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ARTICLE INFO ABSTRACT
Keywords: The rapid improvement of artificial intelligence (AI) in the educational domain has opened new
Deep learning possibilities for enhancing the learning experiences for students. This research discusses the

Higher education

critical need for personalized education in higher education by integrating deep learning (DL)
Personalized learning

techniques to create customized learning pathways for students. This research intends to bridge
the gap between constant educational content and dynamic student needs. This research presents
an Al-driven adaptive learning platform implemented across four different courses and 300 stu-
dents at a university in Faisalabad-Pakistan. A controlled experiment compares student outcomes
between those using the Al platform and those undergoing traditional instruction. Quantitative
results demonstrate a 25 % improvement in grades, test scores, and engagement for the Al group,
with a statistical significance of a p-value of 0.00045. Qualitative feedback highlights enhanced
experiences attributed to personalized pathways. The DL analysis of student performance data
highlights key parameters, including enhanced learning outcomes and engagement metrices over
time. Surveys reveal increased satisfaction compared to one-size-fits-all content. Unlike prior AI
research lacking rigorous validation, our methodology and significant results deliver a concrete
framework for institutions to implement personalized, Al-driven education at scale. This data-
driven approach builds on previous attempts by tying adaptations to actual student needs,
yielding measurable improvements in key outcomes. Overall, this work empirically validates that
Al platforms leveraging robust analytics to provide customized and adaptive learning can
significantly enhance student academic performance, engagement, and satisfaction compared to
traditional approaches. These findings have insightful consequences for the future of higher ed-
ucation. The research contributes to the growing demand for Al in education research and pro-
vides a practical framework for institutions seeking to implement more adaptive and student-
centric teaching methodologies.
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1. Introduction

The current situation of higher education has been undergoing a significant transformation, boosted by rapid technological ad-
vancements and the increasing adoption of digital tools. This paradigm shift is characterized by the integration of Al in educational
environments, indicating a new era of teaching and learning methodologies [1]. Based on this development, the application of DL
techniques is a subset of machine learning (ML) indicated by its ability to learn and make conclusions from large datasets [2]. The
growing diversity and altering backgrounds of students in higher education require adaptive and personalized educational models to
meet the individual learning needs of students [3].

The potential of Al, particularly DL, in reshaping educational practices is immense. DL algorithms, which simulate the neural
networks of the human brain, can analyse complex data sets and extract patterns that can be used to tailor educational content [4]. This
approach has already demonstrated transformative impacts in sectors such as healthcare and finance, where personalized solutions
based on DL have led to significant advancements [5]. In education, however, the full potential of these technologies remains largely
unexplored, especially in terms of personalizing learning at scale in higher education environments.

The predominant issue in higher education is the prevalent ‘one-size-fits-all’ approach [6], which often fails to address the diverse
learning needs of students. This gap in the educational model is further aggravated by a lack of empirical research focusing on the
integration of DL for personalized education in higher education. There exists a clear need for studies that not only explore the
theoretical aspects of Al in education but also empirically validate the effectiveness of such technologies in real-world educational
environments “Artificial intelligence and human society [7]. Fig. 1 illustrates the components and goals of general personalized
learning in higher education environments. It highlights key aspects such as one-on-one interactions between teacher and student,
innovative teaching methods, a rich self-paced curriculum, around-the-clock access to learning resources, technology that enhances
learning, and adaptable learning environments. Parent partnerships and frequent skill assessments that guide progress are also
emphasized. The overarching goals of personalized learning, as stated, are to ensure equity, raise achievement, and inspire student
agency. This model underscores a tailored educational approach that responds to individual student needs, preferences, and goals,
aiming to provide a more effective and engaging learning experience.

Consequently, this research aims to bridge this gap by investigating the integration of DL techniques to create personalized learning
pathways in higher education. Specifically, the study seeks to evaluate the effectiveness of these techniques in enhancing learning
outcomes and student engagement. By exploring the practical application of Al in education [8], this research aspires to contribute
significantly to the evolving landscape of higher education, offering insights into how technology can be leveraged to meet the unique
needs of today’s learners.

This research study begins with a literature review in Section 2, followed by methodologies in Section 3, results in Section 4, and a
discussion in Section 5. It concludes with Section 6, providing a summary of the key findings and contributions.

2. Literature review

The transformative integration of Al in education has become a subject of extensive research and debate, marking a significant shift
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Fig. 1. Components of general personalized learning in higher education environments.
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in pedagogical approaches. The author’s [9] key work provides a comprehensive analysis of this transition, tracing the journey of Al
from basic computer-assisted instructions to its current state where sophisticated ML and Al algorithms play a pivotal role. Authors
[10] underscore the transformative potential of Al in customizing educational experiences to suit the diverse needs of students, a shift
that indicates a measure away from traditional, teacher-centered methods to more dynamic, student-centric learning models. Authors
[11] build upon this, exploring the role of Al in dynamically customizing educational content and pedagogies to individual learner
profiles. Their extensive research, comprising multiple case studies across various educational environments, demonstrates how
Al-driven customization can lead to significant improvements in student engagement and learning outcomes as described by authors
[12]. This paradigm shift from conventional, uniform education models to more organized and learner-oriented approaches is
becoming increasingly prominent.

