fig.7.1 illustrates the relationship between new COVID-19 cases and school at-
tendance rates in New Zealand during 2021 and 2022. The graph depicts the
changes in new case numbers and attendance rates across different ethnic groups
from February to December 2021, specifically N (national attendance rate), M
(Maori attendance rate), P (Pacific attendance rate), A (Asian attendance rate),
and E/P (European/Pakeha attendance rate), highlighting an inverse relation-
ship between the two variables.

At the beginning of the year, the number of new cases remained very low from
February to August, followed by a significant surge in August. Then there was
a decrease in the number in September, followed by a rapid increase from late
September to early November, and it started to decrease.

The attendance rates across all ethnicities, including the national average,

exhibited similar patterns. In February, there was a significant drop in attendance
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rates. However, the significant drop did not last for a very long time; it only
lasted for several days, and then it stabilized at a certain level with fluctuations.
Additionally, there was a substantial decrease in attendance rates of multiple
ethnicities. Similarly, there was a spike in new cases in October, corresponding

to a gradual decrease in attendance rates of all groups since late November.
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Fig. 7.1 New Cases and School Attendance Rates by Ethnicity in 2021

Fig. 7.2 illustrates the changes in new COVID-19 cases and attendance rates
in New Zealand from February to December 2022. In general, there is an inverse
relationship between the trends of the number of new cases and the attendance
rate.

Throughout this period, the number of new cases experienced several signif-
icant fluctuations, particularly before August. There was a notable increase in
new cases in February. Following a subsequent decrease, there was another sig-
nificant increase in March, followed by a decline. Despite a substantial spike in
July and August, the overall tendency of the data is decreasing, reaching zero by
October.

The graph also depicts changes in attendance rates of each group. There are

great similarities among the changes in the attendance rates of each group. At
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the beginning of the year, in February, when new cases surged, the attendance
rates of each group decreased. From late March to April, despite fluctuations,
attendance rates have increased. Then it fluctuated, while in June and July, it
once reached a low point. Since September, the attendance rates of each group

have tended to stabilize at a certain level.
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Fig. 7.2 New Cases and School Attendance Rates by Ethnicity in 2022

Based on the changes observed in the graphs for 2021 and 2022, the hypothesis
for the relationship is as follows: The number of new COVID-19 cases negatively

influenced the attendance rates of students across different ethnicities in 2021 and

2022.

7.3.2.2 New Vaccinations and Attendance Rates by Ethnicity

Fig. 7.3 illustrates the number of new COVID-19 vaccinations and school atten-
dance rates among different ethnicities in New Zealand from February to Novem-
ber 2021. Throughout the year, the trends in vaccination numbers and attendance
rates exhibit opposing patterns. The number of new vaccinations began to rise

since February, reaching a marked spike in July, followed by a subsequent decline.
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Concurrently, although attendance rates varied among different ethnicities, con-
sistent patterns were observed. Notably, as new vaccinations increased at the
beginning of 2021, attendance rates significantly dropped. Similarly, during the
surge in vaccinations in early September, there was a notable decline in atten-
dance rates. After the decrease in vaccinations in September, the attendance rate

was back to the previous level.
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Fig. 7.3 New Vaccinations and School Attendance Rates by Ethnicity in 2021

Fig. 7.4 illustrates the changes in the number of new COVID-19 vaccinations
and attendance rates among different ethnicities in New Zealand from February
to December 2022. The pattern of school attendance contrasts with the changes
in new vaccinations. Overall, the number of new vaccinations decreased from
February to April, with notable spikes in July and August. At the beginning of
2022, there was a significant decrease in new vaccinations, while the attendance
rates of each ethnicity and the national ones, despite some fluctuations, showed
a slight increase. In July, a notable spike in new vaccinations coincided with a
decrease in attendance rates.

The hypothesis based on the pattern of the graph is that the number of new
vaccinations negatively influenced the attendance rates of students of different

types of ethnicities in the years 2021 and 2022.
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Fig. 7.4 New Vaccinations and School Attendance Rates by Ethnicity in 2022

7.3.2.3 New Cases and Attendance Rates in Maori Schools

Fig.7.5 illustrates the changes in new COVID-19 cases and attendance rates
among three types of Maori schools: those with instruction exclusively in Maori,
those with mixed-language instruction, and those with instruction exclusively in
English, from February to December 2021. The graph shows that attendance
trends in these Maori schools generally opposed the trends in new COVID-19
cases, while the trends of the attendance rates of the three different types of
schools are nearly identical. In the first half of 2021, fluctuations in attendance
rates across the three types of Maori schools closely mirrored the inverse of the
changes in new cases. Notably, a significant increase in new cases in September
was accompanied by a substantial drop in attendance rates of the three types of
schools. After September, as case numbers continued to rise, attendance rates for
all three types of schools gradually declined.

Fig. 7.6 illustrates the changes in the number of new COVID-19 cases and
the attendance rates of three types of Maori schools in New Zealand throughout
2022. The trends in attendance rates of the three types of Maori schools generally

oppose those of new cases, while the trends of the changes in the attendance rates
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Fig. 7.5 New Cases and School Attendance Rates across Different Maori Schools
in 2021

of the three types of Maori schools are nearly identical.

At the beginning of the year, in February, a spike in new cases coincided with
a significant decrease in attendance rates. After substantial fluctuations in new
cases, the decline in case numbers led to increased attendance rates, reaching
a new level despite some ongoing volatility. However, when new cases spiked
again in August, attendance rates across the three types of schools significantly
decreased. Additionally, despite fluctuations, as new cases continued to decrease
from August to December, attendance rates further increased.

Therefore, the hypothesis is: The COVID-19 cases had a negative influence
on the attendance rate of different types of Maori schools in 2021 and 2022.

7.3.2.4 New Vaccinations and Attendance Rates in Maori Schools

Fig.7.7 illustrates the changes in the number of new vaccinations and the atten-
dance rates of three different types of Maori schools in New Zealand throughout
2021. As the number of new vaccinations gradually increased before September,

attendance rates at the schools tended to decrease from 0.800 to 0.700, despite
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Fig. 7.6 New Cases and School Attendance Rates across Different Maori Schools
in 2022

some fluctuations. In September, a significant spike in new vaccinations was ac-
companied by a notable decrease in attendance rates. Following this peak, the
number of new vaccinations gradually decreased but increased again in November.
In November, attendance rates continued to decline, reaching a lower level.

Fig.7.8 illustrates the changes in the number of new vaccinations and atten-
dance rates among different types of Maori schools in New Zealand during 2022.
The trends in these two variables appear to be opposite. At the beginning of
2022, the number of vaccinations gradually decreased, while attendance rates for
different types of Maori students increased from late February to March, despite
some fluctuations. However, in July, when there was a spike in the number of
new vaccinations, the attendance rates of these schools tended to decrease during
the spike in vaccination dosage.

The hypothesis based on the inverse relationship between new vaccinations
and attendance rate is that the COVID-19 new vaccinations have a negative
influence on the attendance rate of different types of Maori schools in 2021 and

2022.
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7.4 Methodology

This chapter employs a quantitative methodology to ensure analytical objectivity,

utilizing both correlation and regression analyses.

7.4.1 Correlation Analysis

The Spearman correlation coefficient is utilized to analyze the relationship be-
tween COVID-19 pandemic factors and attendance rates. This coefficient, a mea-
sure used to estimate the monotonic relationship between variables, is chosen for
its appropriateness given the nature of the data involved [94]. Specifically, in real
scenarios, case numbers and vaccination numbers are integers, which are cate-
gorized as ordinal data [94]. Moreover, the Spearman correlation coefficient is
based on the ranking of variables. All the independent variables are converted
into rankings, and their corresponding dependent variables are converted into
rankings as well [102]. It is less affected by extreme values, which are present in
variables such as new cases and new vaccinations.

The Spearman correlation coefficient formula is illustrated as (7.2) [102]:

6> dy (79)

—1—
" n(n? —1)’

where d; is the difference in ranks between paired variables, and n represents the

number of data points.

7.4.2 Regression Analysis

Various regression techniques are employed to analyze the relationships between
variables. Typically, a single regression model is applied to examine the rela-
tionships among multiple variables. However, each regression model has its lim-
itations and underlying assumptions, which may introduce bias into the results.
Therefore, the selection of each method is guided by its suitability for the char-
acteristics of the dataset and its ability to meet the analytical requirements, to
explore the consistency patterns across the results. The application of multiple
regression models aims to explore whether the independent variables influence

the dependent variables, instead of forecasting and making predictions.
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The methods applied include:

e MLR: MLR is a classical statistical technique adopted to model the linear
relationship between multiple independent variables and a single dependent
variable [224]. It is based on the assumption of linear distribution in the
input data [107]. This method is particularly suited to the chapter as it
allows for the integration of multiple predictors, aligning well with the need

to analyze complex relationships within our dataset.

e SVR: Originally developed for classification tasks, SVR has been adapted
for regression by leveraging the principles of SVM [109]. It constructs re-
gression models in high-dimensional feature spaces [225|, enabling it to be
well-suited for handling the complexity of our dataset, which involves mul-

tiple variables.

e KNN: KNN is a non-parametric method applicable to both classification
and regression tasks [226]. It predicts outcomes based on the “K” near-
est training samples [227]| and does not rely on assumptions regarding the
underlying data distribution [117]. This enhances its robustness against
outliers and its effectiveness in handling varying data distributions [115].
KNN is often applied to large and complex datasets [115]. Its simplicity
and adaptability to diverse data characteristics enhance its suitability for
the analysis, especially given its success in pattern recognition tasks, such
as human action type recognition [228|. In this chpater, KNN is appropriate

for modeling the complexity and fluctuations present in the data.

e GPR: GPR is a probabilistic, non-parametric method that excels in mod-
eling complex relationships in multi-dimensional spaces [229]. It is particu-
larly effective in addressing challenges such as high dimensionality, nonlin-
earity, and small sample sizes, and is frequently used in time series predic-
tion and dynamic system model identification [119]. Its flexibility in cap-
turing diverse data relationships makes it a valuable tool for our analysis,
especially as the datasets in the chapter involve multiple features, intricate

dependencies, and a relatively small sample size.
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e DTR: DTR employs a tree-like structure to represent decisions and their
possible outcomes. It operates by recursively splitting the dataset into
homogeneous subsets until all data within a subset are considered to belong
to the same class [128|. This versatile method supports both numerical and
categorical data types [115] and has been widely applied in domains such
as medical diagnostics and finance, where high accuracy is essential [128].
DTR is well-suited to the diverse datasets, which include numerical and
ordinal variables. However, techniques such as pruning may be necessary

to mitigate overfitting [230].

e PLS: PLS is effective for both classification and regression tasks, particu-
larly in the presence of multicollinearity among predictor variables [120].
It has been widely adopted for pattern classification and function approx-
imation [231|. Given the potential correlations in our data, PLS provides
a robust framework for managing multicollinearity, thereby supporting re-

liable and interpretable results.

e MLP: MLP, a type of artificial neural network, is capable of modeling com-
plex non-linear relationships and applies to both regression and classifica-
tion tasks [123]. Its ability to be trained using flexible algorithms enables it
to be a powerful tool for analyzing datasets with multiple features, which

aligns with the multi-variable nature of the chapter [124].

