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Abstract: This study investigates the factors influencing online education by analyzing Pearson Correlation Coefficients,
Chi-square tests, and hypothesis testing. The findings reveal significant correlations among age, education level, IT
student status, and the use of self-learning management systems (LMS), indicating that older students tend to have higher
education levels, are more likely to be IT students, and utilize LMS more frequently. Financial condition shows a
moderate correlation with adaptivity levels and internet type, underscoring the impact of socioeconomic status on digital
learning experiences. Chi-square tests confirm significant associations between education level, device usage, internet
type, and adaptivity level. Conversely, gender and load-shedding display weaker correlations, suggesting minimal impact
on online learning. Hypothesis testing highlights significant differences in adaptivity levels based on gender, internet
type, and IT student status, as well as associations between location and load-shedding frequency, and class duration
based on LMS usage. These results emphasize the complex interplay of demographic, technological, and institutional
factors in online education, providing valuable insights for enhancing digital learning strategies and policies.
Keywords: Descriptive Analytics, Artificial Intelligence, Online Education, Machine Learning, Personalized Learning,
Digital Divide, Educational Technology

1. INTRODUCTION

The efficacy of students' application, analysis, synthesis, and evaluation of educational content within classroom settings
is profoundly influenced by the quality of education, a pivotal factor shaping individuals' abilities and opportunities [1].
In the contemporary landscape of globalization and privatization, the integration of Information and Communication
Technology (ICT) into pedagogical practices emerges as imperative for educational enhancement.

E-Learning serves as a conduit for disseminating information, concepts, and skills across diverse geographical locations,
accessible around the clock from various settings such as homes, schools, offices, and recreational spaces. Its significance
has surged notably during the COVID-19 pandemic, assuming a critical role in augmenting educational processes [2].
Pedagogical methodologies are swiftly adapting to embrace these emergent technologies, aiming to ameliorate
educational outcomes. The paradigm of E-Learning encompasses the digital delivery of educational or training content,
establishing a novel instructional framework empowered by advanced digital infrastructure. This mode of instruction
harnesses ICT resources including computer-based learning, teleconferencing, video conferencing, emails, live chats,
blogs, and social media platforms [3]. The concept of Technology-Enhanced Learning (TEL) transcends the conventional
boundaries of "computer-based learning" (CBL) and "computer-assisted instruction" (CAI), encompassing any
educational process leveraging technology to bolster learning experiences [4].

The work by Gali et al. (2022) [4] underscores how the COVID-19 pandemic has catalyzed the widespread adoption of
online education in India, with over 370 million individuals engaging in digital learning endeavors. E-Learning facilitates
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a myriad of instructional approaches, augments student retention rates, and expedites the learning process. Amidst
lockdowns, numerous educational institutions pivoted to online delivery modes, amplifying the role of parental
involvement in education [5]. The digitalization of education enhances online pedagogy, optimizing technological
dividends. The pandemic underscores the imperative of online learning as a complementary facet to traditional schooling,
as projected by Singh (2022) [6], anticipating a 55% surge in internet users by 2025, underscoring the escalating
significance of digital tools in education.

Online education revitalizes learning across diverse domains, fostering sessions that are engaging and innovative. Recent
advancements in digital tools underscore a shift towards student-centered learning paradigms. Digital learning presents
avenues for scalability, strategic implementation, accessibility, and seamless integration with conventional
methodologies. It fosters experimentation, relevance, measurability, and cost-effectiveness, substantially enhancing
learning flexibility, material reusability, and the overall educational experience, as elucidated by Prajapati (2019) [7]. E-
Learning tools encompass a spectrum of electronic gadgets including PDAs, TVs, tablets, phones, and smartphones,
ubiquitous across urban and rural landscapes. The integration of ubiquitous communication platforms such as WhatsApp,
Facebook, and Instagram, prevalent among rural populations, underscores the imperative of incorporating such
technologies into e-learning ecosystems, as posited by Singh et al. (2021) [8]. Effective deployment of online learning
necessitates adaptability, robust infrastructure, and meticulously crafted solutions aligning with students' digital
requisites. The pandemic has spurred innovation in educational methodologies, elevating the workload for both students
and educators, underscoring the exigency for governments and higher education institutions to devise comprehensive
training programs fostering knowledge enhancement and adaptation to evolving educational paradigms.