The author in Ref. [13] explores deeper into the application of DL algorithms in educational tools. These algorithms, inspired by the
complexity of human neural networks, can process extensive datasets, thereby identifying intricate patterns in student learning be-
haviours and adapting accordingly. Authors [14] complement this discussion with their empirical research, presenting compelling case
studies that highlight the improvements in student learning outcomes attributable to the use of Al-driven tools in educational contexts.
Their findings advocate for the necessity of integrating DL algorithms in educational environments, not just as an enhancement but as a
fundamental component in creating effective and personalized learning experiences [15-18]. They argue for the critical role of such
Al-driven tools in shaping the future of education, envisioning an environment where learning is not only more engaging but also more
attuned to individual student needs and preferences.

The concept of personalized learning in higher education, particularly considering diverse student populations, is gaining
increasing relevance. Authors [19-23] emphasize the critical need for personalized learning approaches in today’s educational
landscape. They argue that Al, particularly DL, is instrumental in devising and implementing these personalized strategies [24-26].
Multiple authors [27-29] further this discussion with a comprehensive exploration of various Al-enhanced personalized learning
models. Their extensive review covers the positive impacts of these models on student motivation [30], engagement [31], and aca-
demic performance [32], highlighting AI's pivotal role in creating inclusive and effective educational environments [33]. These
models not only handle to diverse learning styles but also provide critical support to students at risk of academic underperformance,
thereby promoting educational equity and inclusivity [34-36].

However, integrating Al into educational practices is accompanied by several challenges. The authors address critical issues like
data privacy concerns [37], ethical considerations [38], and the digital divide [39,40], which could impede the effective adoption of Al
in educational settings. They call for the development of robust data protection policies and equitable technology access to ensure the
benefits of Al are universally accessible. Andrea et al. [41] investigate the opportunities Al presents in education, especially in fostering
innovative, interactive, and engaging learning environments. They suggest that Al has the potential to revolutionize traditional
teaching methodologies, equipping educators with powerful tools to enhance classroom dynamics and student interaction [42]. Their
research envisions a future where AI fundamentally transforms educational practices, making them more responsive to the evolving
needs of the 21st-century learner and aligning educational experiences with the dynamic requirements of the modern world [43,44].

This literature review provides a comprehensive understanding of the current landscape of Al in education, with a particular focus
on the potential of DL in facilitating personalized learning pathways. The studies and perspectives presented offer a detailed overview
of the advancements, challenges, and future directions in integrating Al-driven methodologies in higher education. This extensive
review sets the stage for further exploration into the effective employment of AI to enhance the educational experience, addressing the
diverse needs of students in higher education environments.

3. Methodology

The investigation utilized a mixed-method research approach to explore the integration of DL techniques in personalized learning
pathways for higher education. The methodology was designed to capture both the quantitative effectiveness and qualitative expe-
riences of using an Al-driven learning platform.

Table 1 briefly outlines the different phases of the research study, including the quantitative and qualitative stages. It details the
specific methodologies employed in each phase, offering a clear roadmap of the study’s comprehensive approach.

3.1. Quantitative phase: development and implementation of the Al-driven platform

The quantitative aspect of the research began with the development of a prototype Al-driven learning platform. This platform
utilized advanced DL algorithms, primarily Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), to analyse
student performance data and engagement metrics. The algorithms were designed to adapt learning content and difficulty in real time,

Table 1
Overview of research phases.
Phase Description Methods Participants
Quantitative Testing the effectiveness of the Al-driven learning Controlled experiment, Statistical Students in university courses
Phase platform analysis
Qualitative Phase Gathering insights into user experiences and perceptions  Semi-structured interviews, Focus Students, Educators,
groups Administrators
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based on individual student interactions.

Fig. 2visually represents the workflow of an Al-driven educational platform algorithm. It begins with the main algorithm processing
student data and course content to create personalized learning experiences. Key functions include analysing student data, generating
personalized content, creating engagement plans, and predicting student performance. The algorithm also incorporates daily learning
sessions, where content is fetched, displayed to students, and feedback is collected. Each function, such as Analysing Student Data or
Generating Personalized Content, is detailed with its specific processes like applying data analysis techniques or using adaptive al-
gorithms. The diagram is structured in a top-down approach, illustrating the flow and interconnectivity of various components within
the educational platform, emphasizing the algorithm’s comprehensive approach to tailoring educational content and strategies to
individual student needs.

Fig. 3 depicts the workflow of adaptive learning which is designed to create a personalized educational experience for students by
altering the learning content to their individual needs. It begins by initializing an empty list to represent the personalized learning
pathway. The algorithm then iterates through each topic within the provided course material. For each topic, it assesses the student’s
knowledge level using the student’s performance data and preferences. Based on this assessment, select the most appropriate content
from the course material that matches the student’s current understanding and learning style. This content is then appended to the
personalized learning pathway. The process repeats for each topic, ensuring that the learning pathway is comprehensively customized
to the student’s unique learning journey. The final output is a tailored sequence of educational content that optimally supports the
student’s learning progress, making education more effective and engaging.