Selecting an appropriate evaluation metric is crucial for accurately assessing
the performance of different regression models, while the aim in this context is to
evaluate the relevance between the corresponding variables and attendance rates
based on existing data, rather than to predict attendance rates in future years.
This chapter chooses the MAPE as the primary metric for evaluating prediction
accuracy [131]. MAPE, which calculates the average of absolute percentage errors,
offers the advantage of being scale-independent [232]. This characteristic ensures
that the metric is applicable across various types of datasets, as the results are
expressed in percentages and remain unaffected by the size of the dataset. Given
that all of the attendance rates are lower than 100 percent, relying solely on

absolute differences between actual and predicted values would not provide an
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effective measure of prediction accuracy. Thus, MAPE is particularly suitable for
this analysis, as it offers a clear and intuitive representation of prediction errors
relative to the scale of the data.

The formula for the MAPE is shown in Equation (7.3) [131].

At - Ft
A

: (7.3)

1 N
MAPE = —
v

where N denotes the number of samples in the dataset, A; means the actual
values, and F; signifies the predicted values [131].

The application of MAPE in all regression analyses is intended to identify
consistent patterns across various regression models for the years 2021 and 2022.
Generally, lower MAPE values in a given year suggest that changes in the depen-
dent variables are more closely aligned with changes in the independent variables

for that year.

7.5 Experimental Results

7.5.1 Variable Selection

As detailed in the analysis sections, this chapter is structured into two main ana-
lytical components. The first component investigates the impact of the pandemic
on school attendance among various ethnic groups in New Zealand. The sec-
ond component examines the effects of the pandemic on attendance rates across
different types of Maori schools in New Zealand.

For the analysis of the impacts of COVID-19 cases and vaccinations on atten-

dance rates, several variables have been selected:

e Variables for regression and correlation analysis

— Total cases: The cumulative number of confirmed and probable COVID-
19 cases reported daily. The variable is utilized as an independent

variable in the regression analysis.
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— New cases: The count of newly confirmed and probable COVID-19
cases reported daily. Regression and correlation analyses utilize this

variable as the independent variable.

— Total vaccinations: The total number of vaccine doses administered
daily. This variable is utilized as an independent variable in the re-

gression analysis.

— People vaccinated: The cumulative number of individuals who have
received at least one dose of the vaccine daily. This variable is utilized

as an independent variable in the regression analysis.

— People fully vaccinated: The cumulative number of individuals who
have received two doses of the vaccine daily. This variable is utilized

as an independent variable in the regression analysis.

— New vaccinations: The number of new vaccine doses administered
daily. This variable is utilized as an independent variable in both

regression and correlation analysis.
e Attendance rates

— N: National attendance rate.

— A Attendance rate for Asian students.

E/P: Attendance rate for European/Pakeha students.
— M: Attendance rate for Maori students.
— P: Attendance rate for Pacific students.

Maori medium: Attendance rate for Maori schools where the medium

of instruction is solely in the Maori language.

— Mixed medium: Attendance rate for Maori schools where the medium

of instruction is a mix of languages.

English medium: Attendance rate for Maori schools where the medium

of instruction is English.
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7.5.2 Effects of the COVID-19 Pandemic on Ethnicity At-

tendance Rates

7.5.2.1 Impacts of COVID-19 Cases on Ethnicity Attendance Rates

To analyze the impact of COVID-19 cases on ethnicity attendance rates, this
section explores the correlations between new COVID-19 cases and attendance
rates across various ethnicities, including the national average, for 2021 and 2022,
as shown in Table 7.1.

The significance of the results is compared against a threshold of 0.05. If
the p-value is lower than 0.05, we conclude that there is a statistically significant

correlation between the two variables in the correlation analysis. In the table, ‘**”

denotes p-values less than 0.01, indicating great statistical significance, while “*”
indicates p-values less than 0.05, denoting statistical significance. This notation
clarifies the strength of the correlations observed in the analysis.

Table 7.1 illustrates significant variations in correlation coefficient values be-
tween the two years. In 2021, all p-values for correlation coefficients, except those
of the Pacific ethnicity, are below 0.05, indicating statistically significant correla-
tions between new case numbers and attendance rates. The observed correlation
coefficients are uniformly negative, ranging from 0.1719 to 0.2439, suggesting that
higher new case numbers are associated with lower attendance rates in most eth-
nicities” schools. Maori ethnicity shows the strongest correlation (r=-0.2439). In

contrast, in 2022, no p-values are below 0.05, signifying no statistically significant

correlations between new case numbers and attendance rates for any ethnicity.

Table 7.1 Correlation Between New COVID-19 Cases and School Attendance
Rates by Ethnicity for 2021 and 2022

Ethnicity 2021 2022

N -0.2186** -0.0002
A -0.1719* 0.0213
E/P -0.1742%* 0.0901
M -0.2439** -0.1418
P -0.0145 0.0354
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This section further examines MAPE values associated with predicting ethnicity-
specific attendance rates using a range of regression models, based on COVID-19
case-related variables, as presented in Table 7.2 and Fig. 7.9. Total COVID-19
cases and new daily cases in New Zealand were employed as independent vari-
ables to provide a more objective basis for estimating attendance rates. As shown
in both the table and the figure, across all regression models utilizing machine
learning methods, the MAPE values for 2021 are consistently higher than those
observed for 2022 across all ethnic groups, including the national average. In 2022,
all MAPE values fell below 0.1, whereas in 2021, the majority of values exceeded
0.2, with several models yielding MAPE values substantially greater than 0.5.
These findings indicate that the predictive accuracy of attendance rates based on
COVID-19 case variables, such as total and new cases, was considerably lower in
2021 compared to 2022.

Table 7.2 MAPE of Ethnicity-Specific Attendance Rates Predictions Based on
Case Variables for Different Regression Models in 2021 and 2022

N A E/P M P

2021 2022 2021 2022 2021 2022 2021 2022 2021 2022

MLR 0.5975 0.0268 0.5428 0.0294 0.5803 0.0206 0.7230 0.0357 0.8322 0.0567
SVM 0.5936 0.0250 0.5367 0.0308 0.5758 0.0193 0.6986 0.0367 0.8147 0.0520
KNN 0.2487 0.0190 0.2435 0.0163 0.2461 0.0152 0.2708 0.0282 0.3506 0.0432
GPR 0.5975 0.0268 0.5428 0.0294 0.5803 0.0206 0.7230 0.0357 0.8320 0.0567
DTR 0.0209 0.0210 0.0246 0.0144 0.0287 0.0167 0.0271 0.0381 0.0428 0.0518
PLS 0.5975 0.0268 0.5428 0.0294 0.5803 0.0206 0.7230 0.0357 0.8322 0.0567
MLP 0.5081 0.0821 0.4737 0.0782 0.5603 0.0750 0.7003 0.0799 0.7356 0.0679

7.5.2.2 TImpacts of COVID-19 Vaccinations on Ethnicity Attendance
Rates

To analyze the impact of COVID-19 vaccinations on attendance rates by eth-

nicity, this section begins by examining the Spearman correlations between new
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Fig. 7.9 MAPEs of Ethnicity-Specific Attendance Rate Predictions Based on
Case Variables for Different Regression Models in 2021 and 2022

vaccinations and attendance rates across various ethnicities, including the na-
tional average, for 2021 and 2022, as illustrated in Table 7.3. The results for 2021
differ markedly from those for 2022. In 2021, all p-values, except those related to
the Pacific ethnicity, are below 0.05, with absolute values ranging from 0.1580 to
0.3511, indicating statistically significant correlations between the number of new
vaccinations and school attendance rates for these ethnicities. The negative corre-
lation coefficients suggest that higher numbers of new vaccinations are associated
with lower attendance rates in 2021, with the Maori ethnic group exhibiting the
most pronounced effect. In contrast, for 2022, all p-values exceed 0.05, indicating
the absence of statistically significant correlations between new vaccinations and
attendance rates across all ethnicities in New Zealand.

Additionally, the analysis presents the MAPE values for attendance rate pre-
dictions across various ethnicities, based on multiple vaccination variables, in-
cluding total vaccinations, people vaccinated, people fully vaccinated, and new
vaccinations in New Zealand, as demonstrated in Table 7.4 and Fig. 7.10. The
values for 2022 are substantially lower than those for 2021, indicating that pre-

dictions based on vaccination variables were more accurate in 2022. In 2021, all

105



7.5 Experimental Results

Table 7.3 Correlation Between New COVID-19 Vaccinations and School
Attendance Rates by Ethnicity for 2021 and 2022

2021 2022
N -0.2540%* -0.0092
A -0.1580* -0.1218
E/P -0.1683* -0.0901
M -0.3511** -0.0304
P -0.1339 -0.1025

of the corresponding values are lower than 0.1, while in 2022, nearly all are larger
than 0.3. This improvement in predictive accuracy suggests that the relation-
ship between vaccinations and attendance rates was stronger in 2022 compared
to 2021.

Table 7.4 MAPESs of Ethnicity-Specific Attendance Rates Predictions Based on
Vaccination Variables for Different Regression Models in 2021 and 2022

N A E/P M P

2021 2022 2021 2022 2021 2022 2021 2022 2021 2022

MLR 0.4953 0.0236 0.4687 0.0192 0.4824 0.0192 0.5759 0.0326 0.7059 0.0503
SVM 0.4640 0.0250 0.4532 0.0308 0.4649 0.0193 0.5297 0.0367 0.6357 0.0520
KNN0.3809 0.0170 0.3658 0.0158 0.3722 0.0127 0.4236 0.0259 0.5382 0.0360
GPR 0.4996 0.0236 0.4839 0.0192 0.4839 0.0192 0.5792 0.0326 0.7353 0.0503
DTR 0.0230 0.0231 0.0191 0.0188 0.0172 0.0165 0.0309 0.0344 0.0290 0.0428
PLS 0.4870 0.0237 0.4866 0.0197 0.4632 0.0190 0.5595 0.0351 0.7381 0.0512
MLP 0.4205 0.0560 0.4240 0.0676 0.3771 0.0636 0.4889 0.0994 0.6767 0.1158
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Fig. 7.10 MAPEs of Ethnicity-Specific Attendance Rates Predictions Based on
Vaccination Variables for Different Regression Models in 2021 and 2022

7.5.3 Effects of the COVID-19 Pandemic on Attendance

Rates in Maori Schools

7.5.3.1 Impacts of COVID-19 Cases on Maori School Attendance
Rates

To further investigate the impact of COVID-19 vaccinations on Maori school at-
tendance rates, we calculated the correlations between new vaccination numbers
and attendance rates for different types of Maori schools in 2021 and 2022, as
presented in Table 7.7. The correlations observed in 2021 are notably stronger
than those in 2022. In 2021, all corresponding p-values are below 0.05, and all cor-
relation coefficients are negative. These results indicate a statistically significant
negative correlation between the number of new vaccinations and attendance rates
across all school types in 2021. Among the three types, Maori-medium schools ex-
hibit the strongest negative correlation (r = -0.5839), followed by Mixed-medium
(r =-0.3793) and English-medium schools (r = -0.3215). In contrast, none of the
p-values for 2022 fall below the 0.05 threshold, suggesting that new vaccinations

were not statistically significantly correlated with attendance rates for any of the
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three school types in that year.

Table 7.5 Correlation Between New Cases and Maori School Attendance Rates
for 2021 and 2022

2021 2022
Maori Medium -0.4170** -0.2481°**
Mixed Medium -0.2422%* -0.2136%*
English Medium -0.2344** -0.1228

Further, we examine the MAPE values for attendance rate predictions across
different types of Maori schools, based on multiple case variables, including total
COVID-19 cases and new cases in 2021 and 2022, as presented in Table 7.6 and
Fig. 7.11. The MAPE values for 2022 are consistently below 0.1, while most of
the corresponding values in 2021 exceed 0.6. This indicates that the predictions
for 2022 are generally more accurate than those for 2021, suggesting a stronger

predictive performance in 2022.

