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ENHANCING ACADEMIC PERFORMANCE THROUGH  
AI-DRIVEN PERSONALISED LEARNING

У статті представлено дослідження ефективності упровадження AI-орієнтованих персоналізо-
ваних алгоритмів навчання у підвищенні академічної успішності учнів закладів загальної середньої 
освіти Португалії. Дослідження ґрунтується на квазіекспериментальному дворазовому дизайні з про-
веденням до- і післятестування та охоплює 480 учнів 10 класу. В експериментальній групі навчання 
здійснювалося з використанням AI-асистованих освітніх платформ (Brisk Teaching, Khanmigo, ChatGPT 
4.0 Turbo, Quizizz AI), тоді як контрольна група навчалася за традиційними методами. Оцінювання на-
вчальних результатів проводилося за рівнями засвоєння двох змістових модулів зі STEM-дисциплін: 
«Енергія в екосистемі» та «Спадковість і мінливість».

Для аналізу результатів застосовано описові та інференційні статистичні методи, зокрема пар-
ні та незалежні t-тести, що дозволило виявити статистично значущі відмінності між навчальними до-
сягненнями учнів обох груп. Отримані дані засвідчують істотно вищу та статистично значущу динамі-
ку засвоєння навчального матеріалу учнями експериментальної групи порівняно з контрольною, що 
підтверджує позитивний вплив AI-орієнтованого персоналізованого навчання на академічну успіш-
ність.

Окрему увагу приділено аналізу чинників, які модифікують ефективність застосування AI-
технологій, зокрема рівню залученості учнів, попередньо сформованим базовим знанням та інди-
відуальним навчальним уподобанням. Результати анкетування свідчать про сильний позитивний 
зв’язок між використанням персоналізованих AI-інструментів, зростанням навчальної мотивації та 
глибшим розумінням навчального матеріалу. Водночас виявлено, що наявні прогалини в базових 
знаннях зумовлюють потребу поєднання AI-навчання з систематичним педагогічним супроводом.

Зроблено висновок, що AI-орієнтоване персоналізоване навчання є перспективним напрямом 
модернізації STEM-освіти в закладах загальної середньої освіти. Його ефективна реалізація потребує 
педагогічно виваженої інтеграції з традиційними методами навчання, професійного розвитку вчите-
лів і належного технологічного забезпечення.

Ключові слова: штучний інтелект, персоналізоване навчання, академічна успішність, STEM-
освіта, заклади загальної середньої освіти, цифрові освітні технології, педагогічний експеримент 
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Problem statement. The integration of artificial intelligence (AI) into educational 
contexts is revolutionising the way we approach learning, capturing the attention 
of researchers, educators, and policymakers alike. AI-driven personalised learning 

systems hold the promise to redefine traditional teaching methods by offering customised 
educational experiences that reflect the unique needs, pace, and learning styles of students. This 
advancement is particularly significant in science, technology, engineering, and mathematics 
(STEM) education, where abstract and complex concepts often pose challenges to students from 
diverse backgrounds.

Historically, secondary education has been constrained by standardised models and one-
size-fits-all teaching strategies, which overlook the considerable variability in students’ prior 
knowledge, engagement, and learning preferences. Studies by H. Park, S. Khan, and S. Petrina 
[2009] and S. G. Shete, P. Koshti, and V. I. Pujari [2024] reveal that conventional methods often 
fail to adequately support learners with limited initial understanding or those navigating non-
linear learning paths. In contrast, AI-powered educational platforms facilitate dynamic content 
delivery, real-time feedback, and adaptive learning routes, fostering an inclusive and effective 
instructional environment.

Despite the growing international evidence supporting AI’s potential in education, empirical 
studies focusing on its implementation and efficacy in Portuguese secondary schools are still 
sparse. 

The Portuguese education system, much like its European counterparts, is undergoing a 
significant transformation in response to rapid technological advancements and the evolving 
needs of society [OECD, 2020]. With an increased emphasis on innovation, digital literacy, and 
STEM education, Portugal is proactively integrating cutting-edge technologies, particularly 
artificial intelligence (AI), into classrooms to bolster educational outcomes and inclusivity.

Traditionally, Portuguese schools have relied on teacher-centred methodologies, focusing 
on content delivery through lectures, textbooks, and standardised assessments. While these 
approaches have standardised learning outcomes and developed foundational competencies, it 
is time to embrace the promise of AI to create a more dynamic, engaging, and tailored educational 
experience that benefits every student. Embracing AI in education is not just an option but a 
necessity to prepare students for the challenges of the future.

Formulation of the objectives of the article. Despite growing international evidence of the 
educational potential of artificial intelligence, there remains a notable lack of empirical, school-
based research examining the effectiveness of AI-driven personalised learning in the Portuguese 
secondary education context. In particular, insufficient attention has been paid to comparative 
analyses that contrast AI-supported instruction with traditional teaching approaches while 
accounting for student engagement, prior knowledge, and individual learning preferences.

This research aims to address this gap by analysing the impact of AI-driven personalised 
learning algorithms on the academic performance of 10th-grade students in Portugal. To achieve 
this aim, a two-shot quasi-experimental research design was employed, incorporating pre-tests 
and post-tests across two core STEM units: Energy in the Ecosystem and Heredity and Variation. 
In addition, student questionnaires were used to examine factors influencing the effectiveness 
of AI-based instruction.

The primary objective of the study is to compare learning outcomes between students 
exposed to AI-driven personalised instruction and those receiving traditional education. 
Specifically, the research examines the extent to which AI-based learning influences academic 
progress and student engagement, as well as how prior knowledge and individual learning 
preferences moderate educational outcomes.

Research Design and Methodology. This study employed a quasi-experimental research 
design, specifically the non-equivalent control group, two-shot pre-test  /  post-test model, 
supported by a descriptive research component. This approach was selected to rigorously 
investigate the effectiveness of AI-driven personalised learning platforms on secondary students’ 
academic performance, in comparison to traditional instructional methods commonly used in 
Portuguese classrooms. Additionally, the descriptive component provided insight into factors 
such as student engagement, learning preferences, and prior knowledge, all of which are known 
to mediate learning outcomes [Xiao et al., 2023; Xu et al, 2023].
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Rationale for quasi-experimental design. Quasi-experimental designs are widely used in 
educational research, particularly when randomisation is not feasible, a frequent limitation in 
real-world classroom settings [Campbell & Cook, 1979; Pregoner et al., 2025]. In Portuguese public 
schools, students are typically grouped by class or school administration, making randomised 
group assignment impractical and ethically challenging. Consequently, this study used intact class 
groups as experimental and control samples, which reflects authentic educational environments 
and ensures ecological validity [Arifin, Suryaningsih, & Arifudin, 2024].

The non-equivalent control group design allowed for the comparison of two naturally formed 
groups: 1) the experimental group, which engaged with AI-driven personalised instruction, and 
2) the control group continued with conventional teacher-led instruction.