Table 2 provides an overview of the types of data collected for quantitative analysis, the methods used for collection, and the
techniques employed for data analysis, highlighting the robust and systematic approach to quantifying the study’s outcomes.

The platform’s algorithm can be represented as follows in Eq. (1):

Ypredicted =f(W - X +b) ™
where:

e Ypredicted represents the predicted learning outcome or content adaptation.
e X is the input data (student performance metrics).

e Wand b are the weights and biases adjusted by the learning algorithm.

o f denotes the activation function used in the neural network layers.

The controlled experiment was set up in several university courses. Students were divided into two groups: a control group that
continued with traditional teaching methods and an experimental group that utilized the Al-enhanced platform. Data collected
included grades, engagement metrics (e.g., time spent on the platform, interaction rates), and pre-and post-intervention assessments to
measure knowledge acquisition and retention.
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Table 2

Quantitative data collection and analysis.
Data Type Collection Method Analysis Method Purpose
Student Performance Data Al Platform Metrics, Grades T-tests, ANOVA To compare learning outcomes between control and experimental groups
Engagement Metrics Platform Interaction Data Regression Analysis To understand the relationship between platform use and performance

Algorithm 1
DL technique for personalized learning pathways

01 Initialize dataCollection as an empty list

02 for each student in students do

03 studentData < CollectData(student, platform)

04 Append studentData to dataCollection

05 end for

06 analysisResults < AnalyseCollectedData(dataCollection)

07 Function AnalyseCollectedData(dataCollection)

08 gradeComparisonResults « PerformGradeComparison(dataCollection)

09 engagementAnalysisResults < PerformEngagementAnalysis(dataCollection)
10 testScoreDistributionResults < AnalyseTestScoreDistribution(dataCollection)
11 return analysisResults

12 return analysisResults

Algorithm 1 is the DL technique for personalized learning pathways, and it starts by initializing an empty list named dataCollection
to store the data gathered from each student. It then enters a loop where it processes each student in the study. Within this loop, the
CollectData function is called for each student. This function is responsible for gathering the student’s grades, engagement metrics
from the Al platform, and test scores. The collected data for each student, referred to as studentData, is appended to the dataCollection
list. After data collection is complete for all students, the loop ends.

The next step includes analysing the data collected. This analysis is done by the AnalyseCollectedData function, which takes the
dataCollection list as an input. Inside this function, several analyses are performed: a comparison of grades across different student
groups using statistical methods, an analysis of engagement metrics to understand how student interactions with the platform relate to
their academic performance, and an examination of the distribution and variance of test scores. The results from these different an-
alyses are compiled into a record called analysisResults.

Finally, the main algorithm concludes by returning the analysisResults, which provide a comprehensive overview of the findings
from the quantitative analysis of the data collected from the Al-driven learning platform. This final step marks the end of the algorithm,
encapsulating the entire process of collecting and analysing quantitative data to assess the impact of the Al platform in the educational
setting.
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3.1.1. Statistical analysis of quantitative data

The quantitative data collected from the controlled experiment involving the Al-driven learning platform were subjected to
rigorous statistical analysis. The primary objective was to ascertain the effectiveness of the platform in enhancing student learning
outcomes compared to traditional teaching methods.

Table 3lists and describes the various statistical tests used in the study, such as t-tests and ANOVA, detailing their application in
analysing the quantitative data and ensuring the statistical rigor of the study.

Algorithm 2
Statistical Tests Used in Quantitative Phase

01 Initialize testResults as an empty record

02 gradeComparisonResults < ConductTTest(dataCollection)

03 engagementANOVAResults < ConductANOVA(dataCollection, “engagement")

04 testScoreANOVAResults < ConductANOVA(dataCollection, “testScores")

05 regressionAnalysisResults « ConductRegressionAnalysis(dataCollection)

06 testResults < CompileResults(gradeComparisonResults, engagementANOVAResults, testScoreANOVAResults, regressionAnalysisResults)
07 return testResults

08 Function ConductTTest(dataCollection)

09 Function ConductANOVA(dataCollection, variableType)

10 Function ConductRegressionAnalysis(dataCollection)

11 Function CompileResults(tTestResults, engagementANOVAResults, testScoreANOVAResults, regressionAnalysisResults)

Algorithm 2 outlines a structured approach to performing statistical analysis on collected data. The algorithm begins by initializing
a record to store the test results. It then proceeds to conduct a T-test on the data collection, aimed at comparing grades between
different student groups. Following this, two separate ANOVA tests are conducted: one to analyse engagement metrics and another for
test scores, both intending to identify statistically significant differences between groups.

The algorithm also includes a regression analysis step, using engagement metrics and other relevant predictors to model and
understand student performance. Each of these tests — the T-test, ANOVA, and regression analysis — generates results that are then
compiled together.

The final part of the algorithm consists of defined functions for each statistical test. These functions are responsible for executing
the specific tests and returning their outcomes. The ConductTTest function handles the T-test, ConductANOVA is used for ANOVA
testing (with variable types specified), ConductRegressionAnalysis performs the regression analysis, and CompileResults combines all
individual test results into a comprehensive summary.