Within the realm of online education, descriptive analytics assumes paramount significance, offering insights that
illuminate the efficacy and engagement levels of learners. Descriptive analytics involves the examination and
interpretation of historical data to discern patterns, trends, and associations, thereby furnishing educators with a
comprehensive understanding of student behaviors and performance metrics. In the context of E-Learning, descriptive
analytics plays a pivotal role in discerning patterns of user engagement, identifying areas of strength and weakness within
the digital learning ecosystem, and informing instructional design strategies tailored to cater to diverse learning needs.
By analyzing data pertaining to course completion rates, time spent on different modules, interaction frequency with
learning materials, and assessment scores, educators can gain invaluable insights into the effectiveness of instructional
content and delivery methods. Moreover, descriptive analytics aids in the identification of at-risk students, enabling
timely interventions to mitigate potential learning impediments and enhance overall educational outcomes. By leveraging
descriptive analytics, educators can refine their pedagogical approaches, optimize course content, and tailor learning
experiences to foster student success in the dynamic landscape of online education.

2. LITERATURE REVIEW

In the 18th century, postal courses marked the introduction of distance education, laying the groundwork for the
contemporary digital educational environment. However, it was in the latter half of the 20th century, driven by internet
advancements, that the true potential of online education began to unfold (Khatri, 2024)[9]. Recent technological
developments have significantly enhanced online schooling. High-speed internet and sophisticated Learning
Management Systems (LMS) such as Moodle and Canvas have facilitated seamless content delivery across digital
platforms. These technologies enhance content transmission, communication, assessment, and collaboration, creating
virtual classrooms that transcend geographical boundaries (Sunita, 2020)[10] .

The evolution of online education is closely tied to advancements in educational techniques. Initially, online courses
were designed to mimic traditional classrooms, but educators soon recognized the need for instructional strategies
tailored to digital platforms. Prominent educational methodologies such as constructivism and connectivism, which
emphasize active learning, collaboration, and social interaction, have gained prominence. These shifts have led to the
emergence of strategies like gamification, micro-learning, and personalized learning, which significantly enhance
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engagement and outcomes in online learning environments. The diverse approaches to online learning demonstrate its
adaptability to various educational needs. By offering fully online, blended, and hybrid courses, online education can
cater to students from diverse backgrounds. Massive Open Online Courses (MOOCs) have democratized education by
providing access to high-quality content from top universities. Additionally, micro-credentials and certification courses
address skill development and professional growth by offering flexible learning options (Priydarshini, 2021) [11].

One of the primary benefits of online education is its global accessibility. Students can enroll in courses from

top universities regardless of their time zone or location, which is particularly beneficial for those without access

to traditional educational resources. Advanced technologies, including simulations that mimic real-world
scenarios and respond to student choices, provide immersive learning experiences. The incorporation of data

from online learning platforms has also propelled the field of learning analytics. These advancements enable
educators to gain insights into student engagement, performance, and behavior, allowing for personalized
interventions and curriculum adjustments (Subha et al., 2021) [12]. A literature review is an extensive analysis

of previous studies within a specific field, providing a comprehensive overview and summary of the subject

matter. The primary purpose of an effective literature review is to justify the selection of a particular research
question, assessing what is already known, what has been attempted, the success or failure of various
investigation techniques, and identifying unresolved issues. Webster & Watson (2002) [13] describe a literature

review as "a systematic, clear, and repeatable process for determining, assessing, and combining the body of

already known information." Such reviews aid in theory development, fill research gaps, and highlight areas

needing further exploration.