Table 7.6 MAPESs of Maori School Attendance Rates Predictions Based on Case
Variables for Different Regression Models in 2021 and 2022

Maori Medium Mixed Medium English Medium

2021 2022 2021 2022 2021 2022

MLR 0.6830 0.0622 0.8985 0.0598 0.7000 0.0405
SVM  0.6197 0.0709 0.8560 0.0666 0.6860 0.0420
KNN 0.1911 0.0594 0.3144 0.0523 0.2688 0.0344
GPR 0.6830 0.0622 0.8984 0.0598 0.6999 0.0405
DTR 0.0443 0.0625 0.0435 0.0569 0.0365 0.0335
PLS  0.6830 0.0622 0.8985 0.0598 0.7000 0.0405
MLP 0.6307 0.0911 0.6893 0.1013 0.6283 0.0810
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Fig. 7.11 MAPEs of Maori School Attendance Rate Predictions Based on Case
Variables for Different Regression Models in 2021 and 2022

7.5.3.2 Impacts of COVID-19 Vaccinations on Maori School Atten-

dance Rates

To further investigate the impact of COVID-19 vaccinations on Maori school
attendance rates, we calculated the correlations between new vaccinations and
attendance rates across different types of Maori schools in 2021 and 2022, as
presented in Table 7.7. The correlation coefficients observed in 2021 are notably
stronger than those in 2022. In 2021, all corresponding p-values are below 0.05,
and all correlation coefficients are negative, indicating statistically significant neg-
ative correlations between the number of new vaccinations and attendance rates
for each school type. Among the three types, Maori-medium schools exhibit the
strongest correlation (0.5839), followed by Mixed-medium (0.3793) and English-
medium schools (0.3215). In contrast, in 2022, none of the p-values are below
0.05, suggesting that new vaccinations are not statistically significantly correlated
with attendance rates for any of the three school types during that year.
Further regression analysis examines the MAPE values of attendance rate
predictions for various types of Maori schools during 2021 and 2022, using multiple

vaccination variables such as total vaccinations, people vaccinated, people fully
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Table 7.7 Correlation Between New Vaccinations and Maori School Attendance
Rates for 2021 and 2022

2021 2022
Maori Medium -0.5839** 0.0420
Mixed Medium -0.3793** -0.1075
English Medium -0.3215%* 0.0015

vaccinated, and new vaccinations. The results are presented in Table 7.8 and Fig.
7.12. The table and figure illustrate that, across all types of Maori schools, the
MAPE values in 2022 are substantially lower compared to those in 2021 for each
regression model utilizing machine learning methods. This significant reduction
in MAPE values suggests that the predictions based on vaccination data for 2022

are markedly more accurate than those made for 2021.

Table 7.8 MAPESs of Maori School Attendance Rates Predictions Based on
Vaccination Variables for Different Regression Models in 2021 and 2022

Maori Medium Mixed Medium English Medium

2021 2022 2021 2022 2021 2022

MLR 0.5141 0.0573 0.6951 0.0549 0.5623 0.0377
SVM  0.4430 0.0677 0.6366 0.0666 0.5169 0.0420
KNN 0.3177 0.0586 0.5011 0.0499 0.4186 0.0338
GPR 0.5172 0.0573 0.6997 0.0549 0.5656 0.0377
DTR 0.0402 0.0603 0.0443 0.0552 0.0287 0.0334
PLS  0.4964 0.0598 0.6809 0.0593 0.5463 0.0405
MLP 0.4718 0.0840 0.5749 0.0705 0.4707 0.0602

7.5.4 Discussion

The results reveal that the negative association between COVID-19 variables,
such as case numbers and vaccination rates, and school attendance was more
pronounced in 2021 compared to 2022. This pattern was consistent across var-

ious ethnic groups and types of Maori schools. A plausible explanation for the
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Fig. 7.12 MAPEs of Maori School Attendance Rates Predictions Based on
Vaccination variables for Different Regression Models in 2021 and 2022

stronger association observed in 2021 is the heightened severity of the COVID-19
pandemic during that year. Specifically, 2021 was marked by stricter public health
policies and the emergence of more virulent strains of the virus, which likely con-
tributed to the greater impact on school attendance relative to 2022 [233]. By
2022, the overall severity of the pandemic had diminished due to widespread vac-
cination efforts and other mitigating factors. Consequently, the negative impact
of COVID-19 on school attendance was more pronounced under the stringent con-
ditions of 2021. Numerous studies have shown that school disengagement among
children significantly increased during the onset of the pandemic [234]. Addition-
ally, the initial side effects of early vaccine doses, predominantly administered in
2021, may have further contributed to the observed negative correlation [235].
Notably, significant disparities were observed in the associations between
COVID-19 variables and attendance rates across different ethnic groups in 2021.
The negative correlations between new COVID-19 cases, vaccination rates, and
school attendance were particularly strong among Maori ethnic groups, especially
in schools where Maori is the primary language of instruction. This trend is likely

attributable to the inadequacy of pandemic policies in addressing long-standing
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disparities in resources and services. As a result, the adverse effects of COVID-
19, including vaccine-related side effects, were more pronounced within the Maori
community [179]. These findings are consistent with existing literature. For ex-
ample, research on Maori and Pacific peoples in New Zealand demonstrates that
the odds of hospitalization for Maori are significantly higher than for non-Maori
[236], indicating that Maori communities were more vulnerable to the impacts of
the pandemic. Another study on health inequalities found that Maori individuals
faced greater challenges in accessing essential health services during the pandemic
[237]. These findings underscore the need for targeted interventions to address
such disparities and improve outcomes for Maori students.

It is also important to reconcile these findings with the MAPE values, which
highlight discrepancies when compared to the correlation coefficient results. The
higher MAPE observed in 2021 suggests increased prediction errors and greater
variability in attendance rates across different ethnic groups and Maori school
types, based on COVID-19 case and vaccination data. Nevertheless, the over-
all association between case numbers and attendance rates remained stronger in
2021. This complexity likely stems from a more pronounced relationship between
attendance and COVID-19 cases in 2021, coupled with greater data variability
relative to 2022. The Spearman correlation, which measures monotonic relation-
ships based on rank order, captures the general trend but does not fully reflect
the extent of variability. As such, attendance rates in 2021 were less stable than
in 2022, as evidenced by earlier analyses revealing more extreme values in 2021.
This instability adversely affected prediction accuracy, resulting in higher MAPE
values.

Based on these findings, governments should implement timely and respon-
sive measures in the face of similar future crises. At the onset of a pandemic,
school attendance and overall educational performance may be severely disrupted.
Therefore, it is crucial to introduce adaptive policies and alternative strategies to
support the continuity of education across all schools. Furthermore, it is imper-
ative to enhance the understanding of the needs of diverse ethnic communities,
particularly in multi-ethnic countries. Certain groups may face limited access to

critical services such as healthcare, vaccinations, and emergency support. Ensur-
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ing equitable access to high-quality services, especially for minority populations,
is essential for reducing the disproportionate impact of public health crises.

Despite these insights, this chapter has several limitations. One key limita-
tion pertains to the dataset employed. Although the data were collected by a
consistent organization, the voluntary nature of responses and potential regional
gaps during certain periods may have influenced the results, as some students’
attendance was recorded in both online and offline categories, which may have af-
fected the accuracy of the data. Furthermore, due to data availability constraints,
certain key years—such as 2020 and 2023—were excluded from the analysis, rep-
resenting a potential area for future research.

Additionally, the chapter focuses solely on school attendance rates, repre-
senting only one dimension of educational outcomes. Finally, as the analysis is
confined to the context of New Zealand, the findings may not be directly general-

izable to other countries or regions similarly affected by the COVID-19 pandemic.

7.6 Conclusion

This chapter investigates the impacts of the COVID-19 pandemic on school at-
tendance rates among various ethnic groups and different types of Maori schools
in New Zealand. The findings reveal a more pronounced association between
COVID-19-related factors, such as new case numbers and vaccination rates, and
attendance rates in 2021 compared to 2022. This stronger association in 2021 is
attributed to the greater severity of the pandemic that year, which resulted in
more significant disruptions and fluctuations in school attendance.

Furthermore, it highlights the particularly adverse effects experienced by
Maori ethnic groups, especially in Maori-medium schools where instruction is
delivered exclusively in the Maori language. These negative outcomes are largely
due to the insufficiency of government policies in addressing the specific needs
and long-standing disparities affecting the Maori community. Accordingly, gov-
ernments need to implement targeted measures to maintain the continuity of
school operations during public health crises and to ensure that all ethnic groups,

particularly minorities, have equitable access to quality services and support.
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Future research will focus on collecting more detailed and precise data for more
accurate analyses. Subsequent studies will also examine additional dimensions of
education, such as academic performance and study time. They will extend
the scope to include data from a wider range of countries to develop a more

comprehensive understanding of the pandemic’s broader impact on education.
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Chapter 8

Synthesizing the Educational
Impact of COVID-19

8.1 The Impact of COVID-19 Pandemic on Aca-

demic Performance

The findings indicate that the pandemic’s influence was significant across various
global regions, especially at the beginning of the outbreak. However, notable
differences in the impacts of academic performance were observed between the two
tests. The TOEFL scores illustrate a significant increase in average performance
across multiple sections from 2020 to 2021 worldwide. In contrast, the GMAT
scores illustrated that at the beginning of the pandemic, both the overall average
scores and the number of examinees decreased.

There are several reasons for the differences in academic performance changes
across these standardized English tests at the beginning of the pandemic. One
important reason lies in the differences between the contents of TOEFL and
GMAT. TOEFL primarily assesses English level for non-English speakers, in-
cluding reading, writing, and other skills. It is often taken when participants
intend to enter certain universities or apply for a visa [238|. In contrast, GMAT
is a much more comprehensive test, assessing English skills, mathematical skills,
and logical reasoning skills. Designed for the Master of Business Administration

programs, GMAT tests are much more rigorous [239]. Therefore, the more de-
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manding examinations are more likely to result in corresponding stress, because
of the high-level critical thinking skills requirements. The findings are aligned
with the ones from some existing research studies during the pandemic; for ex-
ample, a recent study demonstrates that academic performance in assessments
such as TIMSS and PISA tests, which require mathematical and logical skills,
has been negatively impacted by the pandemic [56].

Another contributing factor is the limitations of the home edition or online
versions of the tests. The home-based TOEFL tests did not impose restrictions
on the number of attempts and often included extended time and breaks [240].
On the contrary, there were multiple limitations of the GMAT online versions,
while a typical example is that it is limited to 5 times a year [241], especially at
the beginning of the pandemic. The added inconvenience of the GMAT format
may have further affected performance by increasing test anxiety due to stricter
regulations and limited testing frequency.

An additional factor is the difference in test participants. Those taking the
TOEFL are generally applying for bachelor’s or master’s degree programs [242],
so these students may have more flexible schedules to prepare for the test, and
they tend to be at a young age [242]. In contrast, GMAT candidates are typically
preparing for business school admission [239], which tends to be more urgent and
time-sensitive, and the participants tend to be older than those of the TOEFL
test. These differences in participant characteristics may also explain the varia-
tion in academic performance, as TOEFL candidates may have faced less time
pressure, while GMAT candidates likely experienced higher levels of stress.