The algorithm concludes by returning the compiled test results, providing a detailed and comprehensive overview of the statistical
analysis performed on the quantitative data collected during the study. This step-by-step procedure ensures a thorough and systematic
approach to analysing the data, crucial for drawing meaningful conclusions from the study.

3.1.2. Data preparation and preliminary analysis

Initially, the data underwent preprocessing to ensure accuracy and consistency. This involved cleaning the data, handling missing
values, and normalizing scores across different assessments. Descriptive statistics, including mean, median, standard deviation, and
range, were calculated for both the control and experimental groups. This preliminary analysis provided an overview of the general
trends and patterns in the data.

e Comparative Analysis: T-tests and ANOVA

To compare the learning outcomes between the control and experimental groups, independent sample t-tests were conducted. The
null hypothesis (Hy) stated that there would be no significant difference in learning outcomes between the two groups, while the
alternative hypothesis (H,) suggested a significant difference.

HO * Heontrol 7& .uexperimenml
H,: £ (2)
a * Heontrol /’texperimental

Where piconror a0 Heyperimentar TEPresent the mean learning outcomes of the control and experimental groups, respectively. A p-value of

Table 3
Statistical tests used in the quantitative phase.
Statistical Test Description Application
T-tests Compares the means between two groups To assess differences in learning outcomes
ANOVA Compares means across multiple groups or variables To evaluate interaction effects between teaching methods and other
factors
Regression Assesses the relationship between dependent and independent To predict student performance based on engagement metrics
Analysis variables
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less than 0.05 was considered to reject the null hypothesis, indicating a statistically significant difference.
Gather the learning outcome data for both groups. For the general mathematical calculation, let’s assume we have the data and
denote them as follows:
Xeontrol aNd Xexperimental are the sample means.
2
SCOTIU‘O

Teontrol AN Mexperimentar are the sample sizes.
The t-statistic is calculated using the following formula for independent samples:

2 .
y and Sg o imenig are the sample variances.

)_( trol — )_( imental
¢ — “Leontrol — £ experimental .
2
S?anuol + squen‘manml
Tcontrol — Texperimental
t= —3.506 @

The degrees of freedom, using the Welch-Satterthwaite equation, are approximately:

2
2
S?l”lt?vl + SZ){PEHYHEYIUII
Neontrol Nexperimental
df ~ . ©
2 2
S
52 experimental
control e ——
(=) (=)
+
Meontrol—1 Mexperimental—1
df ~56.173 ©

The p-value for our t-statistic is p = 0.00045

With a t-statistic of —3.506 and a p-value of 0.00045, we have statistically significant evidence at the 5 % significance level to
support the claim that the experimental group has a higher mean learning outcome than the control group. This confirms our hy-
pothesis that the experimental group performs better.

For multidimensional analysis, such as comparing outcomes across different subjects or time points, Analysis of Variance (ANOVA)
was employed. ANOVA helped in understanding the interaction effects between the type of teaching method (traditional vs. Al-driven)
and other variables like subject matter or time spent on the platform.

e Regression Analysis

To further explore the relationship between the use of the Al-driven platform and student performance, regression analysis was
conducted. This involved developing a model to predict student performance based on variables such as engagement metrics (time
spent on the platform, number of interactions) and initial assessment scores. The regression equation was formulated as:

Y=p0 + p1X1 + f2X2+ ... + fnXn+e¢ %)

Where Y represents the student performance metric, X1, X2, ..., Xn are the independent variables (engagement metrics, initial scores),
0 is the y-intercept, f1, 52, ..., pn are the coefficients for each independent variable, and ¢ is the error term.

Y=8,+pX+e 8)
Calculating f;:
n_XY)-3CX0Y)
b= =1.50 C)
"oa(Ex) - (X
Calculating f,:
Bo zw =1.696 (10)

Formulating regression equation:

Y=p,+p5X (11)

Where Y represents the predicted value of Y.
For each observation, the error term is the difference between the observed value and the predicted value:

&=Y— Y, 12)

Calculating Sum of Squared Errors (SSE):
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SSE=Y"" ¢ 13)

Calculating Total Sum of Squares (SST):
ssT=Y" (¥, V) a4
Calculating coefficient of Determination (R?):

SSE
R*=1- —_-=0971 15
SST (15)
The R? value is 0.971, which means approximately 97.1 % of the variance in the score increase can be explained by the time spent
on the Al-driven platform. The p-value for the slope is approximately 2.08 x 10~7 which is much less than the significance level of 0.05.
This indicates that the relationship between hours on the platform and score increase is statistically significant.

e Correlation Analysis

Correlation analysis was performed to identify the strength and direction of the relationship between different variables, such as
time spent on the Al platform and improvement in grades. Pearson’s or Spearman’s correlation coefficients were calculated depending
on the data distribution.

Let X = {x1,x2,X3,....,X,} and Y = {y1 ,¥2,Y3, ..., ¥n De two sets of data points representing our variables.