Assessment of ICT usage in educational settings underscores its positive impact on students' learning experiences and
outcomes (Tyagi & Singh, 2015) [14]. The challenges faced by teachers in adopting online technologies underscore the
need for comprehensive training and support (Jain et al., 2021) [15]. Similarly, students' perceptions of online courses
reveal confidence in their ability to succeed, highlighting the importance of understanding student demand (Martin et
al., 2020) [16]. The quality of knowledge in e-learning environments is evaluated, emphasizing students' preference for
accurate and relevant content (Waheed et al., 2016) [17]. Additionally, the viability of e-learning is underscored, with
evolutionary economics principles highlighting its societal necessity (Raja & Naga Subramani, 2018) [18].

Researcher found that teachers use YouTube and Facebook is used very low by teachers, Gmail, SWAYAM
PRABHA also used. Researchers analysed that teacher need more efficiency, computer knowledge, training,
communication, and connectivity with the students for effective use of online resources. Students are happy

with the online learning because they got opportunity to learn new things as well as teachers and students face

some major challenges during online classes (Mishra et al., 2020) [19]. Article wants to discuss the strength,
weakness, opportunity, and challenges SWOC analysis of online learning and it also focuses on EdTech startups

that are working in pandemic situations and how to deal with challenges related with online learning. Various

EdTech companies are helpful for students such as BYJU's, Unacademy, Zoom classroom, Topper and many

more. When author done SWOT analysis in strength is time flexibility, wide availability, and immediate
feedback, in weakness technical difficulties, time management, lack of physical attention and frustration, in
opportunities scope for digital development, innovation and no age limit in the last challenges includes ICT
infrastructure, digital illiteracy, digital divide and technological cost are major issues. So, we need a high level

of readiness, e-learning tools, E- Books, and online resources for quick adaptation of changes in the environment
(Dhawan, 2020) [20].

Researchers found that teachers and students are not conscious about the MOOC courses and there is no
difference between MOOC awareness and female and male. This study concludes that awareness level is very

low towards MOOCs-SWAY AM, so there is an emergent need for development and facilities for understanding

these courses (Sivakumar, 2019) [21]. The use of mobile applications in higher studies determine that in the

6022



Frontiers in Health Informatics
ISSN-Online: 2676-7104

www.healthinformaticsjournal.com

teaching learning process integrated mobile phones generated a new era of digital education. There are three

types of mobile apps as Hybrid apps, Native app and Mobile web apps and there are various subject specific

apps present. This study concludes that mobile applications have tremendous impact over the way of our lives.

It is not only serving the convenient means of education but also provides content anytime, anywhere without

carrying the heavy load (Sunitha & Elina, 2020) [22].

3. DESCRIPTIVE ANALYTICS

The data interpretation and analysis provided in this chapter offer valuable insights into the participants experiences,

satisfaction, and suggestions regarding E-learning. These findings contribute to a comprehensive understanding of the

effectiveness, challenges, and potential of online education, informing future strategies and policies to enhance the

overall quality and accessibility of E-learning in the educational domain. We will be using the following methods for

statistical analysis or descriptive Analysis:

e Descriptive Analysis: Summarize the distribution of each feature (e.g., count of students in each age group, gender
distribution).

e Correlation Analysis: Determine correlations between numerical features (e.g., age range and class duration).

o Chi-Square Tests: Test independence between categorical features (e.g., gender and adaptivity level).

o Inferential Analysis: Hypothesis testing to understand relationships between features (e.g., does financial condition
affect internet type?).

By understanding the dataset and its features, we can apply appropriate statistical methods to draw meaningful insights

and conclusions.

