TAES International Journal of Artificial Intelligence (IJ-AI)
Vol. 14, No. 5, October 2025, pp. 3647~3655
ISSN: 2252-8938, DOI: 10.11591/ijai.v14.i5.pp3647-3655 O 3647

A competitive learning approach to enhancing teacher
effectiveness and student outcomes

Ilyas Tammouch', Soumaya Nouna?, Abdelamine Elouafi', Assia Nouna?
'Laboratory of Telecommunications Systems and Decision Engineering, Faculty of Science, Ibn Tofail University, Kenitra, Morocco
?Laboratory LAMSAD, Department of Mathematics and Informatics, Hassan First University of Settat, Berrechid, Morocco

Article Info

ABSTRACT

Article history:

Received Nov 27, 2024
Revised Jul 26, 2025
Accepted Aug 06, 2025

Keywords:

Clustering
Competitive learning
Education reform
Machine learning
Teacher competence

Machine learning has found extensive application and improvement in the
field of education. Nevertheless, there remains a lack of research studies
focusing on unsupervised learning within this domain. To address this gap,
our study aims to investigate the relationship between teacher attributes and
student achievement in Morocco while identifying regions requiring
attention and intervention, using a novel clustering approach based on
unsupervised competitive learning, specifically the 'Centroid neural
network', to cluster Moroccan teachers based on their qualities and
qualifications. Teacher qualities and qualifications are operationalized as
initial teaching qualifications, completion of training programs, and
employment status. To achieve our objective, we utilize the program for
international  student assessment (PISA) dataset, which provides
comprehensive responses from individual students, including information on
parental backgrounds, socio-economic positions, and school conditions.

Additionally, we incorporate data from the teacher questionnaire, which
encompasses background information, initial education, professional
development, teaching practice, and teacher beliefs and attitudes. Consistent
with previous research, our findings suggest that teachers' qualities and
qualifications significantly influence student performance. Furthermore, our
clustering approach identifies regions where there is a pronounced
prevalence of attributes negatively impacting student achievement. Urging
academicians to incorporate resilience-building measures into the design of
policies in these regions to improve students' educational outcomes.
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1. INTRODUCTION

Several empirical studies concentrating on teacher quality have focused on student achievement as a
focal point. Students' abilities acquired throughout their academic experience are vital for their success in the
labor market, and understanding which style of teacher is more likely to favorably effect their human capital
accumulation process is critical in any endeavor to boost their performance. Policymakers, educational
institutions, parents, and other education stakeholders are all involved these days. Many studies are being
conducted to identify the determining factors influencing student success in order to improve student
achievement. All of them share the same findings, showing a strong correlation between instructor
characteristics and student performance. The factors that the researcher pays close attention to in regard to
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teacher characteristics are education background, experience, certificate status, leadership experience,
perseverance, teacher evaluation score, and preparedness for class work [1]-[7], [8]-[16].

Chetty et al. [17] found that students instructed by highly effective teachers, as indicated by student
growth percentiles (SGPs) and value-added measures (VAMSs), exhibited a greater likelihood of attending
college, achieving higher earnings, living in affluent communities, accumulating retirement savings, and
having fewer children during their teenage years. In a similar context, Bettinger and Long [18] examined a
substantial sample of public institutions in Ohio and discovered that adjunct faculty increased the likelihood
of student attrition during the second year. Their research examined the impact of adjunct instructors on
enrollment and success rates in subsequent courses, indicating that adjuncts and graduate assistant instructors
diminish subsequent interest in a subject more than full-time, tenure-track faculty, although the effect is
minimal and varies significantly across disciplines. Hoffmann and Oreopoulos [5] demonstrate that, although
students' perceptions of their instructors' teaching effectiveness serve as a valid assessment of teachers'
impact on student performance, objective criteria seem to be irrelevant. Our research enhances existing
literature by demonstrating the influence of instructors' teaching experience and prior training on Moroccan
students' performance in the program for international student assessment (PISA) test, while also identifying
areas requiring attention and intervention. We assess students' performance by calculating the average of
plausible values derived from examinations on a certain subject. These metrics of student performance allow
us to assess the impact of teachers' attributes and credentials on student success. The document is structured
as follows: section 2 delineates data regarding student and teacher attributes and the methodology employed
in the study; section 3 articulates the findings; and section 4 provides a conclusion.

2. DATA AND METHODS
2.1. Data

The PISA assesses 15-year-old students' ability to apply their reading, mathematics, and science
knowledge and abilities to real-world problems [19], [20]. We chose PISA since it is one of the only open-
source empirical data sets on Moroccan students' academic attainment. Second, PISA gathers specific
information about each student, such as their parents' backgrounds, financial condition, school environment,
class size, and so on. We can investigate the relationship between educational performance and the factors
that impact it because of the breadth of the PISA dataset. Finally, unlike previous years, PISA 2018
participants were requested to complete a questionnaire regarding their educational perspectives as well as
their emotional health.