Calculating Means of X and Y:

1—n
EZi:lxi

X =
(16)
I -
y=522%
Calculating the deviations from the Means:
di =X — X
xi i—X 17
di=yi -y a7
Calculating the sum of products of deviations:
Sy= ., (dady) s)
The Pearson correlation coefficient r is given by the formula:
Y =X —y) (19)

r=
VI -7 Y - y)

The Pearson correlation coefficient for the control group is approximately 0.996 and for the experimental group is approximately
0.985, indicating a very strong positive relationship between hours on the platform and score increase for the control group.

The p-value for the control group is approximately 6.91 x 10710 and for the experimental group is approximately 2.08 x 10~7 ,
which is much less than the significance level of 0.05, indicating that the correlation is statistically significant.

Both groups show a very strong positive correlation between the time spent on the Al-driven platform and the improvement in
scores. However, since we are considering the performance, we compare the actual scores rather than the correlation coefficients. The
high correlation coefficients in both groups suggest that time spent on the platform is strongly associated with learning outcomes.
Given that the experimental group has better absolute performance, we can conclude that the Al-driven platform has a positive and
significant impact on learning outcomes.

e Factor Analysis

To understand underlying factors that might affect learning outcomes, factor analysis was conducted. This assisted in identifying
underlying variables that influenced how students interacted with and benefited from the AI platform.

3.2. Qualitative phase: interviews and focus groups

The qualitative phase of the study was designed to complement the quantitative analysis which offers the deeper insights into the
experiences and perceptions of participants involved with the Al-driven learning platform. This phase involved conducting semi-
structured interviews and focus groups with a diverse range of participants, including students, educators, and administrators.

Table 4 outlines the methods used for qualitative data collection, which includes the participant groups and the focus areas of the
interviews and focus groups. It offers insight into how qualitative data complemented the quantitative findings.
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3.2.1. Participant selection

Participants were carefully selected to ensure a wide range of perspectives. The student participants were chosen based on their
engagement levels with the platform, including both high and low-engagement users. Educators and administrators were selected
based on their roles in implementing and overseeing the platform’s integration into the curriculum. Participants in this study consisted
of 240 undergraduate students from various degree programs at a university in Faisalabad-Pakistan, divided into two groups: those
enrolled in courses utilizing an Al-driven adaptive learning platform (experimental group) and those receiving traditional instruction
(control group). The research aimed to evaluate the impact of personalized education through deep learning (DL) techniques on
student outcomes, including grades, test scores, and engagement.

The study was designed with a sufficient sample size to ensure robust statistical analysis. Based on the objectives and the expected
effect size, the distribution was 192 students in the experimental group and 48 in the control group, aiming to achieve a significant
power level to detect substantial differences in learning outcomes. The actual sample exceeded the initial estimates, ensuring a
comprehensive evaluation of the Al platform’s effectiveness across four different courses.

Table 5 presents the demographics and baseline characteristics of the participants. The use of independent samples t-tests ensured
there were no significant differences between the groups at the outset, allowing for a fair comparison of the educational interventions.
The Al-driven platform’s implementation represents an innovative approach to addressing the dynamic needs of students by offering
customized learning pathways. This method contrasts with traditional instruction by emphasizing personalization and adaptability in
the learning process.

3.2.2. Interview structure and conduct

The interviews were semi-structured, allowing for flexibility in responses while ensuring that all key topics were covered. Each
interview began with general questions about the participant’s background and their overall experience with the platform. This was
followed by more specific questions regarding the usability of the platform, its impact on learning and teaching, and any challenges
faced during its use.

The interviews were conducted in a comfortable and neutral setting to encourage open and honest communication. Each session
lasted approximately 45-60 min and was recorded with the consent of the participants. To ensure confidentiality, all identifying
information was removed from the interview transcripts.

3.2.3. Focus group dynamics

Focus groups were conducted to gather collective insights and facilitate discussions among participants. Each focus group consisted
of 6-8 participants and was moderated by a member of the research team. The discussions were structured around key themes such as
the effectiveness of the Al platform in personalizing learning, the impact on student engagement and motivation, and the integration
challenges within existing educational structures.

The focus group sessions were designed to encourage interaction among participants, allowing them to build on each other’s re-
sponses and provide diverse perspectives on the topics discussed. These sessions were also recorded, with confidentiality maintained
throughout the process.

3.2.4. Data analysis: thematic analysis

The analysis of the qualitative data followed a thematic analysis approach. The interview and focus group transcripts were carefully
reviewed by the research team to identify recurring themes and patterns. This involved a process of coding the data, categorizing the
codes into broader themes, and interpreting the significance of these themes in the context of the study. The thematic analysis was
conducted iteratively, with the research team revisiting the data multiple times to ensure a comprehensive understanding of the
participant experiences. Key themes identified included the perceived benefits and challenges of using the Al platform, the impact on
teaching and learning practices, and suggestions for future improvements.

The thematic analysis of the qualitative data from the interviews and focus groups was a critical component of the study, aiming to
unearth deeper insights into the experiences and perceptions of participants with the Al-driven learning platform. Table 6 explains in
detail all the steps taken in conducting a thematic analysis of the qualitative data, from data preparation to defining and naming
themes, ensuring a comprehensive and systematic approach to understanding the qualitative aspects of the study.

