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Abstract: 
In this study, we have examined how artificial intelligence can be used to design personalized learning ecosystems in 
computer science education to eventually develop a scaled and flexible framework to support teaching in the next 

generation.  The study question was whether the AI-based personalization is superior on matters of learning 

engagement and performance compared to the traditional version. The data was collected among 480 undergraduate 

students with three various universities and followed using AI-facilitated platform which observed the presence, 
flexibility and outcomes. T-tests, ANOVA, regression analysis, factor analysis, reliability testing, correlation analysis 

were used in SPSS and R to run the statistical analysis. According to the information provided by the study, more 

involved students achieved those performance scores that were significantly higher. According to ANOVA, adaptive 
model Algorithm C was far much better than other adaptive models. The regression analysis demonstrated 

engagement and adaptive difficulty explained 42 percent of the performance and the correlation analysis indicated the 

existence of the strong positive correlation. These results suggest that in addition to promoting engagement and 

results, adaptive personalization can be reliably and validly measured. The research opens the door to the application 

of AI-powered ecosystem in order to scale individualized education.  

Keywords— Artificial intelligence, adaptive algorithms, computer science, education personalized learning, student 
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I.  INTRODUCTION  

 The evolution of Artificial intelligent (AI) is redefining the 
educational realm with the promise of scale-able, adaptive, and 
personalized learning that actually never existed previously. 
The use of the AI in the learning and education setting was 
termed as the educational revolution all through the 
development of the next-generation pedagogy [1]. The new 
debates have focused on the idea, that personalization does not 
promote the performance in learners, but also the phenomenon 
of simplifying learning and changing it according to the 
prevailing demands of the sustainability and scalability [2,3] 

The opportunities of AI in education include the fact that it 
could be employed to adaptive learning paths contingent on a 
certain requirement and thereby inculcates curiosity/ interest 
and high learning outcomes. The systems play a vital role in 
the achievement of the needs of diverse types of students and 
the rapid growing disciplines of knowledge such as the 
technical arena including computer science as noted among 
scholars [4, 5]. Through the assistance of adaptive algorithms, 
instructors would be able to deliver an individualized 
educational experience and the education facilities would have 
scalable learning, which would ensure uniformity in big 
populations [6]. 

Although implementation of AI, cloud computing and big 
data in higher education institutions is not a recent topic, these 
components have added to the increased pace of developing 
smart processes which may be dynamically designed [7, 8]. 
These platforms do not only participate in the provision of a 
content, analyzes the manner in which the learner conducts and 

subsequently identifies his lapses in information and alters the 
instructional process. These competencies are the transition to 
active ecosystems that are constantly constructed to meet the 
needs of learners in contrast to the previously passive digital 
tools [9]. 

 The efficiency is not the only component of the manner, in 
which AI may unfold within the education sphere. It is also the 
chance to rethink pedagogy and make sure that students play a 
proactive role in the creation of the knowledge where 
technology guides and supports the issue [10]. Such transition 
is of special significance to the teaching process of computer 
science, as the latter presupposes not only command over 
technical matters, but also the possibility to implement to the 
process of adaptive thinking. With the current trend of AI-
based personalization on the rise, a structured model is 
required, which can facilitate provision of a harmonized 
strategy to determine the operations of such technologies in 
enhancing engagement, reliability, and learning outcomes. 

The research paper satisfies that need as it examines the 
concept of the AI-based individuals learning ecosystems as the 
topic of research in the field of computer science. It seeks to 
establish a framework of adaptive, scalable and next generation 
learning as a matter of personalization, adaptive and 
engagement algorithms. 

A. Literature Revew 

 The area of AI-based education has expanded significantly, 
with the focus on the opportunities of altering individual 
learning. The first activities focused on providing the 
significance of AI to reinvent pedagogy and design of 
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education, which was viewed as a generator of educational 
innovation [11,12]. The latter has been implied by the more 
recent literature in that adaptive systems assist in fostering 
sustainable change since education is tailored to the needs of 
the learner [13,14] 

Personal learning with the help of AI enhances the 
interaction and achievement. As a case in point, Kumar and 
Dembé (2024) [15] noted that the adaptive platforms positively 
influence the performance of the learners, but  Dwivedi (2021) 
presented the way in which AI-based personalization has 
already been introduced in different cultural contexts. Similarly 
Joshi, (2024) proved that reinforcement learning can be used to 
optimize support mechanisms, further individualising student 
paths. The findings align with the example of Khalaily (2025), 
who unveiled the possibilities and difficulties of integrating the 
AI into the adaptive learning setting. 