Therefore, it is essential to set up appropriate and corresponding strategies.
A key measure is to develop the targeted programs for the enhancement of math-
ematical and logical skills under high-pressure conditions. Additionally, poli-
cymakers should provide alternative plans, including multiple computer-based
testing options, flexible frequency limits, and adjusted intervals between test at-
tempts. The cultural and age factors of the examinations also need to be carefully
considered, which contributes to promoting greater fairness among the partici-
pants. Furthermore, there should be a more comprehensive analysis of profiles
of the examinees, so appropriate schemes and alternative test formats can be

developed for emergencies, such as pandemics.
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8.2 The Influence of COVID-19 on Attendacne
Rates

The findings illustrate significant differences in the influence of the pandemic on
attendance rates between childcare and school institutions in New Zealand.

One important distinction is that the negative effect of the pandemic was
more evident in 2022 for childcare attendance rates across multiple ethnicities,
whereas for school attendance rates, the negative impact was more pronounced in
2021 across various ethnic groups. Several factors may account for these findings,
with a primary explanation relating to both age and policy differences. Gener-
ally, childcare attendance is more flexible [243], as parents can choose whether
or not to send their children to these institutions. As a result, in 2021, the pan-
demic’s negative effect on childcare attendance was not apparent. Parents who
had already opted for at-home care likely continued this practice, which would
not have caused significant changes in attendance rates. However, in 2021, the
government introduced a plan to ease border restrictions at the beginning of 2022
[244|, while vaccination campaigns were greatly expanded [244]. With multiple
restrictions being lifted, children were allowed to interact more freely, leading to
a substantial rise in infections in 2022. According to a report on hospitalisations
in New Zealand, 2,101,473 COVID-19 cases were recorded in 2022—far exceeding
the 12,032 cases reported in 2021 [245]. Consequently, the increased number of
infections among children likely explains why the correlation results became more
evident in 2022.

In contrast, school attendance is more strictly regulated, as primary and sec-
ondary education is compulsory for children aged 6 to 16 years [243]|. In 2021, the
pandemic may have had a stronger influence on school attendance because many
students were exposed to illness and became infected. By 2022, strengthened
immune responses following earlier infections may have contributed to a decline
in infection rates, thereby reducing the pandemic’s negative impact on school
attendance.

Additionally, the pandemic’s influence varied across different ethnicities. For

childcare attendance, the most significant impact was observed among Asian
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ethnic groups, while for school attendance, the most notable impact was among
Maori students.

There may be several reasons for these differences. A key reason is that during
the pandemic, many parents who had previously sent their children to childcare
centers chose to keep them at home in New Zealand [246]|, and Asian parents
placed particular emphasis on safety concerns [247|, resulting in a substantial
decline in attendance rates and the corresponding highly visible negative im-
pacts. Additionally, Chinese children are likely to face unique challenges related
to racism [248]. Moreover, according to another study, non-English-speaking res-
idents in New Zealand experienced difficulties in accessing timely information
during the pandemic, which may have hindered their ability to respond appro-
priately [249].

For Maori students, limited access to healthcare and educational resources
during the pandemic contributed to higher infection rates. General access control
and management methods have been studied for many years [250, 251, 252, 253],
and privacy and security challenges have been discussed [254, 255, 256, 257, 258].
The applications of the existing methods are still on the way in real life [259,
260, 261]. Some research has noted that Maori patients reported barriers to
accessing health services [262, 263], and another study shows that nearly 50% of
Maori in New Zealand require primary care [264], indicating that they may not
receive timely support. Higher infection rates may have subsequently resulted
in increased school absenteeism. In addition, numerous studies have highlighted
persistent inequalities in educational resources in New Zealand [265, 266].

Consistent with the previous analysis presented in this chapter, the attendance
rates of Maori-medium schools, where the primary language of instruction is
Maori, show the strongest association with the number of new COVID-19 cases
and vaccinations, which aligns with these findings.

Therefore, governments need to develop targeted policies for different ethnic
groups. Since healthcare needs and available resources vary across ethnicities,
and cultural backgrounds influence how services are accessed and utilized, policy
responses must be data-driven. A clear statistical analysis of each ethnic group,
particularly minority groups, is necessary. Appropriate emergency response plans

can be established based on service availability and cultural diversity.
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8.3 Implications and Future Directions

Based on the findings regarding academic performance and attendance rates,
relevant institutions and stakeholders must consider multiple factors when for-
mulating policies.

One important consideration is the magnitude of the pandemic. As COVID-19
has had a global impact, various tests and attendance rates across different ethnic
groups have been affected. Therefore, it is essential to analyze both the scope
and duration of pandemics—particularly global ones—when designing policies.

Furthermore, a systematic analysis of age and cultural factors in relation
to examinations and educational policies is essential. Participants of different
ages and cultural backgrounds exhibited varying academic performances in the
TOEFL and GMAT during the early stages of the pandemic. Similarly, the
impact of the pandemic also varied among different age groups within a country,
as well as among ethnic minority groups.

Moreover, the effects of the pandemic differed across its various phases. As a
result, it is important to develop adaptable plans. For test-takers, the impact was
most pronounced at the onset of the pandemic, whereas for school-aged children

and those in childcare, the effects were more evident in the subsequent years.
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Chapter 9

A Systematic Review of LLMs in
Education: Dual Roles, User
Perspectives, and

Cross-Disciplinary Impacts

9.1 Introduction

In contemporary society, Al plays an increasingly pivotal role across various sec-
tors, including education. Among these technologies, LLMs have attracted sig-
nificant attention for their potential to enhance teaching and learning processes
[13]. LLMs can work as learning systems designed for language processing, ca-
pable of generating responses to user input based on extensive training data and
internal knowledge representations [12, 13]. Representative LLMs include GPT
models (e.g., GPT-3.5, GPT-4), while typical applications leveraging LLMs in-
clude ChatGPT, Bard, Bing Chat, and Perplexity [15].

The widespread adoption of LLMs has substantially influenced both students
and instructors. Existing studies have demonstrated their application across a
wide range of disciplines, such as medicine, computer science, and language ed-
ucation. LLMs also support instructional practices through automated grading,
writing assistance, and content generation [45]. However, alongside these op-

portunities, concerns have emerged—particularly regarding academic integrity,
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overreliance, and the ethical implications of Al integration in educational con-
texts [267].

Despite a growing body of research, several critical gaps remain in the liter-
ature. First, many existing reviews concentrate predominantly on the medical
domain, often limiting their scope to healthcare-related education. For example,
studies have examined the role of LLMs in general medical training [42] or more
narrowly within subfields such as dental education [49]. While these studies of-
fer valuable insights, they fall short in providing comparative, cross-disciplinary
analyses of LLM applications.

Second, there is a lack of systematic, stakeholder-centered comparisons re-
garding the educational impact of LLMs. Much of the literature offers generalized
discussions or educator-focused evaluations, with limited attention to students’
perspectives or the broader roles LLMs may assume in the learning process [50].
For instance, a global survey in dental education primarily assesses educators’
perceptions, omitting learners’ experiences and insights [49].

To address these gaps, this chapter investigates the adoption and impact of
LLMs across multiple academic disciplines, with particular attention to their dual
functions in education, as learners and as instructors. Moreover, it emphasizes
both student and educator perspectives to capture a more holistic view of LLM-
driven transformation in educational environments. Accordingly, this chapter
proposes the following research questions: What roles do LLMs play in education,
and how are their applications and impacts perceived from both student and
educator perspectives across academic disciplines?

To answer these questions and contribute to the growing body of literature

on Al in education, this chapter offers the following key contributions:

e It introduces a dual-role framework that systematically examines LLMs
both as learners and as instructors—an analytical perspective that is cur-

rently underexplored.

e It evaluates the educational applications and limitations of LLMs across
diverse academic disciplines, providing a cross-domain comparison that ex-

tends beyond existing domain-specific reviews.
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e [t integrates user perspectives by analyzing how students and educators

perceive the impact of LLMs, highlighting both benefits and challenges.

Together, these contributions offer a comprehensive foundation for under-
standing the evolving role of LLMs in education and identify important directions
for future research and practice.

The remainder of this chapter is organised as follows. Section 2 outlines the
literature selection and screening process, including the search strategy and de-
scriptive statistics of the selected studies. Sections 3 and 4 present the functional
applications of LLMs in education, examining their roles both as learners and as
instructional tools, respectively. Section 5 explores the perceived educational im-
pacts of LLMs from two key perspectives: students and instructors, highlighting
both the reported benefits and potential drawbacks. Section 6 discusses the key
findings, implications, and limitations of the review. Finally, Section 7 concludes

the chapter and outlines directions for future research.

9.2 Literature Selection and Screening

9.2.1 Search Strategy

This chapter was conducted following the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines [268]. Three major academic
databases were utilized for the literature search: Web of Science, Scopus, and
IEEE. To ensure a comprehensive and targeted search, relevant keywords were
carefully selected based on the chapter’s focus, specifically the influence of LLMs
in education. The core keyword was “Large Language Model.” However, as the
term “education” is not consistently indexed across all journals, a broader range of
education-related terms was incorporated to capture different educational levels
and contexts. These included: “Student,” “Primary School,” “Secondary School,”
“University,” “Academic Performance,” “Learning,” “Course,” “Assignment,” and
“Feedback.”

To increase the relevance of search results, terms associated with general ar-

tificial intelligence or unrelated technical fields were deliberately excluded. For
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instance, keywords such as “Machine Learning” and “Deep Learning” were filtered
out, as they refer to subfields of Al that are not directly focused on LLMs in ed-
ucational settings [269]. Additional exclusion terms included “System,” “User,”
“Data Mapping,” “Network,” “Algorithm,” “Cyber,” “Retrieval,” “Query,” “Robot,”
“Patient,” “Vehicle,” and “Modelling.”

The final search query used was as follows:

(‘“Large Language Model’” AND (‘‘Education’ OR ‘‘Student’’ OR ‘‘Primary
School’” OR ‘“‘Secondary School’’ OR ‘University’” OR ‘‘Academic
Performance’ OR ‘‘Learning’’ OR ‘‘Course’” OR ‘‘Assignment’’ OR ‘‘Feedback’’)
NOT (‘Machine Learning’’ OR ‘‘Deep Learning’’ OR ‘‘System’ OR ¢‘User”

OR ‘Data Mapping’’ OR ‘‘Network’ OR ‘‘Algorithm’> OR ‘‘Cyber’’ OR
‘“Retrieval’”’ OR ‘“‘Query’’ OR ‘Robot’’ OR ‘Patient’” OR ‘“Vehicle’

OR ‘“Modelling’’))

Only peer-reviewed journal articles and conference papers published within
the five years before March 2025 were considered. As illustrated in Fig. 9.1, the
initial search yielded 1,587 articles from Scopus, 475 from Web of Science, and 316
from IEEE, resulting in a total of 2,378 records. After removing 266 duplicates,
2,112 articles remained for title and abstract screening.

Only articles published in Q1 journals or A-level conferences were retained
to ensure quality and relevance. This screening process eliminated 1,671 records,
leaving 441 articles for full-text review. After further assessment, 82 articles were
selected for inclusion in the final analysis. Papers were excluded at this stage if
they did not directly address the educational impact of LLMs. Many excluded
articles focused instead on broader generative Al technologies, while others were

inaccessible.