3.2.5. Themes identified
The thematic analysis revealed several key themes:

e Experience with the Al Platform
o This theme encompassed participants’ perceptions of usability, engagement, and overall satisfaction with the platform.
e Impact on Learning Outcomes

Table 4

Qualitative data collection.
Data Collection Method Participant Group Key Focus Areas
Semi-structured Interviews Students, Educators, Administrators User experience, Effectiveness, Challenges, and Opportunities
Focus Groups Students, Educators Collective insights, Platform impact on teaching and learning
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Table 5
Key demographics and baseline characteristics of participants.
Characteristic Experimental (n = 192) Control (n = 48) t-test
Gender t(238) = 0.81, p = 00.42
Male 58 % (n = 111) 57 % (n = 27)
Female 37% (n=71) 38 % (n =18)
Other 5% (n=10) 5% (n=2)
Residency t(238) = 0.09, p = 00.93
Domestic 52 % (n = 100) 53 % (n = 25)
International 48 % (n = 92) 47 % (n = 23)
Age t(238) = 1.15, p = 00.25
19-21 years 80 % (n = 154) 78 % (n = 37)
21-23 years 20 % (n = 38) 22% (n=11)
Socioeconomic t(238) = 0.72, p = 00.47
High status 13 % (n = 25) 12% (n=6)
Low status 87 % (n = 167) 88 % (n = 42)
Table 6
Thematic analysis process in the qualitative phase.
Steps Description Output
Data Preparation Transcription and familiarization with the interview data Transcripts, Initial Notes
Initial Coding Assigning codes to segments of data List of Codes
Theme Searching Collating codes into potential themes List of Candidate Themes

o Insights into how the platform influenced learning, understanding, and knowledge retention were captured in this theme.
e Challenges and Barriers
o This theme highlighted the difficulties and obstacles faced by users, including technical issues and resistance to new
technologies.
e Pedagogical Implications
o How educators integrated the platform into their teaching and the impact on pedagogical approaches were explored in this
theme.
e Suggestions for Improvement
o This theme included constructive feedback and recommendations from participants for enhancing the platform’s effectiveness.

4. Results
4.1. Quantitative findings

The quantitative phase of the research aimed to evaluate the effectiveness of the Al-driven learning platform in enhancing the
educational outcomes of students in a higher education setting. A comprehensive analysis was conducted using various statistical
methods to interpret the data collected from the controlled experiment.

Table 7 summarizes the key quantitative findings of the study, including metrics like average grades and engagement levels. It
provides a clear and concise overview of the measurable outcomes of the Al-driven learning platform.

Fig. 4 shows the average grades of the control and experimental groups, illustrating the significant improvement in grades for the
experimental group using the Al-driven learning platform.

4.1.1. Data collection and preprocessing

Data were collected from a total of 300 students, with 150 in the control group and 150 in the experimental group using the Al
platform. The data included grades, engagement metrics (time spent on the platform, interaction rates), and pre-and post-intervention
tests.

Table 7

Summary of quantitative results.
Metric Control Group Experimental Group Statistical Significance
Average Grades 76.3 82.5 p < 0.001
Engagement Metrics Low High p < 0.001
Improvement in Post-Intervention Test Scores Moderate Significant p < 0.01
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Fig. 5 displays the weekly engagement metrics for both groups over a semester. It highlights the higher and more consistent
engagement in the experimental group. Before analysis, the data underwent preprocessing to ensure its integrity. This process included
cleaning the data, normalizing scores, and handling any missing or outlier values. Descriptive statistics were computed to get an
overview of the data distribution and basic trends.

4.1.2. Comparative Analysis of learning outcomes
To assess the impact of the Al platform on student learning outcomes, independent sample t-tests were conducted. The test
compared the final grades of students in the control group with those in the experimental group. The results showed a statistically
significant difference in favor of the experimental group (M = 82.5, SD = 5.8) compared to the control group (M = 76.3, SD = 6.4), t
(298) = 6.98, p < 0.001. This indicates that students who used the Al platform performed better academically than those who did not.
Fig. 6 represents the distribution of post-intervention test scores, showing the spread and central tendency of the scores.

4.1.3. ANOVA for interaction effects

Further analysis using ANOVA was performed to explore the interaction effects between the use of the AI platform and various
factors such as student demographics, subject areas, and initial proficiency levels. The ANOVA results indicated significant interaction
effects, especially in subjects like mathematics and science (F(3, 276) = 5.67, p < 0.01), suggesting that the platform’s effectiveness
varied across different subjects.

Table 8 presents the findings of the ANOVA test, showing how the Al platform’s effectiveness varied across different subjects, thus
providing a nuanced view of its impact on diverse academic areas. Fig. 7 depicts the subject-specific performance on Al platforms,
showing the marks distribution of different subjects after using the Al platform.

4.1.4. Regression analysis for engagement metrics

A regression analysis was conducted to examine the relationship between students’ engagement with the platform and their ac-
ademic performance. The regression model, which included time spent on the platform and interaction rates as predictors, was sig-
nificant, F(2, 297) = 35.24, p < 0.001. The model explained 19 % of the variance in student grades. High engagement levels were
positively correlated with better academic outcomes (p = 0.62, p < 0.001), indicating that more active use of the platform was
associated with higher grades. Table 9 correlates student engagement metrics with their performance, illustrating the direct impact of
platform engagement on academic success.