Both groups completed a pre-test to establish baseline knowledge and a post-test to assess 
academic gains after the instructional period. This dual assessment strategy, referred to as a 
“two-shot” design, provides a more robust understanding of changes over time than single post-
test methods and helps mitigate internal validity threats such as history, maturation, or testing 
effects [Maroco, 2021; Ozudogru & Aksu, 2019].

Descriptive research component. To complement the experimental analysis, the study 
incorporated a descriptive design to examine qualitative dimensions of the learning experience. 
This included collecting data on student engagement, classroom climate, and instructional 
perception via surveys and structured observations. These variables are especially relevant, as 
several studies have shown that learning environments, teacher behaviour, and instructional 
clarity significantly influence student motivation and performance (Lu, Xie & Liu, 2022; Nogueira, 
Cunha, & Krupskyi, 2025; Serki & Bolkan, 2023; Zheng, 2021).

Recent work by Y.  Arifani et al. [2020] emphasised that blended or technology-
integrated instruction is most successful when the quality of interaction between 
student, content, and teacher is intentionally designed. Similarly, R. French, W. Imms, and 
M.  Mahat [2020] found that effective pedagogical innovation requires not only access 
to new technologies but also supportive, well-prepared teachers and flexible learning 
environments. This insight justifies the inclusion of teacher professional development and 
instructional preparedness as contextual considerations in the study [Chang, Albattat, & 
Azar, 2024].

Implementation and measurement. Over the course of six weeks, the experimental group 
engaged with an AI-enhanced platform that used machine learning algorithms to adapt content 
based on learner profiles. These tools offered individualised pathways, real-time feedback, and 
scaffolded instruction. Meanwhile, the control group followed the national curriculum delivered 
through traditional methods (lectures, textbook assignments, and teacher-led questioning). Both 
groups received the same content in terms of scope and sequence, ensuring content equivalence 
performance [Lu, Xie & Liu, 2022; Serki & Bolkan, 2023; Zheng, 2021]. 

Academic performance was measured using a validated achievement test aligned with 
the Portuguese secondary curriculum, which underwent expert review for content validity. 
Additional instruments included:

–  engagement surveys, adapted from L.  E.  Bijkerk et al. [2022], to capture cognitive, 
emotional, and behavioural engagement; 

– learning style inventories to identify preference patterns that might influence adaptive 
learning effectiveness [Dai et al., 2023; Liu and Sun, 2024];

–  pre-intervention diagnostic tests to assess prior knowledge and normalise initial 
differences.

Teacher and environmental considerations. The classroom environment and teacher-related 
variables were also recognised as potential moderators. Studies by G. Boushey and A. Behne 
[2024], and X. Wang et al. [2024] suggest that teacher autonomy, identity, and perceived support 
significantly affect instructional delivery, especially during pedagogical transitions involving 
technology. Similarly, research by J. Wong, C. Tong and A. Wong [2014] and M. P. A. B. Baguio, and 
J. B. Baguio [2025] highlights that professional reputation and instructional quality can mediate 
student perceptions and learning outcomes. Thus, teacher background data (e. g., training in 
AI tools, years of experience) were also collected to ensure transparency in comparing group 
performance.
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Formulation of the research hypothesis. This study examines the impact of AI-powered 
personalised learning algorithms on student academic achievement in secondary education in 
Portugal, with particular attention to the role of student engagement, prior subject knowledge, 
and learning preferences in shaping instructional effectiveness. The findings are expected to 
inform ongoing national discussions on STEM curriculum innovation, digital transition in schools, 
and teacher professional development.

This study is guided by the following hypothesis: 
H1: Pre-test Performance Comparison
There is no significant difference in the average pre-test scores between students taught 

with AI-driven personalised learning and those taught using traditional methods.
H2: Post-test Performance Comparison
There is no significant difference in the average post-test scores between students taught 

with AI-driven personalised learning and those taught using traditional methods.
H3: Learning Gains Comparison
There is no significant difference in the learning gains (measured by the difference between 

post-test and pre-test scores) between students using AI-driven personalised learning and those 
using traditional instruction.

H4: Influence of Learning Factors on AI Effectiveness.
The effectiveness of AI-driven personalised learning is not significantly affected with levels 

of student engagement, prior subject knowledge, or learning preferences.
Experimental design description. This study employed a non-randomised two-shot pre-

test and post-test quasi-experimental design to examine the impact of AI-driven personalised 
learning on student performance in secondary school. The structure of the experimental setup 
is illustrated in Table 1 below.

Table 1
Pre-test–Post-test Quasi-Experimental Design

Group Assignment Pre-test Intervention Post-test
G1 – Experimental N (Non-random) O1 X (AI-driven personalized learning) O2
G2 – Control N (Non-random) O3 –– (Traditional instruction) O4

Note. N = non-random group assignment; G1 = experimental group (received AI-driven personalised 
learning); G2 = control group (received traditional instruction); O1/O3 = pre-test (before the intervention); O2/
O4 = post-test (after the intervention); X = treatment (AI-driven personalised learning algorithm)

This quasi-experimental design does not rely on random assignment due to the practical 
constraints of conducting research in real-world classroom environments. Instead, naturally 
occurring class sections were assigned as either the experimental group (G1) or control group 
(G2), following the common procedure in school-based educational research [Campbell & Cook, 
1979].

In this setup, both groups were administered a pre-test (O1 and O3) to assess baseline 
knowledge before the intervention. The experimental group then received instruction using an 
AI-driven personalised learning platform, designed to adapt to students’ learning profiles and 
provide real-time feedback and differentiated support. In contrast, the control group continued 
with traditional, teacher-directed instruction as per the existing curriculum.

Following the instructional period, both groups completed a post-test (O2 and O4), allowing 
for a comparison of learning gains between the two instructional modalities. The use of a “two-
shot” format, meaning the design was implemented across two distinct instructional cycles, 
provided an additional layer of reliability by allowing the results to be observed and confirmed 
across more than one context or time frame.

This design was particularly suitable given the educational setting, where randomisation 
of students is rarely feasible. It also allowed for meaningful comparative analysis of student 
outcomes and the examination of other influencing variables such as student engagement, prior 
knowledge, and learning preferences, all of which were explored as part of the study’s broader 
descriptive objectives.
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Research design and methodology approach. This study adopted a non-randomised two-
shot pre-test and post-test quasi-experimental design, complemented by a descriptive research 
approach, to investigate the impact of AI-driven personalised learning algorithms on the 
academic performance of Portuguese secondary school students. The two-shot structure refers 
to the repetition of the experimental sequence across two curricular units, which enhances the 
reliability and depth of findings by allowing for the observation of trends across different content 
areas and time intervals [Campbell & Cook, 1979; Ajayi, 2024].

The research involved two naturally formed class groups in a public secondary school 
in Portugal: one experimental group, which received AI-assisted instruction, and one control 
group, which continued with conventional, teacher-centred instruction. Both groups completed 
the same pre-tests and post-tests for each of the two instructional units. Although random 
assignment was not possible due to the practical constraints of the school context, this design 
maintained ecological validity and allowed for meaningful causal inference within an authentic 
classroom environment [Park, Khan, & Petrina, 2009].