A. Descriptive Analysis

The dataset [23] contains 1,205 entries with 14 features related to students’ demographics, educational background, and

online learning conditions. The following table 1 listed the Dataset features is a descriptive analysis of each feature:
Table 1: Dataset Features Statistics

Feature Description Example Mode Freq-
uency
Gender Gender of the student Boy, Girl Boy 663
Age Age group of the student 11-15, 16-20, 21- | 21-25 374
25

Education Level | Current educational level of the | School, College, | School 530
student University

Institution Type | Type of educational institution | Government, Non- 823

Non-Government | Government

IT Student Whether the student is an IT | Yes, No No 901
student

Location Whether the student resides in | Yes, No Yes 935
an area with load-shedding

Load-shedding | Frequency of power outages in | Low, High Low 1004
the student’s area

Financial Financial condition of the | Poor, Mid, High Mid 878

Condition student’s household

Internet Type Type of internet connection | Wifi, Mobile Data | Mobile Data | 695
used by the student

Network Type Type of network connectivity | 3G, 4G, 5G 4G 775
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Class Duration Duration of the student’s | 0, 1-3, 3-6 1-3 840
online classes

Self LMS Whether the student uses a | Yes, No No 995
self-learning management
system

Device Primary device used for online | Mobile, Tab, | Mobile 1013
learning Laptop

Adaptivity Level of adaptability to online | Low, Moderate, | Moderate 625

Level learning environments High

This descriptive analysis provides a comprehensive overview of the dataset, highlighting the distribution and prevalence
of various features among the students. It sets the foundation for further inferential statistical analysis and hypothesis

testing.

B. Correlation Analysis

Given the dataset features, most are categorical. To perform correlation analysis on numerical data, we need to convert
relevant categorical features into numerical ones. For this analysis, we’ll focus on the following features, converting
them to numerical values where necessary:

Age: Convert age groups into numerical values representing the midpoints of the ranges.

Class Duration: Convert class duration categories into numerical values representing the midpoints of the
ranges.

Financial Condition: Convert financial conditions into numerical scale (e.g., Poor=1, Mid=2, High=3).
Adaptivity Level: Convert adaptivity levels into numerical scale (e.g., Low=1, Moderate=2, High=3).

Here is the correlation analysis, focusing on the following numerical conversions:

Age: 11-15 (13), 16-20 (18), 21-25 (23)

Class Duration: 0 (0), 1-3 (2), 3-6 (4.5)

Financial Condition: Poor (1), Mid (2), High (3)

Adaptivity Level: Low (1), Moderate (2), High (3)

C. Interpretation
Here’s how to interpret the correlation matrix (Figure 1):

Age and Class Duration: Indicates how age correlates with the duration of classes attended by students.
Age and Financial Condition: Indicates how age correlates with the financial condition of students’
households.

Age and Adaptivity Level: Indicates how age correlates with the adaptability level of students to online
learning.

Class Duration and Financial Condition: Indicates the relationship between class duration and financial
condition.

Class Duration and Adaptivity Level: Indicates the relationship between class duration and adaptability level.
Financial Condition and Adaptivity Level: Indicates the relationship between financial condition and
adaptability level.
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Figure 1: Pearson’s Correlation Coefficient matrix
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Table 2: Pearson’s Correlation Coefficient between different features
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Type 23 6 9 5 3

Class 0. 1005 (026 [036 |02 |03 |0.18 [0.08 |02 [0.03 |1.00 |02 |0.2 |0.30

Duratio | 32 3 0 8 5 9

n

Self 0. 10.13 |046 [0.09 {04 |00 |0.18 | 005 |00 {023 |025 |1.0 |02 |O0.15

LMS 44 5 2 8 0 5

Device | 0. [0.17 032 |0.14 |04 |0.1 |0.04 |0.10 |04 |0.11 (029 |02 |1.0 |[0.14
29 3 2 2 5 0

Adaptivi | 0. | 0.10 |0.12 {030 |0.1 |02 |0.08 |031 [0.1 [0.10 |030 |0.1 |0.1 |1.00

ty Level | 22 2 6 3 5 4

The table 2 represents the Pearson correlation coefficients between different pairs of features in the dataset. The values
range from -1 to 1
D. Key Observations:

1. Age and Education Level (0.852):

o There is a very strong positive correlation between Age and Education Level. This suggests that as age
increases, the education level also tends to be higher, which is logical as older students are likely to be
in higher educational levels.