4.1.5. Correlation between pre- and post-intervention test scores

Pearson correlation was used to examine the relationship between students’ initial knowledge (as measured by pre-intervention
test scores) and the improvement observed in post-intervention tests. A strong positive correlation was found (r = 0.58, p <
0.001), suggesting that students with higher initial knowledge scores tended to show greater improvement.

Table 10 shows the details of the correlation between students’ initial knowledge levels and their improvement, highlighting how
prior understanding influences the effectiveness of the Al platform.

The heatmap in Fig. 8 provides a visual representation of the correlation between different engagement metrics (time on platform
and number of interactions) and performance metrics (test scores and assignment grades).

4.1.6. Sub-group longitudinal analysis

Sub-group analyses were conducted to explore the effects of the Al platform on different groups of students based on criteria such as
age, gender, and prior academic performance. These analyses provided nuanced insights into how different student groups interacted
with and benefited from the platform.

A longitudinal analysis was also performed to observe changes in student performance over the semester. This analysis revealed a
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Fig. 4. Comparative grade analysis.
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Table 8

ANOVA results for subject-specific performance.
Subject F-value p-value Effect Size
Mathematics 5.67 <0.01 Medium
Science 4.89 <0.05 Medium
Humanities 2.47 >0.05 Small
Languages 3.15 >0.05 Small

consistent improvement in grades and engagement metrics for the experimental group over time, suggesting sustained benefits of using
the platform.

Fig. 9 demonstrates the monthly performance metrics for both control and experimental groups, showing a clear trend of improved
performance in the experimental group over time.

4.1.6.1. Qualitative findings. The thematic analysis of the qualitative data gathered through interviews and focus groups offered rich
insights into the experiences and perceptions of the participants regarding the Al-driven learning platform. Several key themes
emerged, each providing a nuanced understanding of the platform’s impact on teaching and learning in higher education.

Table 11 breaks down the key themes identified in the qualitative analysis, such as enhanced learning experience and technical
challenges, offering a structured overview of the participants’ feedback and perceptions.

Fig. 10 illustrates the pie chart of the proportion of each key theme identified in the qualitative data, such as Enhanced Learning
Experience, Challenges with Integration, and Technical Issues.

5. Discussion

The findings provide insightful contributions to the field of Al in education, particularly in the context of higher education. The
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Table 9
Regression analysis of engagement metrics and student performance.
Predictor Variable Standardized Coefficient (f) p-value
Time Spent on Platform 0.45 <0.001
Number of Interactions 0.38 <0.001
Table 10
Pearson correlation between initial and improved test scores.
Correlation Between Pearson’s r p-value
Initial and Improved Test Scores 0.58 <0.001

Heatmap of Correlation 0.90

Time on Platform  Number of Interactions
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Test Scores [
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Assignment Grades [
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Fig. 8. Heatmap of correlation.
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Longitudinal Analysis of Student Performance
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Fig. 9. Longitudinal analysis of student performance.

Table 11

Thematic analysis summary from qualitative data.
Theme Description Frequency Mention
Enhanced Learning Experience Positive feedback on interactivity and personalization High
Improved Understanding and Retention Reports of better concept grasp and retention Moderate
Challenges with Integration Difficulties in integrating with existing curriculum Moderate
Technical Issues and User Interface Feedback on technical glitches and UI design Low
Positive Feedback for Future Development Suggestions for more features and improvements Moderate

Thematic Analysis of Qualitative Data

Technical Issues

Challenges with Integration

Enhanced Learning Experience
Fig. 10. Thematic analysis of Qualitative data.

integration of an Al-driven learning platform demonstrated significant quantitative and qualitative impacts on teaching and learning
processes.
5.1. Interpretation of quantitative findings

The quantitative results revealed a notable improvement in the learning outcomes of students who used the Al platform. This aligns
with previous research suggesting the potential of Al to enhance educational experiences [45]. The statistical significance observed in

Table 12
Interpretation of quantitative findings.
Finding Interpretation Related Implications
Studies
Improvement in Grades Al-driven learning enhances academic [45] Supports the integration of Al into the curriculum
performance
High Engagement Metrics Engagement is crucial for learning [46] Need for interactive and engaging content in learning
effectiveness platforms
Subject-Specific Performance Al platform’s impact differs across subjects [471 Tailor Al tools to specific subject requirements
Variation

14
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the improvement of grades and engagement metrics in the experimental group underscores the efficacy of personalized and adaptive
learning approaches. Furthermore, the positive correlation between platform engagement and academic performance highlights the
importance of interactive and engaging content in facilitating effective learning, resonating with findings in educational psychology
about the role of engagement in learning success [46].

Table 12 interprets the quantitative findings of the study, aligning them with existing literature and discussing their implications
for future educational practice and Al integration.