The study was conducted during the first semester of the 2024–2025 academic year at a public 
school located in central Portugal, which offers education from lower secondary to upper secondary 
levels. A total of 480 students enrolled in Grade 10 participated in the study, with 240 students in 
each group. The school administration selected the classes, following a non-random convenience 
sampling method, which, although limiting generalizability, ensured feasibility, access, and adherence 
to institutional protocols. The participant groups were heterogeneous in terms of academic ability, 
learning preferences, and socio-economic backgrounds – reflecting the typical diversity of Portuguese 
public education and supporting the goal of testing the AI-driven intervention across a broad learner 
profile [Arifin, Suryaningsih, & Arifudin, 2024; Baguio & Baguio, 2025].

Parental consent and student assent were obtained before the commencement of the 
study. The research was approved by the school board and aligned with the ethical principles 
governing research involving human subjects in Portugal, in accordance with national education 
policies and GDPR standards [Pregoner et al., 2025].

The intervention focused on two units based on the Portuguese national curriculum and 
aligned with the Next Generation Science Standards (NGSS) framework to ensure international 
compatibility. The selected units were: (1) Energy in the Ecosystem and (2) Heredity and Variation. 
The experimental phase lasted for nine weeks, including one week for testing and four weeks for 
each instructional unit.

A teacher-made 40-item multiple-choice test was designed to assess knowledge and 
conceptual understanding in both content areas. The test was based on a detailed Table of 
Specifications (TOS) that covered cognitive levels and learning objectives. It was reviewed by a 
panel of five Portuguese experts in science education and test construction. The instrument was 
then pilot-tested with 240 Grade 11 students from a different school to determine item difficulty 
and discrimination. The internal consistency of the test was confirmed using the Kuder-Richardson 
Formula 20 (KR-20), yielding reliability indices of 0.8797 for Unit 3 and 0.8951 for Unit 4, both 
indicating strong reliability for classroom assessment purposes [Miller, Linn, & Gronlund, 2008].

In addition to the academic test, a 10-item, 5-point Likert-scale questionnaire was used to 
gather data on three key learner variables: student engagement, prior knowledge, and learning 
preferences. The questionnaire was also validated by five academic experts and achieved a 
high mean content validity rating of 4.70, confirming its appropriateness for capturing relevant 
learning-related factors in the Portuguese secondary school context [Yuqi & Sriarunrasmee, 
2024; Zhong et al., 2023].

Students in the experimental group were taught using a selection of AI-based educational 
platforms, including:

– Brisk Teaching, for lesson planning and differentiated content delivery;
– Khanmigo, an AI-powered tutoring assistant offering real-time student guidance;
– ChatGPT 4.0 Turbo, for researching, summarising, and exploring concepts;
– Quizizz AI, for generating customised quizzes and gamified learning experiences.
The control group followed the same curriculum topics, delivered through conventional 

instruction methods such as lectures, textbook-based activities, and group discussions, without 
the use of AI tools.
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The study was structured in three distinct phases. The preparation phase involved identifying 
curriculum content, developing and validating assessment tools, designing AI-enhanced learning 
activities, and orienting participants. The implementation phase included the administration of pre-
tests, delivery of instructional content, and completion of post-tests and questionnaires. Finally, 
the evaluation phase consisted of analysing the academic performance data and questionnaire 
results to assess the learning outcomes and the influence of student-related variables.

Data were analysed using quantitative statistical techniques. Descriptive statistics were 
used to summarise mean scores and standard deviations. Inferential statistics, including paired 
sample t-tests, independent t-tests, and ANCOVA, were employed to determine whether there 
were significant differences between and within groups. Correlation analysis was used to examine 
relationships between student performance and factors such as engagement, prior knowledge, 
and learning style preferences.

In conclusion, the applied quasi-experimental design allowed for a realistic, evidence-
based comparison of AI-supported and traditional learning methods within the Portuguese 
secondary education system. The study offers valuable insights into how AI-driven personalised 
learning can support curriculum delivery, enhance engagement, and contribute to improved 
academic outcomes in STEM education. By conducting this investigation within a diverse and 
authentic educational context, the findings contribute to ongoing discussions about the digital 
transformation of education in Portugal [Cunha, Pinto & Pereira, 2024; Rathmann, Guimarães 
& Košmerl, 2023; Ribeiro et al., 2023] and align with broader international efforts to integrate 
intelligent technologies into pedagogical practice.

Measuring academic performance using Mean Scores and Mean Percentage Scores (MPS). 
Students’ academic performance was examined using descriptive statistical measures:

– What is the mean pre-test score of students exposed to AI-driven personalised learning 
algorithms?

– What is the mean post-test score of students exposed to AI-driven personalised learning 
algorithms?

To describe and compare students’ academic performance before and after the intervention, 
two statistical indicators were employed: the mean score and the mean percentage score (MPS). 
The mean score was used to represent the central tendency of students’ results in both the pre-
test and post-test. In addition, the mean percentage score was applied to facilitate a clearer 
interpretation of performance levels across assessment stages.

The interpretation of MPS values for pre-test and post-test results under AI-driven 
personalised learning and traditional instruction was conducted using adjectival criteria, as 
presented in Table 2.

Table 2
Mean Percentage Score Adjectival Interpretation

Mean Percentage Score Adjectival interpretation
75% to 100% High mastery
54% to 75% Moderate mastery
0% to 49% Low mastery 

Source: [Pregoner et al., 2025]

Test of difference between pre-test and post-test scores. To determine whether there was a 
statistically significant difference in academic performance before and after instruction, a paired 
samples t-test was conducted separately for each group. This test was used to compare the pre-
test and post-test scores of students within each group – those exposed to AI-driven personalised 
learning algorithms and those taught through traditional instructional methods.

The paired samples t-test is appropriate in this context because it analyses the mean 
difference between two related sets of scores – in this case, the scores of the same students 
measured at two points in time (pre-intervention and post-intervention). This allows the 
researcher to assess whether the learning gains observed after the intervention are statistically 
significant.
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In the experimental group, the test assessed whether the AI-based personalised 
learning approach led to a significant improvement in students’ post-test scores. In the 
control group, the test evaluated whether traditional instruction produced a similar or 
different effect.

By comparing the results of the two groups, the study aimed to determine whether the 
AI-driven intervention had a greater impact on student learning outcomes than conventional 
methods. 

The level of influence that key learner-related factors have on the effectiveness of AI-driven 
personalised learning in the subject studied was evaluated using descriptive statistical analysis 
using the weighted mean. The three factors investigated were the following:

– student engagement;
– prior knowledge;
– learning preferences.
These variables were measured through a researcher-developed questionnaire consisting 

of 10 items, rated on a 5-point Likert scale ranging from Strongly Disagree (1) to Strongly Agree 
(5). The questionnaire was administered to the students in the experimental group following the 
intervention.

Table 3 shows how to interpret the results on the factors that influence the effectiveness of 
an AI-driven personalised learning algorithm in a subject. The Likert scale was used. To determine 
the extent or level of influence for each factor, the weighted mean was calculated for all items 
under each category. 