2. Age and IT Student (0.505):

o There is a moderate positive correlation between Age and being an IT student. Older students are more
likely to be IT students.

3. Education Level and IT Student (0.523):

o There is a moderate positive correlation between Education Level and being an IT student, indicating
that higher education levels are more associated with IT students.

4. Age and Self LMS (0.439):

o There is a moderate positive correlation between Age and the use of Self Learning Management Systems

(LMS). Older students are more likely to use self-LMS.
5. Age and Class Duration (0.320):

o There is a moderate positive correlation between Age and Class Duration, suggesting that older students
tend to have longer class durations.

6. Class Duration and Institution Type (0.358):

o There is a moderate positive correlation between Class Duration and Institution Type. Students in non-
government institutions might be attending longer classes.

7. Age and Institution Type (0.412):

o There is a moderate positive correlation between Age and Institution Type, indicating older students are

more likely to be in non-government institutions.
8. Education Level and Self LMS (0.459):

o There is a moderate positive correlation between Education Level and the use of Self LMS. Higher

education levels tend to use self-LMS more.
9. Financial Condition and Adaptivity Level (0.311):

o There is a moderate positive correlation between Financial Condition and Adaptivity Level. Students

from better financial conditions have higher adaptability levels.
10. Internet Type and Device (0.421):

o There is a moderate positive correlation between Internet Type and Device. This could indicate that the

type of internet connection (e.g., WiFi, Mobile Data) is related to the device used (e.g., Mobile, Tab).
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11. Financial Condition and Internet Type (0.282):
o There is a moderate positive correlation between Financial Condition and Internet Type. Better financial

conditions may lead to better internet connectivity.

12. Adaptivity Level and Institution Type (0.295):
o There is a moderate positive correlation between Adaptivity Level and Institution Type. This suggests

that the type of institution might play a role in how adaptable students are to online education.
E. Other Observations:

e Gender:
o Gender has relatively low correlations with most other features, indicating that gender does not have a

strong linear relationship with these features in this dataset.
e Load-shedding:
o Load-shedding shows weak correlations with other features, suggesting that it may not significantly
impact these aspects of the students’ online learning experiences.
e Network Type:
o Network Type (e.g., 4G, 3G) shows some correlation with Internet Type (0.349) and Device (0.112),
indicating these aspects are somewhat related to the network quality.
The correlation matrix provides insights into how different features in the dataset relate to each other. Age, Education
Level, and IT Student status are strongly interrelated. Financial Condition and Internet Type are also key factors
influencing other aspects of online learning, such as Device usage and Adaptivity Level. Understanding these
relationships can help in designing better online education strategies and policies.
F. Chi-Square Test
Chi-square tests are statistical tests used to determine whether there is a significant association between two categorical
variables. The given dataset Chi-square statistic are given in table 3.
Table 3: Chi-square statistics for categorical values
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1 6
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Internet Type | 0.48 | 110.1 [ 4.11 | 14.99 | 58.66 | 0.14 | 97.62 | - 148.5 | 8.19 | 215.0 | 21.04
5 3 3
Network Type | 6.44 | 20.88 | 21.57 | 32.77 | 46.33 | 37.2 | 45.27 | 1485 | - 67.73 | 34.30 | 30.24
1 3

Self Lms 223 | 2553 | 10.73 | 245.0 | 1.38 | 41.1 | 525 |8.19 |67.73 |- 76.47 | 29.54
3 3 0 0

Device 36.7 | 248.1 | 25.53 | 225.4 | 19.17 | 3.81 | 26.10 | 215.0 | 34.30 | 76.47 | - 52.52
3 4 1 3

Adaptivity Le | 13.4 | 38.69 | 107.1 | 19.60 | 82.31 | 9.97 | 236.8 | 21.04 | 30.24 | 29.54 | 52.52 | -

vel 5 1 6

The table 3 represents the results of chi-square tests conducted between pairs of categorical variables. Each cell in the
table contains the chi-square statistic resulting from the test conducted between the variables corresponding to the row
and column.