 The technological basis of the systems has been increased 
by new technologies in cloud computing and big data. 
Annapareddy (2025) described the acceleration of scalability 
that might be brought with the convergence of AI with 
connected intelligence, and Ojika et al. (2023) presented the 
possibility of using AI as a collaborative learning tool. 
Likewise, Alshammari and Rehman (2021) emphasized that 
cloud-based infrastructures increase access and efficiency in 
the higher education [19]. 

 

Despite these achievements, a few loopholes remain in 
designing validated models to integrate personalization, 
engagement, and algorithmic flexibility into a single 
ecosystem. Laak and Aru (2024) state that the fitment of the 
adaptive technologies to current educational objectives is at an 
infancy level [20]. This paper satisfies that need by defining 
and testing a systematic structure that is particular to the 
teaching of computer science [21–23]. 

B.  Research Gap 

  Nevertheless, even though AI-based adaptive systems are 
quite popular in the educational setting, most of the literature is 
constrained in its scope by its emphasis on the performance 
outcomes, but it does not examine the interplay between 
engagement, personalization, and algorithm design at all [24, 
25]. Nor is there a framework that integrates these dimensions 
into a scale model in computer science education in particular 
[26, 27]. In addition, little research has done systematic 
measures of the reliability and construct validity of 
personalization measures on a large student sample [28, 29]. 
Such disconnection shows a need to create a comprehensive 
model that would combine personalization, interaction, and 
algorithmic adaptability into a single ecosystem [30]. 

C. Conceptual Framework 

The theoretical framework underlining the current research 
is based on the fact that, the AI-based personalization has an 
impact on the student engagement and that the two elements 
are used together to determine the performance in academic life 
[31,32]. The structural support is adaptive algorithms and the 
linkage between the personalization properties and outcome is 
the engagement. It is a paradigm that not only concentrates on 
the technological but also behavioral components and 

establishes a multi-strata model of the next generation 
education [33]. 

 

Fig. 1.1: Example of a figure caption. (figure caption) 

D. Hypothesis 

H1: The more the students are involved in the adaptive 
features the better their performance. 

H2: Type of adaptive algorithm will have a large effect on 
the learning outcomes. 

H3: The predictive power of measures of personalization 
(difficulty adjustment, feedback, sequencing) on performance 
is positive. 

H4: Engagement between the personalization features and 
performance has an intermediate position. 

II.  METHODS 

The information employed in this research was collected 
through a sample of undergraduate computer science students 
of three institutions. The participants of the research were 480 
participants and were very diverse in terms of their 
backgrounds, as different genders, ages, and exposure to 
artificial intelligence-based learning platforms were 
represented. The instruments used to gather the data comprised 
institutional learning management systems and developed 
feedback surveys, which ensured that both perceptual and 
behavioral data pertaining to interaction of learners with the 
platform were obtained. Such heterogeneous sampling was 
chosen so that the results would be more representative and 
that the differences in performance of the heterogeneous 
demographics would be incorporated. 

An artificial intelligence-based customized learning 
platform developed in the current research formed the training 
environment. The platform merged adaptive algorithms which 
sought to adjust the content delivery, based on the progress and 
participation of the individual learners. The move towards an 
adaptive framework is considered, as it provides the capacity to 
scale personalization, yet, it also provides the heterogeneous 
learning styles and speeds, which is directly proportional to the 
vision of the next-generation education. 

It was also connected with performance and customization 
measures that had individual progress, frequency of use and 
adaptability scores. The activity of the users was tracked based 
on the log information that provided the duration of the 
activities in the modules, the number of adaptive suggestions 
applied and utilized, and the percentage of personal tasks 
fulfilled. This two pronged approach of collecting behavioral 
and performance based measures ensured that the analysis 
would not only be in a position to capture the outcome but also 
the processes that led to the outcome. 
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To test all the data statistically, they were analyzed using 
SPSS (Version 29.0) and R (Version 4.2.2). The descriptive 
statistics that were used to describe the performance baseline 
and demographics were the first step. Subsequently, the 
independent samples t-tests were conducted to ascertain the 
differences in the performance of very active learners using the 
adaptive features as compared to the learners who were not 
active. ANOVA was applied to examine the difference in the 
learning outcomes among the combination of three adaptive 
algorithm models applied in the platform. Regression was 
performed to identify predictive relations between learners 
behaviors and outcomes to ascertain the student performance 
following a combination of the variables of engagement and 
personalization measures. 