Table 3
Results on Factors Influencing the Effectiveness of AI-Driven Personalised Learning 

Scale Range of Mean Descriptive Equivalence Descriptive Interpretation
5 4.21 – 5.00 Very highly influenced The factor has a very significant impact on learning
4 3.41 – 4.20 Highly influenced The factor has a substantial impact on learning
3 2.61 – 3.0 Moderately influenced The factor has a moderate impact on learning
2 1.81 – 2.60 Slightly influenced The factor has a minor impact on learning
1 1.00 – 1.80 Not influenced The factor has no significant impact on learning

This method allows for a more precise assessment by giving weight to the frequency of 
each response option.

Presentation and discussion of the main research results.
The Mean Percentage Scores (MPS) from the pre-tests provided baseline data to assess 

students’ prior knowledge of the content. The two-shot pre-test consisted of two administrations 
of a 40-item multiple-choice test covering Unit 3: Energy in the Ecosystem and Unit 4: Heredity 
and Variation. Both the experimental group (AI-driven personalised learning) and the control 
group (traditional instruction) completed the same assessments to ensure comparability of 
academic performance before the intervention.

Pre-test performance in the AI-driven group served as a critical benchmark for evaluating 
the initial understanding and skills of students. These baseline scores informed the customisation 
of learning paths and established a foundation for measuring the algorithm’s effectiveness.

Table 4 presents the MPS for students in the AI-driven group. Results indicate low 
performance across both units, with an MPS of 39.0% in Unit 3 and 37.9% in Unit 4. These results 
suggest that before the intervention, students had limited conceptual understanding of the 
targeted topics, reinforcing the need for differentiated instructional support.

These findings are consistent with and extend the body of research emphasising the 
limitations of traditional instructional methods in STEM education. A.  V.  Rukadikari and 
K. Khandelwal [2023], as well as Jr. Ortiz et al. [2025], have highlighted that students frequently 
perform poorly in STEM subjects under conventional, one-size-fits-all teaching approaches. 
These studies argue that such methods often fail to address individual learning needs, leading 
to disengagement and shallow conceptual understanding. As a result, they advocate for the 
integration of adaptive and personalised learning models that can better accommodate diverse 
student profiles.
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Table 4 
Pre-test: Mean Percentage Score of AI-Driven Learning
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3 240 240 40 21 6 468 15.60 39.0 Low mastery
4 240 240 40 20 10 455 15.17 37.9 Low mastery

In parallel, S.  G.  Shete, P.  Koshti, and V.  I.  Pujari [2024] provide empirical evidence 
demonstrating that AI-based tutoring systems not only improve overall learning outcomes but 
also offer particular advantages for students who begin with low levels of prior knowledge. 
Their findings suggest that these systems are capable of delivering timely feedback, adjusting 
instructional content in real time, and supporting students through targeted remediation, all 
of which are crucial for learners who might otherwise struggle to keep pace in a traditional 
classroom setting.

The pre-test results in the current study reflect a similar pattern, revealing that students 
in both the experimental and control groups entered the instructional units with relatively 
low baseline knowledge. These pre-test scores serve as a foundational benchmark to evaluate 
the effectiveness of AI-driven personalised learning. Importantly, the data reinforce previous 
conclusions by showing that students who begin with minimal understanding can benefit from 
algorithmically tailored instruction, which addresses their specific learning gaps and supports 
deeper engagement with the material.

Moreover, these findings align with broader educational research that underscores the value 
of personalisation in enhancing learning efficacy and equity. By leveraging AI to adapt content to 
individual learners’ needs, this study supports the premise that technological innovation can play 
a transformative role in promoting inclusive, effective STEM education. The results lend further 
credibility to the argument that personalised AI learning environments have the potential not 
only to boost short-term academic gains but also to contribute to long-term academic resilience, 
particularly for students at risk of falling behind in traditional instructional settings.

Pre-test performance: establishing the baseline. The pre-test means percentage scores 
(MPS) serve as a critical diagnostic tool for assessing students’ initial understanding of key 
concepts before instruction. Administered through a 40-item multiple-choice assessment, the 
pre-tests aimed to evaluate students’ baseline knowledge in two major content areas: Unit 3 – 
Energy in the Ecosystem and Unit 4  – Heredity and Variation. These tests not only measure 
prior knowledge but also set the stage for analysing instructional impact by allowing meaningful 
comparison with post-test results.

Table 5 presents the pre-test MPS for students in the traditional instruction group, with 
results showing 38.3% for Unit 3 and 34.5% for Unit 4. These scores indicate a generally low level of 
content mastery before any intervention. When compared with the pre-test scores of the AI-driven 
learning group (Table 4), which recorded similarly low percentages, the data suggest that students 
across both groups began with a limited understanding of the topics addressed in this study.

Table 5
Pre-test: Mean Percentage Score of Traditional Learning
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3 240 240 40 26 4 460 15.33 38.3 Low mastery
4 240 240 40 21 6 414 13.80 34.5 Low mastery
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These findings are consistent with earlier research conducted by M.  J.  R.  Prestoza and 
J. C. M. Banatao [2024], which revealed that students in conventional learning settings often 
struggle with STEM content, especially in subjects requiring high levels of abstraction. Notably, 
the particularly low MPS for Unit 4 (Heredity and Variation) corroborates findings by O. N. Ritter 
[2018], who reported that genetic concepts pose significant learning challenges without the 
support of differentiated or technology-enhanced instruction. Similarly, studies by A. Musundire 
[2025], B. J. Olatunbosun and C. U. Nwankwo [2024], and I. R. Samuel and A. D. Salisu [2025] 
point out that students from under-resourced environments tend to perform poorly in complex 
scientific content areas, largely due to the lack of personalised scaffolding and instructional 
flexibility.

Thus, the pre-test results provide an essential benchmark for measuring student growth 
and evaluating the effectiveness of AI-driven personalised learning. The data highlight the need 
to explore innovative instructional strategies that can better support students in mastering 
difficult STEM material, particularly those strategies that adapt to learners’ individual needs.

The post-test MPS offers a direct reflection of students’ learning outcomes after exposure 
to the two distinct instructional approaches, AI-driven personalised learning versus traditional 
teacher-led instruction. Like the pre-test, the post-test consisted of 40 multiple-choice questions 
aligned with NGSS-aligned competencies for Unit 3 and Unit 4. Both the experimental (AI-driven) 
and control (traditional) groups completed the same assessments.

The comparison of post-test results with their corresponding pre-test scores provides 
insight into the efficacy of each instructional model. These data allow for the analysis of learning 
gains and support a broader understanding of how instructional design (whether traditional or 
AI-driven) affects student comprehension. When considered alongside qualitative measures 
such as student engagement and learning preferences, the post-test scores contribute to a 
comprehensive evaluation of personalised AI systems in science education.

Table 6
Post-test: Mean Percentage Score of AI-Driven Learning
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3 240 240 40 39 27 996 33.20 83.0 High mastery
4 240 240 40 40 29 1056 36.37 90.9 High mastery

The post-test administered following the AI-driven personalised learning intervention 
serves as a critical measure of the algorithm’s effectiveness in enhancing students’ conceptual 
understanding and academic performance. Comprising 40 multiple-choice items, the post-test 
was aligned with the instructional objectives of Unit 3: Energy in the Ecosystem and Unit 4: 
Heredity and Variation, and was designed to assess mastery of key content delivered through 
the personalised AI platform.