9.2.2 Statistics of Selected Papers

To provide a clearer understanding of the current research landscape, this section
presents a descriptive overview of the selected papers regarding publication year,

country of origin, article type, and topical focus.
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Fig. 9.1 Flow Diagram of the Article Selection Process for the Systematic Review

Fig. 9.2 illustrates the distribution of the selected articles by publication year.
Among the selected articles, 59 (72%) were published in 2024, 20 (24%) in 2023,
and only 3 (4%) in 2025. As the selection was limited to papers published before
March 2025, only three articles from 2025 were ultimately included.

This trend aligns with the rapid development of large language models, par-
ticularly following the release of advanced systems such as GPT-4 and GPT-4o.
As these models have gained significant traction in academic and educational
contexts, scholarly interest in their impact on education has increased markedly
since 2023.

In addition to temporal trends, Fig. 9.3 shows the geographic distribution of
the first authors’ affiliations. America (the U.S.) (20) and China (17) account
for the largest share of publications, followed by Australia (5), Germany (4), and
the United Kingdom, India, Korea, and Canada (each with 3). A broad inter-
national contribution is evident, with additional articles originating from Other
countries, such as Algeria, Colombia, Croatia, Ghana, Italy, Japan, Kazakhstan,
Luxembourg, the Netherlands, Norway, Peru, Poland, Qatar, Saudi Arabia, Sin-
gapore, South Africa, Spain, Turkey, and the United Arab Emirates. This wide

distribution reflects the global interest in LLMs and their role in educational
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Fig. 9.3 Geographic Distribution of Reviewed Articles by Country

Fig. 9.4 presents the classification of reviewed articles by type to further char-
acterize the literature. The majority—approximately 76 papers—are original
empirical studies or exploratory research. Only 6 articles fall into the category
of systematic reviews, narrative reviews, or survey papers. This imbalance high-
lights a clear gap in the literature: while many studies investigate specific ap-
plications of LLMs in education, few provide integrative or summative analyses

that consolidate current findings.
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Fig. 9.4 Classification of Reviewed Articles by Type

Finally, to clarify the organizational logic of this review, Fig. 9.5 presents the
conceptual structure that guides the analysis. The review is structured around
two primary components: the functional roles that LLMs assume in educational
settings, and the perceived impacts of these roles from the perspectives of learners

and instructors.

LLMs in
Education

]
Perceived
Educational Impact
|

Functional
Roles of LLMs
| | 1
LLMs as LLMs as Student Instructor
learners instructors Perspective Perspective

Fig. 9.5 Conceptual Structure of the Review: Functional Roles of LLMs and

Their Perceived Educational Impacts

The first component, Functional Roles of LLMs, examines how large language
models operate as both learners and instructors within educational contexts. A
substantial number of studies investigate LLMs as learners, particularly in do-

mains such as medical education, while others focus on their instructional func-
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tions, including automated grading, content generation, and feedback provision.
This component is therefore divided into two subsections: LLMs as learners and
LLMs as instructors.

The second component, Perceived Educational Impact, addresses how the in-
tegration of LLMs is experienced and evaluated by end users. This includes
examining both the benefits and challenges reported by students and educators.
By analyzing the perspectives of these two groups separately, the review pro-
vides a balanced and comprehensive account of LLMs’ influence on educational

practice.

9.3 Functional Applications of LLMs in Education

9.3.1 LLMs as Learners: Evaluating Academic Performance

9.3.1.1 Performance of LLMs in Medical Education

Recent studies have extensively examined the performance of LLMs in medical
examinations and academic assessments, highlighting significant advancements.
Notably, as shown in Table 9.1, GPT-40 and GPT-4 have demonstrated excep-
tional accuracy across multiple medical licensing examinations. For example,
GPT-40 attained an accuracy rate of over 80% across most subjects in the ex-
periment of the 48-part I sample questions of the Hong Kong Medical Licensing
Examination (HKMLE) [46]. In addition, the test results show that GPT-4 con-
sistently achieved a higher accuracy rate than 80% for all subjects in the test of 30
sample questions from part I of the Professional and Linguistic Assessment Board
(PLAB) examination [46]. Furthermore, these models maintained high accuracy
rates in the National Medical Licensing Examination (NMLE) [46]. Similarly,
a research study on multiple choice questions in the Korean pharmacist license
examination(KPLE), excluding image questions, illustrates that GPT-4 consis-
tently achieved scores above the passing threshold [270]. Another study on the
UK Medical Licensing Assessment (UKMLA) reported that the average accuracy
rate of GPT in the test of 191 single-best-answer questions on the three attempts
is over 75% [271].
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Table 9.1 LLMs as Learners in Medicine

both Chinese and
English NCLEX-
RN
questions [272].

practical

Exam Specific Exam Strengths Challenges
Category
USMLE GPT-40 and | GPT accuracy
GPT-4 got 90% | was just over
accuracy [46]. 30% for some
Medicine subjects in Step 2
Licensing CK. Other LLMs
performed much
worse [46].
PLAB; HKMLE GPT-40  scored | GPT-4’s accuracy
over 80% [46]. in medical ethics
and orthopedics
was only 50% in
PLAB and 66%
in HKMLE.
NMLE GPT-40  scored | GPT-4, GPT-3.5,
over 70% in nearly | and Bard scored
all subjects [46]. | below 70% [46].
NPLE; NNLE ChatGPT did not
pass NPLE and
NNLE [62].
NCLEX-RN GPT-4 scored
over 79%  for

Japanese Medical

Licensing Exam

Proficient in text-

centric questions

[63].

Not proficient in
image questions

273)].

Continued on next page
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Table 9.1 — Continued from previous page

Exam Specific Exam Strengths Challenges
Category

KPLE GPT-4 consis- | GPT-3.5 did not
tently  achieved | reach the 60%
passing scores | passing threshold
[270]. in 1 of 3 years

[270].

UKMLA GPT-4 answered | Did not perform
nearly 3/4 SBAS | well in clinical
correctly [271]. hematology and

other subjects
[271].
. . Graduate-level Not lower than | Below average in
Biomedical o ] )
exams in biomed- | students’ level in | figure questions
ical sciences 7 out of 9 subjects | [274].
[274].

BMAT Correct response
rate was signifi-
cantly lower than
incorrect answers
in Section 2 [275].

o ESNR Exams GPT-4 scored | Other models did
Specialized
Asessmments 70% [276]. not pass all four
exams [276].
RDE Accuracy of GPT- | Inconsistent per-

4 was up to 2%
277).

formance in den-
tal field questions
[277].

Orthopedic Edu-

cation

Scored higher on
some subjects
compared to the
control group

[278).

Continued on next page
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Table 9.1 — Continued from previous page

Exam Specific Exam Strengths Challenges
Category
UK Postgraduate | Performed above | GPT-3.5  failed
Medical Exams passing level on | eight out of nine
most exams [279]. | exams [279].
Psychosomatic Scored over 90% | Errors mainly in
Medicine Exam | [280]. the ‘“remember”
Other
Questions and “understand”
cognitive  levels
[280].
National Premed- | GPT-4  outper- | Limited accessi-
ical Exam formed other | bility due to fi-
models in some | nancial resources
subjects [281]. [281].
Polish Medical Fi- | GPT-3.5 passed 2 | Low accuracy in
nal Exam out of 3 versions; | ecosystem and en-
GPT-4 passed all | vironmental top-
versions [282]. ics [281].
Neurology  Spe- GPT-3.5 did not
cialist Exam pass [283].
Taiwan Audiolo- | Both proficient in | Information
gist Exam grasping funda- | source errors
mental concepts | [284].
[284].
Higher Education | ChatGPT  Plus
Courses and CoPilot-Bing
scored highest on
MCQs [67].
ACR TXIT Ra- | GPT-3.5’s accu- | Limited  knowl-
diation Oncology | racy rate is over | edge in gynecol-
Exam 63%:; GPT-4’s | ogy and other
over 74% [67]. sectors [67].

Continued on next page
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Table 9.1 — Continued from previous page

Exam Specific Exam Strengths Challenges
Category

K-CBMSE Performance de-
pendent on multi-
ple factors [67].

Physiology and | GPT-4 performs

Biochemistry better in  bio-

Questions chemistry [285].

Beyond medical licensing assessments, LLMs, mainly GPT-4, have also demon-
strated strong performance in biomedical-related examinations and other special-
ized courses and assessments. For example, in a research study on the biomedical
science graduate examinations for corresponding scientific trainees, GPT mod-
els outperformed or matched human participants in seven out of nine subjects,
including virology, microbiology, and some other courses [274]. Likewise, GPT-
40 exhibited a 72% accuracy rate in 151 Restorative Dentistry and Endodontics
(RDE) Student Assessment Questions [277], while GPT achieved an accuracy rate
of up to 70% in European Society of Neuroradiology (ESNR) examinations [276].
Another research study on the assistance of ChatGPT showed that students who
adopted ChatGPT performed much better than those who were prohibited in
both the long-term and short-term Orthopedic Education assessments [278].

The accuracy of LLMs remains notably high across other examinations, in-
cluding multiple postgraduate medical examinations and specialization certifi-
cations. In the United Kingdom’s Postgraduate Medical Examinations, GPT
achieved an accuracy rate exceeding the passing threshold for the majority of
exams without additional fine-tuning [279]. Similarly, GPT-4 achieved a success
rate surpassing 90 % based on Bloom’s taxonomy in 307 multiple-choice questions
of the Psychosomatic Medicine Exam|280]. Researchers of the Polish Medical Fi-
nal Examination (MFE) found that GPT-4 successfully passed all three editions
in both English and Polish versions, with the mean accurate rate of 79.7% [282].
Meanwhile, findings from the American College of Radiology (ACR) radiation
oncology in-training (TXIT) examination indicate that GPT-4 achieved an accu-
racy rate exceeding 70% [286]. Both GPT-3 and GPT-4 completed the tests in
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undergraduate medical examinations, with GPT-4 exhibiting a higher accuracy
rate [285]. Moreover, a comparative study between ChatGPT and neurologists in
Spain revealed that GPT-4 outperformed certain neurologists in an examination
[283].

In addition to high accuracy rates, LLMs excel in text-based and standardized
questions. A study on the Japanese medical licensing examination indicated that
GPT-4 was particularly proficient in text-based questions [63]. Similarly, research
on ESNR examinations suggested that LLMs perform more effectively on lower-
order cognitive questions, which are well-suited to text-based responses due to
their fixed-answer nature [276]. Additionally, a study on the Taiwan Audiologist
Qualification Examination demonstrated that both GPT-3.5 and GPT-4 effec-
tively understood key concepts in radiation oncology [284]. Further, in graduate-
level biomedical science examinations, GPT-4 exhibited strong performance in
fill-in-the-blank and short-answer questions [274].

Another key advantage is their efficiency in processing examination questions.
ChatGPT Plus, CoPilot-Bing Precise, Gemini Pro, Llama 3.1405B, Mistral Large,
and Claude 3 Opus completed the tasks significantly efficiently than humans in
multiple-choice questions and final examination questions from an introductory
biomedical and health informatics course [67].

However, despite these advancements, several limitations persist in the appli-
cation of LLMs to medical examinations and assessments. One is the inconsis-
tency in the performance. For example, GPT-3.5 and Google Bard demonstrated
accuracy rates below 60% in both the USMLE, PLAB [46] as well as NMLE
[62]. Additionally, another study found that GPT-3.5 and Google Bard per-
formed poorly in the ESNR examinations, with results approaching failure [276].
Similarly, GPT-3.5 did not pass UK postgraduate medical examinations [279].