The survey items that assessed personalised learning 
perceptions were factor analysed to increase construct validity. 
This method was adopted to determine whether or not the 
observed items would cluster in to meaningful latent 
constructs. Reliability of these constructs was also used to test 
internal consistency of the measurement scales by use of 
Cronbach alpha. Finally, the correlation analysis was also 
conducted to identify the type of the relationship between the 
frequency of engagement and student performance, 
specifically, to find out how high the level of interaction was 
related to the outcomes improvement. 

The participants were selected in scientific methods not 
randomly: the descriptive and inferential tests were used to get 
an idea of the difference between groups and their predictive 
power, factor and reliability analysis give the measurement its 
strength.  The integration of these approaches may explain a 
complex analytic structure at the perspective of measuring the 
fruitfulness of artificial intelligence-based individualized 
studies in learning computer science. 

III.  RESULTS 

 Here we represent the descriptive study of the sample 
characteristics first. Students were a heterogeneous group of 
learners, equally gender mixed and with a large age span. The 
average age of the participants was 21.4 years as stated in 
Table 1, and about half of the sample consisted of male as 
compared to half that was composed of females. The 
engagement frequency varied highly among the individuals and 
Figure 1 presents the distribution of levels of engagement 
among various groups of students. 

TABLE I.   DESCRIPTIVE STATISTICS OF LEARNER DEMOGRAPHICS 

  

Variable Mean SD % 
Male 

% 
Female 

N 

Age 
(years) 

21.4 2.3 52% 48% 480 

Prior AI 
exposure (%) 

— — 46% 54% 480 

Weekly 
engagement 

(hrs) 

8.7 3.1 — — 480 

 

Fig. 1.2:  Learner Engagement Distribution Across Groups 

This number indicates the dispersion of frequency of 
engagement, and there is a distinct difference between the low-
engagement learners, medium-engagement learners, and high-
engagement learners. 

Independent samples t-tests were used in comparing 
groups. Students who interacted more on the adaptive 
recommendations demonstrated much better learning outcomes 
than those who interacted less as indicated in Table 2. The 
results highlight the power of adaptive recommendations to 
generate quantifiable learning outcomes. 

TABLE II.    INDEPENDENT SAMPLES T-TEST RESULTS ON LEARNING 

OUTCOMES 

  

Group Mean 
Score 

SD t-value p-
value 

High 

engagement 
82.6 6.2 5.41 <0

.001 

Low 

engagement 
75.3 7.5 

  

 ANOVA was also used to analyze group level differences 
in order to compare performance of three adaptive algorithm 
models. There were statistically significant differences as 
reported in Table 3 with Algorithm C performing better than 
the other two. Figure 2 shows graphically the loads of the 
factors of personalized learning elements, as it shows what 
attributes led to the greatest satisfaction and flexibility among 
the learners. 

TABLE III.     ANOVA RESULTS COMPARING DIFFERENT ADAPTIVE 

ALGORITHMS 

Source SS d
f 

M
S 

F p-
value 

Between 
groups 

14
5.2 

2 7
2.6 

9.83 <0.00
1 

Within 
groups 

34
56.7 

4
77 

7.
25 

  

Total 36
01.9 

4
79 

   

  



International Journal of Advanced Multidisciplinary Research and Educational Development 
Volume 1, Issue 3 | September - October 2025 | www.ijamred.com 

ISSN: 3107-6513 
 

 

 

4 

                                                                                         

 

Fig. 2:  Factor Loadings of Personalized Learning Components 

This number shows that adaptive difficulty adjustment, 
personalization of feedback, and sequencing of different tasks 
are variables loaded in different constructs of learning, which 
validates construct validity. 

Students were studied to determine the factors of 
personalization and engagement that could predict student 
performance using the regression analysis. Table 4 shows that 
engagement frequency and adaptive difficulty scores were 
excellent predictors of performance and that an overall model 
accounted 42 percent of variance. To further complement these 
results, Figure 3 demonstrates the reliability scores in relation 
to the measurement constructs, which indicated high internal 
consistency as Cronbach’s alpha value exceeded 0.80. 

TABLE IV.   REGRESSION ANALYSIS PREDICTING STUDENT PERFORMANCE 

 Predictor β SE t-value p-value 

Engagement frequency 0.47 0.06 7.83 <0.001 

Adaptive difficulty 0.31 0.07 4.42 <0.001 

Feedback personalization 0.12 0.05 2.05 0.041 

R² = 0.42 

 

Fig. 3: Reliability Scores under Constructs of Measurement 

 This number shows Cronbach alpha values of the most 
important constructs, which proves the reliability and 
consistency of measurements. 