Table 6 presents the post-test Mean Percentage Scores (MPS) for students in the 
experimental group. Results reveal a substantial increase in performance compared to the pre-
test scores, with students achieving an MPS of 83.0% in Unit 3 and an even higher 90.9% in Unit 
4, both indicating a high level of mastery.

This remarkable improvement underscores the effectiveness of AI-driven personalised 
learning in promoting deeper comprehension of complex scientific content. These findings are 
consistent with studies such as A. Ajayi [2024] and S. G. Shete, P. Koshti, and V. I. Pujari [2024], 
which report that AI-enhanced learning platforms significantly boost student engagement, 
retention, and academic achievement in STEM disciplines. The particularly strong performance 
in Unit 4 also supports findings by Jr. Ortiz et al. [2025], who observed that AI tools, through 
features like adaptive feedback, real-time diagnostics, and interactive simulations, can effectively 
demystify abstract topics like genetics, enabling more accessible and personalised learning 
experiences.
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The clear disparity between pre-test and post-test outcomes validates the educational 
impact of AI integration in the classroom. It confirms that when instruction is tailored to 
individual learners’ needs, supported by intelligent learning systems, students are more likely to 
achieve high levels of understanding. These results contribute to the growing body of evidence 
advocating for the implementation of AI-driven technologies in secondary STEM education, 
particularly as a means to close learning gaps and support mastery in traditionally challenging 
subject areas.

Measuring conventional learning outcomes. The post-test mean percentage scores 
(MPS) for students taught through traditional methods serve as a key metric to evaluate their 
understanding and retention of core concepts. Administered after completing instruction for 
Unit 3: Energy in the Ecosystem and Unit 4: Heredity and Variation, the 40-item multiple-choice 
post-test assessed the knowledge gained from standard classroom practices such as lectures, 
textbook activities, and teacher-guided discussions.

Table 7 presents the MPS for students under conventional instruction. Results indicate 
a noticeable improvement from the pre-test baseline, with students achieving 69.2% in Unit 
3 and 70.9% in Unit 4. These scores reflect moderate mastery, demonstrating that traditional 
instruction supports learning progress to a certain extent.

However, when compared to the significantly higher post-test scores from the AI-driven 
personalised learning group (as shown in Table 6), it becomes evident that conventional teaching 
methods may not fully optimise student achievement, especially in complex subjects. These 
findings echo the conclusions of A.  Ajayi [2024] and H.  Park, S.  Khan, and S.  Petrina [2009], 
who found that while lecture-based instruction can facilitate learning gains, it often lacks the 
adaptability to address diverse learning needs and paces within a classroom, resulting in lower 
mastery levels compared to personalised AI-supported learning environments.

Moreover, the results support the observations of M. J. R. Prestoza and J. C. M. Banatao 
[2024], who reported that although students in traditional settings demonstrate gradual 
academic improvement, they tend to struggle with cognitively demanding STEM content due 
to the limitations of a uniform, one-size-fits-all instructional model. In particular, the challenges 
presented by Unit 4 (Heredity and Variation), which requires abstract reasoning, highlight the 
difficulties students face without adaptive learning scaffolds.

The comparison between post-test results of AI-supported and traditionally instructed 
groups reinforces the argument for integrating more personalised, interactive learning systems 
in STEM education. These findings suggest that while conventional methods remain effective 
to some degree, they are increasingly outpaced by innovative AI-based approaches capable of 
tailoring instruction, enhancing engagement, and maximising student learning outcomes.

Table 7
Post-test: Mean Percentage Score of Traditional Learning
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3 240 240 40 36 21 831 27.70 69.2 Moderate mastery
4 240 240 40 38 19 851 28.37 70.9 Moderate mastery

Comparison of pre-test and post-test academic performance between AI-driven and 
traditional instruction. This section presents a comparative analysis of student performance 
before and after instruction under two different pedagogical approaches: AI-driven personalised 
learning and conventional teaching methods. The comparison of pre-test and post-test scores 
serves as the basis for evaluating the effectiveness of AI-powered learning systems in enhancing 
academic achievement. The results provide important insights into how innovative educational 
technologies can impact student learning outcomes in science education, particularly in complex 
content areas such as ecology and genetics.
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Table 8
Significant Difference Between the Performance of Students Exposed to AI-Driven Personalised 

Learning Algorithm and Traditional Learning on Their Pre-test and Post-test Using Paired Samples t-Test

Groups Tests
Unit 3 (1st shot) Unit 4 (2nd shot)

ẍ SD t P ẍ SD t P

AI-Driven
Pre-test 15.60 4.21

24.9996 0.0001*
15.17 3.06

33.5167 0.0001*
Post-test 33.20 3.48 36.37 4.92

Traditional
Pre-test 15.33 5.14

13.3463 0.0001*
13.80 3.95

16.3169 0.0001*
Post-test 27.70 4.84 28.37 4.93

Table 8 displays the results of the paired samples t-test conducted to measure within-group 
differences in student performance for both instructional approaches in Unit 3: Energy in the 
Ecosystem and Unit 4: Heredity and Variation.

AI-driven personalised learning group. In the experimental group that received AI-based 
instruction, student performance improved markedly. For Unit 3, mean scores increased from 
15.60 (SD = 4.21) in the pre-test to 33.20 (SD = 3.48) in the post-test. For Unit 4, scores rose 
from 15.17 (SD = 3.06) to 36.37 (SD = 4.92). The corresponding t-values – 24.9996 for Unit 3 
and 33.5167 for Unit 4, and p-values (both < 0.0001) indicate statistically highly significant 
gains. These results strongly suggest that the AI-driven personalised learning algorithm had a 
substantial positive impact on student comprehension and retention.

Traditional instruction group. Students in the control group, taught using conventional 
methods, also showed statistically significant improvements, though to a lesser degree. In Unit 
3, mean scores improved from 15.33 (SD = 5.14) to 27.70 (SD = 4.84), and in Unit 4, from 13.80 
(SD = 3.95) to 28.37 (SD = 4.93). The t-values for these gains were 13.3463 (Unit 3) and 16.3169 
(Unit 4), with both p-values at < 0.0001. While the increases were meaningful, the magnitude of 
the learning gains was significantly lower than those achieved through AI-supported instruction.

These findings are consistent with the work of H. Park, S. Khan, and S. Petrina [2009] and 
W. Strielkowski et al. [2024], who argue that AI-based adaptive learning environments provide 
more effective support for students by offering personalised feedback, pacing, and content 
alignment. Similarly, Jr.  Ortiz et al. [2025] emphasised that AI-powered learning in Philippine 
secondary schools resulted in higher levels of conceptual mastery, particularly in science subjects, 
due to its ability to adjust to individual student needs and learning styles.