Second, LLMs’ performance varies across specific topics and datasets. Some
limitations were observed in PLAB, where GPT-4 demonstrated reduced accu-
racy in medical ethics and orthopedics-related questions [46]. In UKMLA, LLMs
struggled with specialized topics such as gynecology, brachytherapy, and dosime-
try [284|, while even GPT displayed limitations in clinical hematology and some
other topics [271]. Additionally, GPT exhibited suboptimal performance on sim-

ulated data in nine graduate-level biomedical science examinations for the corre-
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sponding trainees in around 150 questions [274]. Moreover, performance inconsis-
tencies were identified in dental-related assessments [277] and radiation oncology
in-training examinations [286].

Third, LLMs’ performance is highly dependent on the nature of the questions
posed. Studies indicate that LLMs struggle with image-based questions. In the
Japanese Medical Licensing Examination, response rates for image recognition
tasks were significantly lower than for text-based questions [63|. Likewise, the in-
troduction of image-based questions in the Japanese National Medical Licensing
Examination led to a measurable decline in overall accuracy rates [273|. Fur-
thermore, when responding to higher-order thinking questions, LLM-generated

answers tended to be less accurate [66].

9.3.1.2 Performance of LLMs in Other Academic Domains

In addition to the research on medicine, as shown in the Table 9.2, LLMs also
demonstrate great breakthroughs in multiple disciplines, including programming,
linguistics, engineering, physics, and others [43, 44]. In programming, for exam-
ple, LLMs such as GPT enable students to quickly generate solutions and engage
with complex analogies [287]. Moreover, LLMs exhibit a robust response rate
to specific standardized questions in undergraduate computer science education.
[288].

There are also some breakthroughs of LLMs in language and engineering stud-
ies. In English studies, the effectiveness of LLMs is particularly notable. A study
in the Netherlands revealed that GPT-4 significantly outperformed high school
students in English reading comprehension exams, whereas GPT-3 performed
comparably to students [290]. This trend extends to engineering and physics ed-
ucation as well. For instance, in India, research in computer science education
(CSE) demonstrated that GPT achieved a 90% consistency rate [20]. Similarly,
studies in physics education suggest that GPT’s problem-solving capabilities in
physics are comparable with human performance [68].

Despite these successes, LLMs face several limitations. One notable concern
is the inconsistent reliability of the content generated, particularly in program-

ming [287, 291|. Additionally, in engineering, research on undergraduate com-
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Table 9.2 LLMs as Learners in Other Subjects

Subject Strengths Challenges
Promising ability to rapidly | Specific prompts influence the
Programming | create and engage with analo- | range of topics [287].
gies [287].
High accuracy for subjec- | Varying accuracy rate in dif-
tive and theoretical questions | ferent domains [288|.
[288].
ChatGPT can subdivide ques- | Course difficulty and chat
tions [289). lengths influence results [289).
Language GPT-3.5 performs similarly
to average Dutch students;
GPT-4 outperforms humans
with reprompting [290].
Engineering | 91.87% concordance for accu- | Poor performance in GATE
rate explanations in CSE [20]. | and JEE [20]; temperature
setting significantly influences
results [21].
Physics Ability to solve some physics
calculation problems up to hu-
man level [68].
Law Low correct response rate in
LNAT [275].

puter science assessments indicates that different LLMs exhibit biases, poten-
tially impacting performance in exams such as GATE(Graduate Aptitude Test in
Engineering) and JEE(Joint Entrance Examination) [288], while accuracy rates
remain relatively low in standardized tests LNAT (Law National Aptitude Test),
where correct response rates in these assessments are suboptimal [275].

Another challenge lies in the variability of results, as LLMs’" performance
often depends on question types and subjects. For example, a study on program-
ming analogies suggests that when the prompts are highly specific, the generated

analogies tend to cover a wider range of topics [287], highlighting the context-
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dependent nature of LLM performance. In undergraduate science education and
certain programming examinations, accuracy rates vary considerably across dif-
ferent domains [288, 291|. Another study on data science education revealed that
prolonged chat sessions with GPT are more likely to produce blank responses
[289|, while environmental engineering indicates that temperature settings can
influence the precision of GPT responses [21]. Lastly, a linguistic study has shown
that LLMs’ correction capabilities in Chinese are limited to the word level, with

little improvement in contextually complex sentences [292].

9.4 LLMs as Instructors: Supporting Teaching and

Assessment

LLMs play a pivotal role in course instruction across the globe. As shown in
the Table 9.3, their versatile functionalities encompass a wide range of educa-
tional tasks, including automated essay scoring, writing assistance, provision of
feedback, teaching support, and the generation of questions.

Table 9.3 LLMs as Instructors

Functions Strengths Challenges

GPT-4 is the most accurate | The length of the requirements
in annotation and prediction of | influences scoring [294].
Automatic learning levels. The agreement
Scoring coefficient between GPT-4 and
human raters outperforms that
among human raters [293].
GPT-3.5 is more accurate than | The architecture and amount of
BERT in multiclass tasks [295]. | training data influence the final
scoring [295].

Continued on next page
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Table 9.3 — continued from previous page

Functions Strengths Challenges
PALM2, GPT-3.5, and GPT-4 | Some LLMs rely on a continuous
illustrate great reliability in au- | scale [296].
tomatic scoring [296]. GPT-4
outperforms others in interrater
reliability due to a fuller range of
rubric scores [296].
High efficiency in scoring bino- | Not appropriate for course-
mial and trinomial tasks [297]. | related lectures [298].
More inclined to avoid extreme | Inconsistency in grading gram-
scores [298]. mar, organization, content, and
mechanics [299].
Proficient in distinguishing vary-
ing levels of sophistication [299].
No significant differences be-
tween GPT-4 evaluations and
teachers’ evaluations [300].
Increases engagement [301]. Accessibility issues [302].
Writing Provides complete ChatGPT
Assistance feedback [303].
Provides positive comments and
highlights improvement areas
[303].
Not limited by topics; pro- | Limited to the linguistic level,
vides feedback on key evaluation | lacking a humanistic approach.
points [302]. Relies on previous texts, lacking
human experience [302].
High speed of generation [45]. Feedback is inconsistent across
different versions [45].
Feedback Improves scalability and consis- | Over 30% of hints are incorrect

tency of feedback [304].

[305]. Difficulty in distinguish-
ing the correct code [291].

Continued on next page
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Table 9.3 — continued from previous page

Functions Strengths Challenges
Feedback by GPT is significantly | Most feedback is positive, lack-
more readable for open-ended | ing negative ones [47].
tasks [47].
Ability to generate process-
focused feedback [47].
Al-enhanced tool "Typography | Overcorrects at the word level,
Evaluator" has similar output to | ignoring corresponding context
human ones [306]. (CGEC) [292].
Instructor Creative with automated assess- | Accuracy and relevance issues.
Development | ment features [307]. Difficulty in converting manual
assessments into electronic ones
[307].
Contributes to clinical practical | Limited medical knowledge af-
skills and human-computer in- | fects accuracy [308].
teraction [308].
No statistically significant differ- | Only 50% of questions are
) ence in difficulty between ques- | deemed usable without modifica-
Question ] )
Generation tions generated by GPT and hu- | tion [310].
mans [309].
Ability to generate examination | Misguidance in medical exami-
questions of equivalent quality to | nations [311].
expert-generated ones [311, 312].
Improved quality, appropriate | ChatGPT-3 cannot improve
for large-scale applications [312, | question-answer  pairs and
313]. automated summaries [314].
Potential to generate multiple-
choice question examinations
much faster [315].
Potential to bolster program-
ming education [313].

GPT-based techniques generally achieve the best performance among various
LLMs for automatic scoring. Research on non-native Japanese learners demon-
strates that the GPT-4-based method outperforms BERT and OCLL in auto-
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matic scoring [293]. Two other studies indicate that the average accuracy rate
of GPT-3.5 surpasses that of BERT [295] and GPT-4 outperforms GPT-3 [297].
Moreover, the capability of automated scoring is comparable to manual grad-
ing, as supported by several studies. EFL(English as a foreign language) essay
grading demonstrates that GPT produces explainable and interpretable outcomes
and distinguishes different levels of sophistication [299], while another indicates
no significant differences between evaluations generated by GPT-4 models and
manual scoring based on the mini papers from 25 third-year Chinese medical
students[300].

Despite these advantages, LLMs also present certain limitations in automatic
scoring, primarily related to technical constraints. For instance, a research study
on undergraduate medical education and another study based on multiple as-
sessment tasks in middle and high schools suggest that both the length of input
data and the amount of training data significantly influence the results [294, 295].
Additionally, one important reason is that multiple large language models only
rely on the continuous scale [296], while the effects of marking general questions
are more appropriate for course-related lectures and not consistent in different
tasks [298, 299.

In the context of writing assistance and feedback provision, both have their
respective strengths and weaknesses. Feedback generated by LLMs tends to be
more comprehensive, with comments that are more positive while also identifying
areas for improvement [302]. This enables a large number of students to report
having a mixed emotional experience when receiving feedback from LLMs, with
the results being more acceptable to students [47, 301|. The response rate is
significantly faster [45]. In a study on EFL writing, ChatGPT produced substan-
tially more feedback under identical conditions compared to human graders [303],
thereby improving the stability and consistency of the feedback [304]. Moreover,
based on a study in higher education, GPT-generated feedback is generally more
readable for open-ended tasks, making it more easily accepted by students [47].
Additionally, researchers in a Typography course found that the outputs from
the Al-enhanced tool, Typography Evaluator, were very similar to manual eval-
uations [306], and some experts observed that most of the feedback adheres to

effective feedback principles [304].
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However, LLMs also have limitations. First, GPT-generated feedback is
largely confined to standardized text structures, while affective feedback is lim-
ited to linguistic aspects [302]. Second, ChatGPT’s feedback is not consistently
accurate. For instance, different versions of the model show variability in written
corrective feedback [45], and most of the feedbacks from ChatGPT tend to be
very positive, lacking in comprehensiveness [47]. A research study on learning
gains in mathematical skills illustrates that over 30 % of the hints provided are
inaccurate [305], while GPT-3’s code correctness rate was over 70% based on 1211
student code submissions in a programming exam [291].

LLMs also influence the instructor’s professional development, presenting both
opportunities and challenges. One research study on implementing ChatGPT to
improve teaching skills in English illustrates that chatbots are more creative [307],
which may enhance professional development, while another study in nuclear
medicine research in Chongqing Medicine University shows that LLMs benefit the
interaction between humans and computers [308|. However, many instructors are
still concerned about the accuracy and relevance issues of LLMs [307], because
the pre-training sets of the medical knowledge may influence accuracy rates and
result in misuse behaviors [308]. Moreover, it is challenging to convert some
manual versions into electronic ones in actual practice [307].

In addition to these functions, another important adaptation of large language
models is the generation of learning materials. Regarding question generation,
the quality of questions generated by LLMs is comparable to human-generated
ones. A study in medical education indicates that the difficulty level of the 25
Al-generated multiple-choice questions aligns closely with those created with a
medical educator [309]. Similarly, 44 dental board-style examination questions
produced by LLMs based on the corresponding textbook contents are of the same
quality as those developed by human experts [311]. Moreover, LLMs generate
questions at a much faster rate [315], and a study on introductory programming
education shows that LLMs have the potential for large-scale question analysis,
as the code-tracing generated in the experiments is of high quality [313], while
automated question generation can improve the quality of assessments [312].