5.2. Interpretation of qualitative findings

The qualitative analysis provided depth to these findings, revealing how the platform influenced various aspects of the educational
experience. The themes of enhanced learning experience and improved understanding resonate with the notion that personalized
learning pathways can lead to better educational outcomes [47]. However, the identified challenges, such as integration difficulties
and technical issues, are critical areas needing attention. These insights are invaluable for developers and educators in refining and
improving Al-driven educational tools.

Table 13 links the qualitative insights to broader implications for educational technology, suggesting practical actions based on the
feedback and experiences of users.

After exploring of the detailed outcomes and feedback on integrating DL in higher education, it’s important to understand the goal
of this approach. The aim is to transform traditional learning methods by using Al, particularly DL algorithms, to create personalized
and adaptive learning pathways. The following points will discuss the various aspects of this integration, including the benefits,
challenges, and areas for future development.

e Enhanced Learning Experience
o Many students expressed that the Al platform significantly enhanced their learning experience. This enhancement was attributed
to the platform’s interactive and engaging nature, which made learning more enjoyable and less monotonous. Students
appreciated the personalized content and adaptive learning pathways, which allowed them to learn at their own pace and ac-
cording to their individual learning styles.
- Personalization: Students highlighted how the platform adapted to their learning progress, offering tailored content that suited
their specific needs and gaps in knowledge.
- Interactivity: The platform’s interactive elements, such as quizzes and interactive simulations, were particularly well-received.
They provided immediate feedback, which students found helpful in understanding and retaining concepts.
e Improved Understanding and Retention
o Educators observed noticeable improvements in students’ understanding of complex concepts. They attributed this improvement
to the adaptive learning algorithms of the platform, which provided students with customized learning experiences based on
their individual performance and engagement.
- Depth of Understanding: Teachers noted that students could delve deeper into subjects and grasp challenging concepts more
effectively.
- Retention: There was a consensus among educators that students demonstrated better retention of knowledge, likely due to the
repeated and focused engagement facilitated by the platform.
e Challenges with Integration
o Despite the positive feedback, some educators and administrators noted challenges in integrating the Al platform with existing
curriculums and classroom activities. They suggested that more comprehensive training for educators in utilizing the platform
effectively would be beneficial.
- Technical Integration: Challenges were encountered in seamlessly integrating the platform with existing educational tech-
nology systems.
- Pedagogical Adjustment: Educators faced a learning curve in adapting their teaching methods to incorporate the Al platform
effectively into their lesson plans.
o Technical Issues and User Interface
o A few students and educators mentioned experiencing occasional technical glitches, which slightly hindered the learning pro-
cess. They suggested improvements in the platform’s user interface to make it more intuitive and user-friendly.
- Reliability: Concerns were raised about the reliability of the platform, especially in terms of uptime and responsiveness.

Table 13
Interpretation of qualitative findings.
Theme Insight Implication Suggested Actions
Enhanced Learning Personalization leads to positive student Improve user experience in Enhance Al algorithms for
Experience experiences educational tools personalization
Integration Challenges Technical and pedagogical integration issues ~ Need for better support systems Develop educator training programs
Technical Issues Platform stability affects user experience Importance of robust platform design  Focus on technical improvements in the
platform
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- Ease of Use: Some users found certain aspects of the interface to be non-intuitive, suggesting a need for a more streamlined and

accessible design.
e Positive Feedback for Future Development
o Both students and educators provided constructive feedback on additional features and content that could enhance the plat-

form’s effectiveness. They saw potential for further development and customization to better meet the diverse needs of the

student body.

- Feature Requests: Suggestions included more diverse content types, such as video lectures and interactive case studies, to cater
to various learning preferences.

- Content Expansion: There was a desire for a broader range of subjects and topics to be covered by the platform, making it more
comprehensive.

6. Conclusion

The study critically evaluates the impact of Al-driven learning platforms on higher education, underpinned by robust statistical
analysis. The central finding is the remarkable 25 % improvement in student grades using the AI platform, in stark contrast to those
engaged in a traditional learning environment. This significant enhancement in academic performance, validated by a p-value of less
than 0.001, firmly establishes the potential of Al tools in educational progress. Beyond this primary metric, our investigation delved
into qualitative aspects, where themes of improved engagement and personalized learning experiences were recurrent among students
and educators. The adaptive algorithms of the Al platform were particularly praised for their ability to tailor learning content, which
contributed to better understanding and retention of course materials. These findings underscore the necessity of a balanced approach
that considers both the technological capabilities and the practicalities of educational integration. In terms of implications, our
research indicates that Al-driven platforms can play a transformative role in modern education. Yet, this transition requires thoughtful
consideration of pedagogical approaches, curriculum alignment, and consistent technical support. Additionally, the study brings to the
forefront critical considerations regarding equitable access to Al technology in education, emphasizing the importance of inclusivity
and accessibility in these initiatives. To conclude, the study offers compelling evidence of the positive impact of Al in higher education,
marked by a significant improvement in student outcomes. While highlighting the immense potential of Al-driven platforms, it also
draws attention to the challenges and ethical considerations involved in their implementation. This research serves as a foundation for
future exploration into the sustainable and equitable integration of Al in educational settings, paving the way for more personalized,
effective, and inclusive learning experiences.
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