The considerable difference in post-test outcomes between the two groups underscores 
the potential of AI-driven learning systems to outperform traditional methods in supporting 
academic success, especially in STEM disciplines. These results reinforce the notion that 
personalised, technology-mediated instruction offers significant advantages over one-size-fits-
all classroom strategies.

Table 9, presented in the next section, further elaborates on these comparisons through 
independent samples t-tests, analysing the between-group differences in learning gains.

Table 9
Significant Difference Between the Performance of Students Exposed to an  

AI-Driven Personalised Learning Algorithm and Traditional Learning on Their Pre-test  
and Post-test Using an Independent Samples t-Test

AI-Driven Traditional
t P

ẍ SD ẍ SD
Pre-test Results

Unit 3 15.60 4.21 15.33 5.14 0.2199 0.8268
Unit 4 15.17 3.06 13.80 3.95 1.4971 0.1398

Post-test Results
Unit 3 33.20 3.48 27.70 4.84 5.0570 0.0001**
Unit 4 36.37 4.92 28.37 4.93 6.2887 0.0001**
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The results indicate statistically significant differences in post-test scores between students 
exposed to AI-driven personalised learning and those taught using traditional instruction (p<0.05).

Factors influencing the effectiveness of AI-driven personalised learning. This study also 
assessed key factors influencing the effectiveness of AI-driven personalised learning in the 
context of instruction. The factors analysed include student engagement, prior knowledge, 
and learning preferences, as these directly relate to the adaptability and responsiveness of AI 
systems to individual learners. Understanding the levels of these factors provides deeper insight 
into how AI technologies optimise learning outcomes.

The first factor examined was student engagement, which emerged as a foundational 
element in the success of AI-driven learning. Engagement refers to the learner’s emotional, 
cognitive, and behavioural investment in the learning process. In an AI-enhanced environment, 
highly engaged students are more likely to take advantage of adaptive features, respond to 
personalised prompts, and persist through challenging content.

According to T.  Baig et al. [2022], engagement significantly mediates the effectiveness 
of AI-supported instruction. When students are curious, motivated, and actively involved, the 
personalised learning pathways and immediate feedback mechanisms of AI platforms amplify 
learning outcomes. Conversely, low engagement may limit the benefits of the AI system, as 
students disengage from the tools designed to support their progress.

To measure this, a 5-point Likert scale questionnaire was administered, with values ranging 
from 1 (“not influenced”) to 5 (“very highly influenced”). Table 10 presents a summary of student 
responses regarding their engagement with AI-driven learning.

Preliminary results suggest that the personalised learning environment significantly 
increased student motivation, interest, and participation in lessons, corroborating prior studies 
emphasising the importance of learner-centric design in educational technologies [Zhong et al., 
2023; Yuqi & Sriarunrasmee, 2024].

Table 10
Summary Results of the Student Engagement on AI-Driven Personalised Learning Algorithm Survey

Questions Mean Rating Descriptive Equivalence

I actively participate in STEM-related activities and discussions 
in class. 4.19 Highly influenced

I am interested in learning about how artificial intelligence can 
be applied to education and STEM fields. 4.26 Very highly influenced

I enjoy using AI-powered tools (e.g. adaptive learning 
platforms) to support my learning in STEM subjects. 4.55 Very highly influenced

I feel motivated to improve my knowledge and skills in STEM 
subjects through engaging learning activities. 4.43 Very highly influenced

I feel challenged and engaged by STEM problems and tasks 
that are personalised to my skill level using AI. 4.51 Very highly influenced

I enjoy collaborating with my peers on STEM projects and 
activities, both in person and through digital platforms. 4.58 Very highly influenced

I feel more engaged in STEM learning when I can use 
technology, including AI-driven platforms and tools. 4.66 Very highly influenced

I find personalised learning paths (adapted by AI) more 
engaging than traditional learning methods. 4.57 Very highly influenced

I feel more engaged when I receive timely feedback on 
my performance through AI-driven platforms, helping me 
improve.

4.80 Very highly influenced

I explore STEM-related topics outside of class time because I 
am interested and engaged in the subject matter. 4.22 Very highly influenced

Overall Mean 4.48 Very highly influenced

Interpretation: 5 – very highly influenced, 4 – highly influenced, 3 – moderately influenced, 2 – slightly 
influenced, 1 – not influenced
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The results revealed a grand mean rating of 4.48, which falls under the category of “Very 
Highly Influenced”, indicating a strong positive response from students toward the integration 
of AI-driven personalised learning in STEM education. This suggests that students perceived the 
AI-based approach as highly effective in increasing their interest, motivation, and involvement 
in learning activities.

The most highly rated statement was:
“I feel more engaged when I receive timely feedback on my performance through AI-driven 

platforms, helping me improve” (Mean = 4.80).
This emphasises the critical role of immediate, personalised feedback, which aligns with 

findings from M. A. Ayanwale et al. [2025] and S. G. Shete, P. Koshti, and V. I. Pujari [2024], who 
reported that real-time feedback significantly enhances learner motivation and progress.

Other high-rated statements included:
“I feel more engaged in STEM learning when I can use technology, including AI-driven 

platforms and tools” (Mean = 4.66), supporting findings by J. Elen et al. [2007].
“I enjoy working with my peers on STEM activities and projects, both face-to-face and 

through digital platforms” (Mean = 4.58), which aligns with research by W. Forero-Corba and 
F. Negre Bennasar [2023]; T. T. Long, N. T. Lam, and T. Q. Cuong [2025]; and Y. Yang et al. [2024], 
highlighting the value of peer collaboration and blended learning tools in sustaining engagement.

Another key insight was from the statement:
“I find personalised learning paths (adapted by AI) more engaging than traditional learning 

methods” (Mean = 4.57).
This reflects a clear student preference for individualised, adaptive learning approaches 

over traditional instruction, echoing the conclusions of X.  Chen et al. [2021] and F.  Kamalov, 
D. Santandreu Calonge, and I. Gurrib [2023].

These results reinforce the notion that AI-enhanced platforms not only increase student 
engagement but also foster a more interactive, responsive, and motivational learning environment, 
especially in STEM disciplines. Similar findings from M. J. R. Prestoza and J. C. M. Banatao [2024] 
demonstrate that students in Philippine schools showed stronger motivation and interaction 
levels when taught using AI-enhanced methods, compared to conventional classrooms.

The second factor examined was prior knowledge, which plays a critical role in shaping 
how students assimilate, retain, and apply new information. In STEM education, understanding 
a learner’s pre-existing knowledge allows educators to tailor instruction that bridges conceptual 
gaps, reinforces key ideas, and promotes deeper comprehension. AI-driven personalised learning 
systems capitalise on this by using learner data to customise instructional pathways that align 
new content with what students already know, thereby increasing the relevance, challenge, and 
effectiveness of the learning experience.

Moreover, recognising and addressing misconceptions early – through adaptive algorithms – 
prevents the reinforcement of inaccurate understanding and fosters a more confident and 
capable approach to new STEM material. As such, strategically leveraging prior knowledge is 
essential for improving both immediate learning outcomes and long-term academic retention.