Nonetheless, the accuracy of Al-generated questions remains a crucial factor

that requires further consideration. A study on exam generation reflects that
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despite the ability to generate multiple-choice questions, around half of the ques-
tions generated by ChatGPT need to be modified [310], while another illustrates
that the ability of ChatGPT to improve question and answer pairs still needs to
be enhanced, as the quality of the automated summaries cannot be guaranteed
[314]. In addition, LLMs still need to be supervised in real practice because they

cannot replace human interactions [311].

9.5 Perceived Educational Impacts of LLMs

9.5.1 Impacts from the Student Perspective

9.5.1.1 Perceived Benefits for Students

As shown in Table 9.4, LLMs primarily enhance students’ critical thinking, ar-
gumentation, and language skills while also fostering motivation and improving
their overall learning experience.

The integration of LLMs significantly strengthens students’ comprehension
and argumentation abilities. For instance, a study involving 95 undergraduate
students found that LLMs help students grasp complex concepts more effectively
while simultaneously improving their argumentation skills in international rela-
tions debates [316]. Similarly, an experiment comparing two groups of Ghana
university students demonstrated that the incorporation of LLMs into education
led to improved critical thinking scores among undergraduates [317]. Another
study involving 67 first-year university students showed that ChatGPT signifi-
cantly enhanced argumentation performance across various English proficiency
levels [318].

LLMs also play a crucial role in improving language proficiency and stimu-
lating student motivation. Research on 25 Chinese medical students highlights
that ChatGPT facilitates translation and grammar correction while supporting
literature review processes, with manual scoring increasing by more than four
points following assistance from GPT-3.5 and GPT-4 [300]. Additionally, both
GPT and Bard have been shown to assist 47 medical students in generating es-
says that reflect their perspectives on ethical issues, fostering more structured
and coherent writing [319]. A study on the capabilities of ChatGPT in English
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Table 9.4 Positive Influence of LLMs on Academic Skills of Students

Skills

Positive Influence

Critical
Thinking

Improvement of students’ understanding of com-
plex concepts, critical thinking, and argumenta-
tion skills [316].

A significant increase in critical thinking scores.
Improvements in creative thinking skills and re-
flective thinking skills [317].

ChatGPT-CA approach enhances argumentative
speaking performance, critical thinking awareness,
and collaboration tendency for different English
levels [318].

Language
Skills

Improved papers in terms of the structure, logic,
and total score [300].

Al-generated essays’ language is more affect-
related and tends to be more emotionally positive
and authentic [303, 319].

Study

Experience

Improved research engagement and clinical skills
development [42, 48, 50].

Increased knowledge and understanding with
much wider options [42, 48, 50].

Augments the learning process in concept valida-
tion [42].

Better understandings of ethical theories|320].
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language studies further illustrated that feedback provided by LLMs enhances
student engagement by increasing receptiveness to constructive criticism, ulti-
mately strengthening learning motivation [303].

Moreover, LLMs contribute to a more personalized and enriched learning ex-
perience. Studies in healthcare and medical education suggest that LLMs enable
personalized learning, enhancing students’ comprehension of complex concepts
[42, 48, 50]. Research on the integration of GPT in education and healthcare
indicates that this tailored approach sustains student engagement and deepens
their understanding of specialized medical terminology [42|. Furthermore, a study
examining students’ perspectives on the integration of LLMs in professional ethics
assignments suggests that these models facilitate a deeper understanding of eth-
ical theories [320].

9.5.1.2 Perceived Drawbacks for Students

As depicted in Table 9.5, the negative effects of LLMs in education primarily fall
into two categories: skill development and ethical concerns.
Table 9.5 Negative Influence of LLMs on Academic Skills of Students

Aspects Negative Influence
. Overreliance issues in writing papers or preparing

Skills o
for examinations [48].
Overreliance may misguide students, so they will
not undergo the enculturation and cognitive devel-
opment (321, 322].
Academic integrity [48].

Ethical Bias and transparency [48].

Concerns

Data privacy and security [48, 322].
Limited knowledge and training [322].

Cannot identify ethical issues [323].
A significant challenge associated with LLMs in skill development is students’

overreliance on these models. Research on the complex role of LLMs in medi-

cal education indicates that students may complete assignments and prepare for
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examinations solely based on LLM-generated responses [48|, potentially under-
mining their literacy skill development as they become overly dependent on these
tools [322]. Moreover, the risk of misinformation poses an additional concern,
as students may be misled by incorrect or misleading information produced by
LLMs, further hindering their learning process [321].

Ethical concerns also constitute a critical issue in LLMs. One major challenge
is academic integrity, as LLMs increase the risk of plagiarism, with some stu-
dents generating entire assignments using multiple LLM platforms [48]. Data
privacy is another pressing concern, as personal information shared with LLMs
for academic guidance may be exposed to third parties [48|. Furthermore, LLMs
lack human emotions, well-being considerations, and moral reasoning, leading
students to make misguided decisions, particularly in ethical and legal contexts
[322]|. Additionally, technical limitations in input processing can result in inac-
curacies, further increasing the risk of students making incorrect decisions based
on flawed outputs [323]. Consequently, LLMs are not equipped to assist students
in developing ethical judgment, making it more challenging for them to recognize
and navigate ethical dilemmas [323].

Beyond the inherent characteristics of LLMs, students’ acceptance levels also
influence their usage and the associated effects. A study on clinical medical stu-
dents in China found that attitude is a key predictor of students’ behavioral
intentions to adopt LLMs [324]. Similarly, research conducted in Peruvian uni-
versities highlights that effort expectancy and behavioral intention significantly
impact students’ actual adoption of LLMs [325]. Additionally, a study on Chi-
nese EFL learners demonstrates that students’ intention to adopt LLMs directly

influences their engagement with these models [326].

9.5.2 Impacts from the Instructor Perspective
9.5.2.1 Perceived Benefits for Instructors

As illustrated in Table 9.6, LLMs contribute significantly to instructors’ knowl-
edge acquisition, research practices, teaching methodologies, and the preparation
of instructional materials.

Table 9.6 Positive Influence of LLMs from the Perspective of Instructors
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Knowledge Research Materials Teaching
Acquisition Practice Preparation Practice
Facilitation  of | Support re- | Reduction of | Build up more
information search activi- | teachers’ cogni- | suitable ped-
gathering [49]. ties, including | tive load [307] | agogies and
manuscript and supplement | effective instruc-
writing and | educators’ feed- | tional methods
experimental back  provision | [42, 48].
design [49]. [303].
Culturally Support medical | Recently intro- | Students had
relevant and | data  retrieval, | duced image | higher submis-
personalized literature sum- | recognition sion rates with
knowledge [287| | marization, and | functions facili- | Wisdom Bot
improves un- | dataset analysis | tate automated | [328].
derstanding  of | [48]. assessment
real-life sce- [307].
narios [327]
and healthcare
concepts [42].
Rapid prepa-
ration for
course materials
[42, 323].

LLMs enhance instructors’ knowledge acquisition by facilitating information re-
trieval and promoting critical thinking and analytical skills. For instance, a
global survey of dental educators highlights that LLMs aid in information gath-
ering and foster deeper analytical engagement [49]|. Additionally, the recursion
analogy study involving over 350 first-year computing students indicates that
LLM-generated content is more memorable for instructors due to its cultural
relevance [287|. Furthermore, a comprehensive review of healthcare education
demonstrates that LLMs contribute to a clearer understanding of multiple con-
cepts within the field [42]. Similarly, research on nursing education shows that
personalized knowledge delivery through ChatGPT enhances students’ ability to
comprehend real-life applications of theoretical concepts [327].

Beyond knowledge acquisition, LLMs play a crucial role in supporting instructors’

research activities. The global survey of dental educators underscores how LLMs
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streamline literature searches, facilitate experimental design, and enhance various
research processes, thereby improving efficiency by reducing time and effort [49].
Likewise, a study in medical education demonstrates that LLMs are effective
in analyzing datasets and assisting with manuscript editing, further optimizing
research workflows [48].

LLMs also enhance daily teaching practices by enabling personalized feedback.
Research in medical education illustrates that LLMs support personalized learn-
ing experiences by adapting to individual students’ needs [48]. Another study
emphasizes that ChatGPT-generated feedback can be customized to align with
the specific requirements of both instructors and students, improving the overall
learning process [42].

Instructors benefit from LLMs in the preparation of teaching and learning ma-
terials. A study on ChatGPT’s application in English language teacher training
demonstrates that automated assessments reduce instructors’ workload, while
image recognition capabilities and file upload functions enhance content creation
efficiency [307]. Similarly, research on ChatGPT’s role in EFL writing instruction
highlights how LLMs assist in generating feedback and refining instructional con-
tent based on students’ initial responses [303]. In medical education, the efficiency
of material preparation is significantly improved due to LLMs’ rapid processing
capabilities [42]. Additionally, research on ethics education indicates that LLMs
effectively summarize complex ideas and concepts, thereby supporting educators
in content development [323].

The integration of LLMs into instructional processes extends beyond material
preparation, positively influencing actual teaching practices. For instance, LLMs
facilitate personalized learning by generating feedback and suggestions that align
with both instructors’ pedagogical objectives and students’ learning needs [48].
This adaptability allows educators to design more tailored curricula [42]. Fur-
thermore, experimental studies suggest that the incorporation of LLMs in the
learning environment may lead to higher student submission rates, indicating

increased engagement and participation [328].
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9.5.2.2 Perceived Drawbacks for Instructors

For instructors, there are three main limitations of LLMs: technological con-
straints, potential impacts on student motivation, and ethical concerns, as shown
in the Table 9.7. While the techniques underlying LLMs still require further de-
velopment, concerns have also been raised regarding their influence on student
motivation and associated ethical issues. Some experts argue that educators and
universities should establish policies to address these potential challenges [329],
and guidelines have already been developed to assist educators in leveraging LLMs
effectively [330].
Table 9.7 Negative Influence of LLMs from the Perspective of Instructors

Technique Study Ethical

Issues Motivation Concern

Hard to find specific | Lengthy feedbacks | Potential biases and er-
matching models and | strengthen anxiety | rors [49].

high costs to access [49]. | [303].

No clear prompt results
in ambiguous outputs

[287].

Overreliance on LLMs
influences cognitive de-
velopment and study
skills [323, 327, 331].

Breach of academic in-
tegrity [327, 332].

Longer arguments lead
to lower precision and
recall rates [302, 303,
327].

Lacking in encultura-
tion and cognitive devel-

opment [322].

Concerns towards Chat-
GPT being listed as an
author [332].

The diagnostic errors,
such as neglecting dis-

ease histories [42].

Difficult to identify the
AT scoring and manual

scoring [298].

Challenges of integra-
tion into the education

system [42].

Enforcing fairness and
privacy issues [42, 284,
323].

One major limitation is technological shortcomings. Since LLMs generate responses
based on pre-existing databases, they often fail to provide adequate answers to novel
or complex questions posed by lecturers and students [49]. A study in dental education

highlights that ChatGPT may lack sufficient medical knowledge, leading to diagnostic
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errors with potentially serious consequences [42]. Additionally, the quality of LLM-
generated outputs is often inconsistent. For instance, in EFL writing, responses tend to
be overly lengthy, making it difficult for students and instructors to extract key points
[303], while in the study on recursion analogies by 350 first-year computing students,
responses were sometimes ambiguous due to unclear prompts [287|. Furthermore, while
another research study on the feedback of ChatGPT on the argumentations of the
undergraduate students showed that accuracy remained low when there were lengthy
arguments [302]. These limitations largely stem from issues related to training datasets.
Several studies in healthcare education illustrate that LLM accuracy is restricted to the
scope of existing databases, making response quality unreliable [42, 327]. For example,
LLMs struggle to distinguish ethical issues effectively [323].