1. Inference:
o Cells along the diagonal (where the row and column variables are the same) contain zeros or dashes, as

they represent the comparison of a variable with itself, which is nonsensical in this context.
o The higher the chi-square statistic between two variables, the stronger the association or dependency
between them.
o For instance, we can observe relatively high chi-square statistics for certain pairs, such as between
Education Level and IT Student (331.77), Education Level and Device (248.14), and Internet Type
and Device (215.03).
o Conversely, lower chi-square statistics or values closer to zero indicate weaker associations.
2. Directionality:
o The table doesn’t provide information about the directionality of the relationships between variables. It
only indicates the strength of association.
3. Statistical Significance:
o It’s important to note that while higher chi-square values suggest stronger associations, the statistical
significance of these associations also depends on the sample size and the degrees of freedom.
o The p-values associated with these chi-square statistics would be needed to determine whether the
associations are statistically significant.
In summary, this table provides insight into the strength of associations between pairs of categorical variables based on
the chi-square statistics resulting from chi-square tests. It highlights which pairs of variables have stronger associations,
indicating potential relationships or dependencies between them.
Table 1: p-values of different chi-square test
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Self Lms |2.29 | 3.6 | 1.0 | 3.1 |2.40e | 1.45¢ | 7.24e | 4.21e | 1.97e- | - 2.48e- | 3.86e-07
e-06 | Oe- | Se- | 9e- | -01 -10 -02 -03 15 17
56 |03 |55
Device 1.06 | 1.6 [ 2.8 | 1.1 | 6.87e | 1.48¢ | 3.02¢ | 2.03¢ | 6.47e- | 2.48e- | - 1.07e-10
e-08 | 4e- | 6e- | 3e- | -05 -01 -05 -47 07 17
52 |06 |49
Adaptivit | 1.20 | 8.0 | 5.5 |55 | 1.34e | 6.83¢ | 4.39¢ | 2.70e | 4.37e- | 3.86e- | 1.07e- | -
y_Level e-03 | 9e- | 2e- | Se- | -18 -03 -50 -05 06 07 10
08 |24 |05

The table 4 provides the p-values resulting from chi-square tests conducted between various pairs of variables. Here’s

how you can interpret the results:

1. Interpretation of p-values:
o The p-value represents the probability of observing the data given that the null hypothesis is true. A low
p-value indicates that the observed data is unlikely under the assumption of the null hypothesis,

2. Statistical Significance:

suggesting evidence against the null hypothesis.

o Common significance levels used to determine statistical significance are 0.05 (5%) and 0.01 (1%). If
the p-value is less than or equal to the chosen significance level, we reject the null hypothesis.

o Variables with p-values less than the chosen significance level (e.g., 0.05) are considered statistically

significant.
o Variables with higher p-values fail to reach statistical significance.
3. Inference:
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o Looking at the table, we can infer significant relationships between variables based on their p-values.

o For example, there seems to be a significant relationship between Gender and Education Level, as well
as between Gender and IT Student, indicated by the very low p-values (4.36e-11 and 9.64e-16,
respectively).

o On the other hand, the relationship between Gender and Location does not appear to be statistically
significant, as the p-value (2.63e-01) is higher than the common significance level of 0.05.

4. Directionality:

o The table doesn’t provide information about the directionality of the relationships (i.e., whether they are
positive or negative). It only indicates whether the relationships are statistically significant or not.

In summary, the table 4 helps identify which pairs of variables have statistically significant relationships and which do
not, based on their respective p-values.