Table 11 presents students’ self-reported prior knowledge regarding STEM concepts, 
artificial intelligence (AI), and its application in education. The overall mean rating was 4.03, 
classified as “Highly Influenced,” indicating that most students were familiar with AI and its 
relevance to personalised learning [McComas, 2014].

However, the lowest-rated item, “I am familiar with the core concepts of the STEM (Science, 
Technology, Engineering, Math) curriculum” (Mean = 2.78), suggests only moderate familiarity 
with foundational STEM content. This indicates a gap that must be addressed through targeted 
instruction before or during AI-driven learning to ensure students can fully benefit from adaptive 
technologies.

In contrast, high mean ratings were recorded for statements such as:
“I am aware of how AI is being used in education to support learning” (Mean = 4.19), and
“I understand the concept of personalised learning in the context of education” (Mean = 

4.15),
which reflects a strong awareness of AI’s role in customising the learning experience to 

individual student needs.
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The highest-rated statement, “I believe AI has the potential to improve student learning 
outcomes in STEM subjects” (Mean = 4.82), demonstrates students’ confidence in AI’s ability to 
enhance their academic performance. Similarly, a high rating for “I understand the challenges 
or limitations of using AI in education” (Mean = 4.55) shows that students are aware of the 
potential drawbacks and complexities of AI integration in the classroom.

Table 11
Results of the Prior Knowledge of Students on AI-Driven Personalised Learning Algorithm Survey

Questions Mean Rating Descriptive Equivalence
I am familiar with the core concepts of the STEM (Science, 
Technology, Engineering, Math) curriculum. 2.78 Moderately influenced

I have a basic understanding of what artificial intelligence (AI) 
is. 3.45 Highly influenced

I am aware of how AI is being used in education to support 
learning. 4.19 Highly influenced

I understand the concept of personalised learning in the 
context of education. 4.15 Highly influenced

I am familiar with how AI-driven algorithms can adapt lessons 
to individual learning needs. 4.10 Highly influenced

I understand the role of curriculum design in improving 
student outcomes in STEM subjects. 3.79 Highly influenced

I know how technology is integrated into the STEM curriculum 
to enhance learning. 4.25 Very highly influenced

I am aware of AI applications in STEM fields, such as data 
analysis, automation, and robotics. 4.23 Very highly influenced

I believe AI has the potential to improve student learning 
outcomes in STEM subjects. 4.82 Very highly influenced

I understand the challenges and limitations of using AI in 
education. 4.55 Very highly influenced

Overall Mean 4.03 Highly influenced

Interpretation: 5 – very highly influenced, 4 – highly influenced, 3 – moderately influenced, 2 – slightly 
influenced, 1 – not influenced

These findings are consistent with research by H. Park, S. Khan, and S. Petrina [2009] that 
found that learners familiar with AI are more comfortable and effective in engaging with adaptive 
platforms. Jr.  Ortiz et al. [2025] also highlighted that student in tech-integrated educational 
environments adapt more easily to AI-enhanced instruction.

In summary, while students showed a strong understanding of AI and its potential in 
education, their limited familiarity with core STEM content highlights the need for a dual-focused 
approach. Effective implementation of AI-driven personalised learning should be coupled with 
foundational STEM reinforcement to maximise impact. This ensures that technology not only 
adapts to individual learning needs but also builds the necessary conceptual framework for long-
term academic success.

The third factor examined was learning preferences, which refer to the individual ways 
students absorb, process, and engage with educational content. These preferences vary 
significantly among learners and may include visual, auditory, kinaesthetic, or mixed learning 
styles. Recognising and responding to these preferences is essential in designing instruction that 
maximises engagement, inclusivity, and learning effectiveness. AI-driven personalised learning 
systems offer the unique ability to tailor content delivery based on each learner’s preferred style, 
thereby enhancing participation, motivation, and academic achievement.

The integration of learning preferences into instructional planning supports active learning 
and fosters environments where students feel more connected to the material. By aligning 
teaching strategies with individual preferences, educators can increase both comprehension and 
long-term retention – particularly in complex subjects such as STEM.
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Table 12 presents the summary of students’ self-reported learning preferences related 
to AI-based instruction. The overall mean rating of 4.63, classified as “Very Highly Influenced,” 
reflects a strong inclination toward technology-enhanced, adaptive learning experiences in STEM 
education.

Table 12
Summary Results of the Personal Learning Preferences of Students’ Survey

Questions Mean Rating Descriptive Equivalence
I prefer using interactive tools (e.g. simulations, virtual labs) to 
learn STEM subjects. 4.59 Very highly influenced

I am open to using AI-powered platforms that personalise 
learning content based on my progress and performance. 4.65 Very highly influenced

I prefer learning at my own pace, with materials that adapt to 
my learning speed. 4.53 Very highly influenced

I learn best when I can engage in hands-on activities, such as 
experiments or projects. 4.75 Very highly influenced

I value immediate feedback and insights from AI-driven 
platforms that track my learning progress. 4.71 Very highly influenced

I prefer collaborative learning experiences, such as group work 
or discussions, to enhance my understanding of STEM topics. 4.69 Very highly influenced

I find video tutorials and lectures helpful in understanding 
complex STEM concepts. 4.50 Very highly influenced

I am comfortable following AI-generated personalised study 
plans based on my strengths and areas for improvement. 4.81 Very highly influenced

I enjoy problem-solving activities, such as quizzes or 
challenges, that are tailored to my skill level by AI. 4.30 Very highly influenced

I prefer a variety of learning resources (e.g. videos, articles, 
quizzes) which I can choose from depending on my learning 
needs.

4.78 Very highly influenced

Overall Mean 4.63 Very highly influenced

Interpretation: 5 – very highly influenced, 4 – highly influenced, 3 – moderately influenced, 2 – slightly 
influenced, 1 – not influenced

Among the highest-rated items was “I am comfortable following AI-generated personalised 
study plans based on my strengths and areas for improvement” (Mean = 4.81), indicating strong 
acceptance of AI-driven learning structures tailored to individual academic profiles. Students 
also valued instant feedback from AI-powered platforms (Mean = 4.71) and practical learning 
through experiments or projects (Mean = 4.75), highlighting the importance of both real-time 
guidance and experiential learning in promoting deep conceptual understanding. Additionally, 
learners expressed a high preference for:

– interactive learning activities (Mean = 4.69),
– diverse instructional materials (Mean = 4.78), and
–  technology-based simulations and virtual labs (Mean = 4.59), demonstrating a need 

for varied, dynamic, and interactive content formats to maintain focus and enhance cognitive 
engagement.

These findings align with studies by A. Ismail et al. [2024] and S. G. Shete, P. Koshti, and 
V. I. Pujari [2024], which emphasise the benefits of AI-driven adaptive learning in accommodating 
individual learning differences. Likewise, X.  Chen et al. [2021] reported increased student 
motivation and academic gains when adaptive technologies were integrated into STEM instruction. 
In the Philippine context, O. Ortiz Jr. et al. [2025] and A. V. Rukadikar and K. Khandelwal [2023] 
found that students showed a clear preference for AI-based platforms due to their adaptability 
and ability to cater to varied learning needs.