Moreover, experts worry that technological limitations can negatively influence study
motivation. Some students may find lengthy feedback overwhelming and find the key
points difficult, leading to decreased motivation in writing tasks [303|. Additionally,
instructors are increasingly concerned about the cognitive development and academic
literacy skills of students who heavily rely on LLMs, as these students may lack the
necessary experience of enculturation in academic disciplines (322, 323, 331], while some
students may even generate answers directly rather than engage in critical thinking
[327, 328, 331].

Ethical concerns are another critical issue raised by instructors. Each large language
model has its own perspectives based on the existing databases, which may result in
potential biases when providing solutions to certain questions [49]. Academic integrity
issues, including plagiarism and cheating, have become more prevalent with the use of
LLMs [327]. Detecting Al-generated work remains challenging in practice, as some stu-
dents may use anti-plagiarism software to lower repetition rates [298|, raising concerns
about the potential misuse of LLM technology [332]. Additionally, debates persist over
whether Al-generated content should be credited as authorship [332]|. Issues related
to fairness and privacy also remain unresolved [42, 284, 323]. For instance, in many
countries, both instructors and students lack access to free versions of certain models,
exacerbating educational disparities [323]. Furthermore, there is a high likelihood that
personal information may be exposed to third parties through the adoption of LLMs
[42, 284, 323].

Furthermore, educators’ familiarity with LLMs significantly influences their effective-
ness in education. A survey of K-12 teachers reveals that a substantial proportion of
educators lack sufficient knowledge about LLMs, with some even unaware of whether
their students utilize them [333].
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9.6 Discussion

Existing studies demonstrate that LLMs, particularly advanced versions of GPT, have
achieved significant breakthroughs across various disciplines. Notably, GPT-4 excels
in answering discipline-specific questions, showing high accuracy in medical studies,
programming, linguistics, and physics education. LLMs perform exceptionally well on
numerous medical exams, including USMLE, HKLME, NMLE, ESNR, RDE student
assessments [46, 62, 276, 277|, certain programming assignments, and language exams
[20, 290]. Their accuracy is especially evident in standardized assessments, including
multiple-choice and text-based questions, and they demonstrate a strong understanding
of fundamental concepts |63, 67, 288].

In addition to their high accuracy as learners, LLMs also demonstrate impressive per-
formance as instructors. They enhance efficiency by generating high-quality course
materials and feedback at scale, significantly reducing preparation and grading time
[42, 304]. The volume of feedback generated by LLMs often exceeds that of human
instructors, maintaining comparable quality and personalization when provided with
detailed inputs [304, 334].

Several factors contribute to the performance of LLMs in education. One key reason
is the advanced technology underlying them, including enhanced knowledge bases and
newly introduced features such as image recognition [307, 335]. Additionally, the evolv-
ing attitudes of educators, many of whom are increasingly applying LLMs in grading
and other tasks [293, 296, 309]|, have fostered greater acceptance and adaptability of
these tools.

Despite these advancements, LLMs face limitations that hinder broader and more reli-
able applications. A major challenge is inconsistent accuracy, as evidenced by failures
to pass exams such as NPLE and NNLE [62]. Moreover, when acting as learners, LLMs’
effectiveness is heavily influenced by input contexts and subjects. Research shows that
ambiguous or incomplete queries often lead to inaccurate responses [276], and their
performance declines in complex reasoning, image-based questions, and domain-specific
inquiries 63, 273|.

The issues primarily arise from the limitations of the underlying databases. While
LLMs possess vast knowledge, they often lack the most recent information, particularly
in fields such as medical practice and advanced areas. To enhance the quality of answers,
developers should broaden the knowledge base to include recent developments, verify
the accuracy of existing information, and, if possible, introduce new features, such as

enhanced analytical and graphical capabilities.
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Regarding the impact of LLMs on both students and instructors, LLMs have positively
influenced students’ study skills and overall learning experience. They help students
gain a deeper understanding of concepts, enhancing skills such as argumentation, lan-
guage proficiency, and critical thinking [300, 316], as well as improving their grasp of
key ideas [320]. For educators, LLMs support research and the preparation of course
materials, enabling the creation of more personalized, culturally relevant curricula that
are tailored to students’ needs [42, 48, 287].

However, challenges remain from both students’ and instructors’ perspectives. One con-
cern is overreliance on LLMs. Excessive dependence on Al reduces students’ engagement
in analytical reasoning and problem-solving [48, 321, 322, 336|. Additionally, LLMs,
lacking an understanding of real-world human interactions, struggle with addressing
complex moral and social issues effectively [42, 323], and this concern is heightened by
the constant accessibility of Al tools [322].

Another significant challenge is ethical concerns, particularly regarding academic in-
tegrity. The adoption of Al-generated content raises issues of plagiarism and dishonesty
[284]. Some students submit LLM-generated assignments without modification, mak-
ing it difficult to differentiate between original and Al-assisted work. While plagiarism
detection tools exist, they often struggle to reliably identify Al-generated content [298].
However, these ethical concerns are not confined to specific educational institutions, as
they are closely associated with international guidelines and standards. For instance,
they are directly related to the key principle of “Fairness” [337|, since inappropriate
adoption of LLMs may compromise the integrity of daily academic activities across
multiple institutions, which designers and researchers must carefully consider. Addi-
tionally, the principle of “Sustainable Development” [337| represents another critical
OECD guideline, emphasizing that Al technologies should inform the long-term devel-
opment of the younger generation, but a limited understanding of Al systems among
students may hinder their future educational growth.

Both positive and negative influences are present across various Al tools. Educators
note that Al software can contribute to cheating, with some schools even considering
banning its use in daily studies [338]. Conversely, others view it as a tool to reduce
educators’ workload.

In response, a systematic evaluation of LLMs’ adoption is necessary to assess both their
potential and risks. Institutions should implement detailed policies on LLM applications
rather than simply banning them. Furthermore, experts should guide students and
instructors on how to effectively use LLM functionalities.

Despite these findings, this chapter has limitations. For instance, some newer LLMs,
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such as DeepSeek, were not analyzed. Additionally, most existing studies did not ac-
count for the cultural background of these models, which could influence the accuracy of
responses. The effectiveness of LLMs may also vary across different educational levels,

including primary, secondary, high school, and university settings.

9.7 Conclusion

This chapter provides a comprehensive analysis of how LLMs, particularly GPT-4 and
GPT-40, are currently applied and perceived in educational settings. These models
demonstrate high accuracy across a wide range of disciplines—including medicine, pro-
gramming, linguistics, engineering, and physics—particularly excelling at answering
standardized, text-based questions. In addition to their learning performance, LLMs
also show strong potential as instructional tools, especially in automated scoring, feed-
back generation, and content creation.

Despite these promising capabilities, several limitations remain. LLMs continue to face
challenges with handling multimodal input (e.g., image-based questions), and their per-
formance is sensitive to prompt clarity and contextual variation. Furthermore, ethical
concerns such as academic dishonesty, overreliance, and reduced motivation for inde-
pendent learning present ongoing issues that require critical attention.

A key contribution of this chapter lies in its dual analytical lens: it examines LLMs not
only in terms of their functional roles—as learners and as instructors—but also in terms
of their perceived educational impact from both student and educator perspectives.
This dual-structured framework enables a more nuanced understanding of how LLMs
are integrated into, and affect, different dimensions of teaching and learning.

Notably, current literature has yet to fully investigate the educational applications of
newer models such as DeepSeek, nor has it sufficiently explored how cultural and educa-
tional diversity may shape the use and impact of LLMs. Future research should therefore
prioritize emerging models and consider cross-cultural, cross-level comparisons to guide

the responsible and effective integration of LLMs in global education systems.

150



Chapter 10
Conclusion and Prospect

In conclusion, this thesis explores the impacts of the COVID-19 pandemic and large
language models on various aspects of education, including multiple standardized tests,
attendance rates, and a wide range of other factors.

The research demonstrates that the pandemic significantly altered overall academic
performance at the onset of the crisis; however, the trends vary across different types of
international tests. The skills assessed in each examination, the requirements of home-
based online tests, and the urgency experienced by test participants may all contribute
to the observed differences in academic performance. Therefore, the thesis provides
valuable insights for policymakers, suggesting that testing policies should be flexible
and tailored to the nature of each test and the needs of the students.

Furthermore, the pandemic had a substantial impact on attendance rates in New
Zealand across different ethnic groups and types of Maori schools. However, the years
during which childcare and school attendance rates were most affected differ, as does the
ethnicity most impacted by the pandemic. These variations may be attributed to dif-
ferences in educational systems, cultural backgrounds, and diverse knowledge systems.
Consequently, it is essential to understand the cultural context of each ethnicity, as well
as their access to health services and financial resources. Governments and policymakers
should develop targeted policies to ensure equitable access to services across all ethnic-
ities and establish contingency plans within education systems to respond effectively to
future pandemics.

Therefore, it is important to maintain the perspective of the pandemic as a global one
because the pandemic influences all countries worldwide, while cultural factors, age
factors, and multiple other factors need to be taken into consideration when setting up

policies. The phases of the pandemic are also very important.
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Moreover, LLMs play an increasingly significant role in education, offering strong per-
formance in various examinations and functioning effectively as virtual tutors. The
findings from the perspectives of students and educators reveal that large language
models achieve high accuracy rates in answering specific questions and provide use-
ful feedback. However, their accuracy is not consistently reliable, and issues such as
cheating and misuse are prevalent. Developers should enhance these systems, while
educators must implement appropriate guidelines and detection mechanisms to support
responsible student use.

Therefore, LLMs are considered a breakthrough in computer science, particularly in
the field of education; however, they still require substantial improvements to miti-
gate associated issues, such as ethnic biases. In the future, across various academic
disciplines—including medicine, mathematics, and others—specific guidelines should
be developed to ensure the appropriate adoption of LLMs within each subject area.
Moreover, mature I'T techniques established in certain disciplines can serve as valuable
references for their application in other fields. Furthermore, policy authorities need to
establish corresponding regulations to guide the adoption of computer science technolo-
gies in each discipline.

Despite some breakthroughs in the research, the thesis also acknowledges certain lim-
itations that should be addressed in future studies. First, there are some inherent
limitations of the public databases. Public databases are lacking in records of the aca-
demic performance of certain countries and attendance rates on some specific dates,
and some children can claim that they belong to more than one ethnicity, which may
slightly influence the accuracy of the final results. In future studies, more types of
databases will be adopted to analyze the influences of the pandemic on education. In
addition to the inherent limitations of the public databases, the standardized tests are
limited to TOEFL and GMAT, so future research should cover more assessments, such
as [ELTS and other international exams, to enable a more comprehensive evaluation of
the pandemic’s impact on skill-based testing. Future studies should also examine atten-
dance rates of different ethnicities in other multicultural countries for a comprehensive
analysis of the influences of pandemics on different ethnicities. For the LLMs, more
advanced technologies, including the latest versions of GPT and DeepSeek, will also be

incorporated to reflect the more advanced roles and functions of LLMs in education.
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