G. Hypothesis Testing

To test each hypothesis, we will use the chi-square test for independence, given the categorical nature of the variables
involved. We will compare the calculated p-values to a significance level (usually 0.05) to determine whether to reject
or fail to reject the null hypothesis. If the p-value is less than or equal to the significance level, we reject the null
hypothesis in favor of the alternative hypothesis, indicating a significant relationship between the variables. Otherwise,
if the p-value is greater than the significance level, we fail to reject the null hypothesis, suggesting no significant
relationship between the variables. These conclusions are drawn based on the given p-values. The significance level
should be considered when interpreting these results. A summary of all these hypotheses is given in table 5 below.
Table5: Hypotheses Testing Summary

Hypothesis | Null Alternativ Test Test Conclusi
Hypothes | e Statistic on
is (HO) Hypothesi s
s (H1)

Gender and | HO- no | H1- Chi- Chi- Reject
Adaptivity | significant | significant square square HO.
Level relation relation Test statistic

= 13.45,

p-value

= 1.20e-

03
Age  and | HO- no | H1- Pearson Pearson Fail to
Class significant | significant Correlati correlati reject HO
Duration relation relation on on

coeffici

ent =

0.32

(low)
Education | HO- no | H1- Chi- p-value Reject
Level and | significant | significant square = 1.64e- HO.
Device relation relation Test 52
Usage (extrem

ely low)
Institution | HO- no | HI- Chi- Chi- Fail to
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Type and | significant | significant square square reject HO
Financial relation relation Test statistic
Condition = 6.01,

p-value

= 4.95e-

02
Internet HO- no | H1- Chi- p-value Reject
Type and | significant | significant square = 2.4e-5 HO.
Adaptivity | relation relation Test (extrem
Level ely low)
Location HO- no | H1- Chi- Chi- Reject
and Load- | significant | significant square square HO.
shedding relation relation Test statistic

= 70.98,

p-value

= 3.60e-

17
Self HO- no | H1- p-value p-value Reject
Learning significant | significant = 2.29e- HO.
Manageme | relation relation 06
nt System (extrem
(LMS) ely low)
Usage and
Class
Duration
Network HO- no | H1- p-value p-value Fail to
Type and | significant | significant = 3.99¢- reject HO
Class relation relation 02 (low
Duration but not

extreme

ly low)
IT Student | HO-  no | H1- p-value p-value Reject
Status and | significant | significant = 5.55e- HO.
Adaptivity | relation relation 05
Level (extrem

ely low)
Financial HO- no | H1- p-value p-value Fail to
Condition | significant | significant = 4.90e- reject HO
and Internet | relation relation 01
Type (high)

This table 5 organizes the hypotheses, null and alternative hypotheses, statistical tests, test statistics, and conclusions for
each analysis, providing a clear and structured summary of the findings.
4. CONCLUSION
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The analysis of Pearson Correlation Coefficients, Chi-square tests, and hypothesis testing reveals key insights into the
factors influencing online education. Age, education level, and IT student status exhibit strong positive correlations,
suggesting that older students tend to have higher education levels and are more likely to be IT students, utilize self-
learning management systems (LMS), and attend longer classes, particularly in non-government institutions. Financial
condition correlates moderately with adaptivity levels and internet type, highlighting the role of socioeconomic status in
digital learning experiences. Significant associations were found between education level and multiple variables,
including institution type, IT student status, and internet usage, emphasizing the interconnectedness of these factors.
Conversely, gender and load-shedding showed weaker correlations, indicating minimal impact on online learning
outcomes. The chi-square tests further confirmed significant associations between education level, type of device,
internet type, and adaptivity level, while weaker associations were observed for financial condition and institution type.
The hypothesis testing underscored notable differences in adaptivity levels based on gender, internet type, and IT student
status, as well as significant associations between location and load-shedding frequency, and class duration based on
LMS usage. These findings underscore the complex interplay of demographic, technological, and institutional factors in
shaping online education experiences, providing a foundation for designing targeted strategies and policies to enhance
digital learning efficacy.
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