At the same time, the design and scope of the study define certain parameters for 
interpreting the obtained results. The research was conducted within the framework of a non-
random convenience sample and focused on a single educational setting, which should be 
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taken into account when considering the applicability of the findings to other secondary school 
contexts. The sample (n = 480) was limited to 10th-grade students enrolled in STEM subjects, 
which may not fully capture the diversity of learning profiles across broader secondary education 
populations.

The instructional intervention covered two curriculum units, which allowed for the 
identification of short-term learning gains but does not provide sufficient evidence regarding 
long-term knowledge retention or learning sustainability. In addition, the study did not explicitly 
control for variables such as teacher-related effects, students’ access to digital resources outside 
the school environment, or individual levels of technological proficiency. These factors may 
influence learning outcomes and merit further consideration in subsequent research.

Conclusions. This study investigated the effectiveness of AI-driven personalised learning 
algorithms in enhancing student achievement among 10th-grade students in Portugal. Using a 
quasi-experimental two-shot pre-test and post-test design combined with a descriptive approach, 
the research compared academic performance in AI-supported learning environments with that 
of traditional instructional settings.

The findings provide strong empirical evidence in support of integrating AI technologies 
into secondary STEM education. Students who engaged with AI-driven personalised instruction 
demonstrated significantly higher learning gains than those taught through conventional 
methods. These differences were confirmed through both paired samples and independent 
samples t-tests, with statistically significant results favouring the AI-based approach across both 
instructional units analysed, namely Energy in the Ecosystem and Heredity and Variation.

The results are consistent with previous international studies reporting positive academic 
outcomes associated with AI-supported personalised learning, including those by H. Park et al. 
[2009], A. Ajayi [2024], and S. G. Shete et al. [2024]. Comparable findings from the Philippine 
context received by O. Ortiz Jr. et al. [2025] further reinforce the conclusion that adaptive AI 
systems contribute to improved engagement, comprehension, and retention in STEM education.

Beyond academic performance, the study highlighted the importance of learner-related 
factors in shaping the effectiveness of AI integration. High levels of student engagement, 
together with strong preferences for interactive tools, real-time feedback, and personalised 
learning pathways, were associated with more favourable learning outcomes. At the same time, 
the presence of gaps in foundational STEM knowledge among some learners underscores the 
importance of combining AI-driven instruction with systematic reinforcement of core subject 
content. These observations align with earlier research emphasising the role of adaptive 
technologies in supporting differentiated instruction and learner motivation.

Taken together, the findings suggest that AI-driven personalised learning represents 
a promising direction for the development of contemporary STEM education. Its effective 
implementation, however, requires thoughtful integration with traditional pedagogical practices, 
sustained professional development for teachers, and adequate technological infrastructure to 
ensure equitable access for all learners.

Prospects for further research. Future studies may extend the findings of this research by 
involving larger and more diverse student populations across multiple educational settings, which 
would allow for a more comprehensive assessment of the effectiveness of AI-driven personalised 
learning. Longitudinal research designs are also needed to examine the sustainability of learning 
gains over time, particularly in relation to knowledge retention, higher-order thinking skills, and 
problem-solving in STEM education. Further investigation into learner-related affective factors, 
including motivation, self-efficacy, and attitudes towards technology-enhanced learning, would 
deepen understanding of the mechanisms through which AI-based instructional approaches 
influence educational outcomes. Additionally, future research may explore hybrid instructional 
models that integrate AI-driven personalised learning with teacher-led strategies, contributing 
to the development of balanced and pedagogically grounded approaches to AI integration in 
secondary education.

Adherence to Ethical Standards. 
This study was conducted in accordance with established ethical principles for educational 

research carried out in Portuguese public schools. Participation in the study was voluntary, 
and all procedures respected the rights, dignity, and well-being of the students involved. The 
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confidentiality and privacy of participants were strictly maintained, and no personally identifiable 
information was collected, recorded, or disclosed at any stage of the research process.

Prior to data collection, the research procedures were reviewed and approved by the 
school’s pedagogical council and the relevant local education authority. Informed consent was 
obtained from school administrators and teachers, and parental consent was secured for all 
participating students, given their minor status. The study involved no interventions that could 
cause physical, psychological, or emotional harm, and all data were used exclusively for scientific 
purposes in aggregated form.
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The relevance of this study is determined by the active integration of artificial intelligence technologies 
into educational practice and the need for scientifically grounded evaluation of their impact on student 
learning outcomes in general secondary education. Despite the growing body of international research in 
this field, empirical studies examining the effectiveness of AI-driven personalised learning within national 
education systems remain limited, particularly in the context of secondary education in Portugal.

The purpose of the study is to analyse the impact of AI-driven personalised learning algorithms on 
the academic performance of 10th-grade students in general secondary education institutions in Portugal. 
To achieve this purpose, the study compares learning outcomes of students who were taught using AI-
assisted educational platforms with those of students who received instruction through traditional teaching 
methods. In addition, the role of student engagement, prior knowledge, and individual learning preferences 
in shaping educational outcomes is examined.

Methodology. The study is based on a quasi-experimental two-shot design with pre-test and post-
test measures and involves 480 students in the 10th grade, divided into experimental and control groups. In 
the experimental group, instruction was delivered using AI-assisted educational platforms (Brisk Teaching, 
Khanmigo, ChatGPT 4.0 Turbo, and Quizizz AI), while the control group was taught using traditional 
instructional methods. Learning outcomes were assessed according to levels of mastery across two content 
modules within STEM disciplines: Energy in the Ecosystem and Heredity and Variation. To ensure the 
reliability of the findings, the principles of comparability between the experimental and control groups were 
observed, along with consistent conditions for instruction, testing, and data collection, which enhanced 
the validity of the results. Data analysis employed descriptive and inferential statistical methods, including 
paired and independent samples t-tests, as well as student questionnaires.

The results demonstrate a significantly higher and statistically meaningful improvement in learning 
outcomes among students in the experimental group compared to those in the control group, confirming the 
positive impact of AI-driven personalised learning on academic performance. A strong positive relationship 
was identified between the use of personalised AI tools, increased student motivation, and deeper 
understanding of learning content. At the same time, the presence of gaps in foundational knowledge 
among some students indicates the need to combine AI-based instruction with systematic pedagogical 
support.

It is concluded that AI-driven personalised learning represents a promising direction for the 
modernisation of STEM education in general secondary education institutions. Its effective implementation 
requires pedagogically balanced integration with traditional teaching methods, targeted professional 
development for teachers, and adequate technological infrastructure within the educational process.
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The findings have both empirical and practical significance, as they demonstrate the potential of 
AI-driven personalised learning algorithms as tools for differentiation and individualisation of instruction 
in mixed-ability classrooms. The study confirms the appropriateness of using AI technologies to enhance 
student engagement, optimise feedback mechanisms, and adapt learning content to individual educational 
needs. At the same time, the results highlight the importance of methodologically grounded integration 
of digital tools with traditional pedagogical strategies in order to ensure the coherence of the educational 
process and to prevent fragmented knowledge acquisition.
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