Lastly, the relationships between the frequency of 
engagement and the performance outcomes were investigated. 
Figure 4 shows the positive correlation between these variables 
and students with greater engagement will have better 
performance results. This positive relationship is also 
supported by correlation coefficient (r = 0.61, p = 0.001). 

 

 

Fig. 4:  Engagement vs. Performance Correlation Scatterplot 

This number demonstrates a positive linear correlation of 
engagement with performance, where the greater the 
engagement, the more it is evident that the achievement scores 
would be higher. 

A. Data Analysis 

 The descriptive analysis gave a summary of the 
characteristics and patterns of engagement of the participants. 
The sample was diversified as demonstrated in Table 1; the 
gender was balanced and with different degrees of prior 
exposure to AI. The distribution of engagement was shown in 
Figure 1, and the distribution of engagement showed that most 
students were concentrated in the medium-engagement group, 
with smaller clusters representing the ends of the low and high-
engagement groups. This distribution says that adaptive 
platforms can cut off learners at a wide range of the interaction 
intensity. 

The additional independent samples t-tests analysis 
revealed the significance of engagement in the outcomes of 
learning. Table 2 revealed that, more engaged students scored 
significantly higher on performance scores than their less 
engaged counterparts. This observation is consistent with the 
visual dispersion of groups in Figure 1.2 and confounds the 
fact that active engagement with adaptive systems is 
transformed into more robust outcomes. 

Comparing various adaptive algorithms, Table 3 
demonstrated that Algorithm C performed stressfully better 
than the other in terms of the learner outcome. These statistical 
findings were supplemented by Figure 2, in which the loading 
of the factor made it clear that factor loadings had the greatest 
importance on adaptive difficulty adjustment which was the 
personalized learning concept. Collectively, the findings imply 
that the selection of algorithm as well as the particular features 
of personalization are the key factors in affecting student 
success. 

The prognosticative information on performance drivers 
was provided as a result of regression analysis. Engagement 
frequency with adaptive difficulty were the most powerful 
predictors of the final results as shown by Table 4 where they 
explained 42 percent of variation in outcome. In line with these 
results, Figure 3 identified that there was a high reliability 
among measurement constructs, which served to build 
confidence in found relationships. 

Lastly, the relationship existing between engagement and 
performance was also verified by the correlation analysis. This 
relation was depicted in figure 4 with a high up trend and 
measured by a correlation coefficient of 0.61. This supports the 
explanation that the more one is exposed to adaptive features, 
the better the results tend to get. 
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The findings in general point to the engagement rates, 
features of personalization, and algorithm design making 
adaptations to be the source of performance improvements in 
AI-driven learning ecosystems. 

 

IV.  CONCLUSION 

 Another methodology that will contribute to student 
engagement and achievement in computer science learning 
greatly is backed by the findings of the present study, which is 
the idea of AI-based personalization. Manipulation of 
individual-feedback and difficult, along with the adaptive 
algorithm design were found to have impact against negative 
influence on learning performance. The interaction was 
observed to be one of the driving and mediating variables, 
which legitimize the counterargument that the hypothesis puts 
forward in the hypothesis statement of interaction with the 
attributes of adaptation to quantifiable success. All these results 
confirm the success of AI ecosystem as an unfolding platform 
of the next-generation learning. 

There are several limitations that need to be taken into 
consideration. First, there was a selection of only 
undergraduate learners in three colleges which may discourage 
a generalization to other levels or types of schools. Second, the 
range of algorithms applied in the research methodology was 
rather limited, ignoring the whole field of AI personalization 
techniques. Third, data were, at least, partially self-reported, 
which may introduce some subjectivity. 

The study also contributes to the development of EDTEC 
as it is a contribution through voluminous empirical research 
through which engagements and personalization are essential 
in scalable adaptive learning systems. As a teacher, the 
outcomes are relevant as it demonstrates the need in using AI 
tools that may be incorporated into the instruction to 
individualize the process and encourage the student 
simultaneously. The framework offers disciplines an 
illustration of how to enhance the provision of curriculum on 
its large scale scale. 

There is a spectrum of the future studies on larger and 
broader populations, cross-disciplinary comparisons. In order 
to identify the long term impact of personalization with the 
help of AI, longitudinal research studying long term learning 
outcomes is needed. In addition, incorporated into the real 
adaptive ecosystem design, the introduction of new AI 
protocols, e.g. reinforcement learning or spread of data analysis 
multimodality, would provide more scope and understanding of 
the algorithms utilized therein. 
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