This study utilizes two distinct datasets: the PISA 2018 student survey data covering 6814 Moroccan
students and a corresponding teacher questionnaire dataset. The linkage between these datasets is established
using the shared identifier column "CNTSCHID (Intl. School ID)." Through this linkage, a merged dataframe
is generated. The combined dataframe integrates the mean plausible values for mathematics, science, and
reading for all the individual students. It also has pertinent information on the qualifications and attributes of
their teacher, such as queries on "What were the sources of your initial teaching certification?", "What is your
current work status as a teacher?", and "Did you receive a teacher education or training program?" Together,
this dataset is the basis of the examination of the relationship between student achievement and teacher
attributes. Given the unequal distribution of teachers in the various regions of Morocco, we used a
representative random sampling method whereby 65 teachers from each respective region were chosen. This
sampling technique enabled the achievement of results closely aligned with the population mean and hence
made possible meaningful comparison between the regions. For researchers who would want to use the
Moroccan PISA dataset for their own analyses, access to the data is granted via the official OECD website's
Morocco individual page at https://www.oecd.org/pisa/data/2018database/. The site offers a user-friendly
interface for accessing the dataset files while providing a view of the dataset structure and variables.

2.2. Studying the impact of teacher’s qualities on students’ assessment

The initial stage of our study is to carry out a preliminary analysis to examine the effect of teacher
characteristics on pupil achievement, with the PISA data set. In analyzing the data, we employed one-way
analysis of variance (ANOVA), a common statistical technique for assessing variances among two
independent populations that fulfill the criteria of normal distribution and equality of variance. ANOVA is
particularly useful in the analysis of variation in a continuous response variable under conditions defined by
discrete factors, i.e., classification variables with nominal levels. ANOVA is frequently utilized in testing the
equality of various means by comparing group variation and within-group variance. Widespread availability
of ANOVA in statistical software packages ensures that researchers from various fields can utilize this
analytical tool [21].
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We employed a one-way ANOVA in the present study to evaluate the main effects and interaction
effects of categorical variables, specifically teacher qualifications and qualities, on a continuous dependent
variable, i.e., student evaluation. We considered the level of significance at p<0.05, therefore referring to
results below this level as statistically significant. In order to better visualize the correlation between the
characteristics of educators and ratings by students, we additionally used box plots as graphical portrayals of
the distribution of data and which assist in finding patterns or outliers.

2.3. Clustering teachers (centroid neural network algorithm)

Unsupervised learning is a subset of machine learning that deals with the analysis of data without
any explicit labels or target values, in the hope of identifying underlying patterns, structures, or relationships
contained within the data itself [22]. Clustering, a fundamental technique under unsupervised learning, is a
popular method applied across scientific, technological, and commercial fields to analyze multivariate data.
The process entails the division of data into significant groups or clusters derived according to inherent
similarities or differences [23]. There has been a large body of work on clustering techniques, and as a result,
numerous algorithms have been proposed that utilize different approaches to enhancing efficient data
categorization [24]. Clustering algorithms in unsupervised learning utilize epochs and weights. An epoch
means a single pass or iteration over the whole dataset while training, in which the algorithm sequentially
updates data points' or clusters' weights with the aim of enhancing the clustering outcome. The weights are
the relevance or importance of every data point for clustering. By adjusting weights at every epoch,
clustering algorithms attempt to minimize a specified objective function, e.g., within-cluster distance or
between-cluster distance. The iterative procedure is repeated until convergence, i.e., the algorithm stabilizes
and the clustering solution does not change significantly.

The use of clustering algorithms, along with their management of epochs and weights, enables
researchers and practitioners to extract hidden patterns, develop insights, and aid decision-making in
numerous areas such as data mining, pattern recognition, image processing, market segmentation, and many
others. Deep learning techniques have also shown promise in handling high-dimensional mathematical
systems, demonstrating the growing versatility of neural models in solving complex problems [25]. Among a
number of clustering algorithms, the centroid neural network (CentNN) is an unsupervised competitive
learning algorithm based on the conventional k-means clustering algorithm introduced by Park [26]. In every
pass, the CentNN computes the cluster centroids of the input data vectors. When an input data point, x, is
presented to the network, the neuron that demonstrates the minimum distance to x is selected as the winner
neuron at epoch (k).

The neuron identified as the victor during epoch (k-1) but designated as the loser in epoch (k) is
termed the loser. The CentNN modifies its weights solely when the output neuron's status for the latest data
diverges from its condition in the preceding epoch. Furthermore, the CentNN commences with two initial
clusters and incrementally augments the number of clusters to attain the optimal clustering outcome.
In comparison with conventional clustering techniques such as self-organizing maps (SOM) [27]-[29] or
k-means [24], [30], the CentNN approach has a number of benefits in unsupervised competitive learning.
Although SOMs also apply a neural network structure to form a neuron grid and adapt weights to properly
map input data topologically, they may suffer from the influence of initial learning rates and may potentially
converge to poor solutions [31]. Conversely, the k-means algorithm is a more straightforward approach that
assigns data to a predetermined number of clusters depending on the provided centroids. Nevertheless, it can
be influenced by the choice of initial centroids [32]. In contrast, CentNN does not rely on predetermined
learning gain schedules or fixed repetitions, providing greater flexibility and demonstrating superior
performance in various experiments.

In our study, we first estimated the appropriate number of clusters necessary for effective data
clustering. Subsequently, we utilized the CentNN algorithm to group teachers into clusters based on their
qualifications, which impact student assessment. Cluster 0 represents teachers with qualities that negatively
affect student achievement, while cluster 1 comprises teachers who positively contribute to student
performance.

2.4. Regions' teachers' qualities level

After clustering teachers into n clusters (assuming n=2 based on the elbow graph plot), we sorted the
clustered data by area, then calculated the number of instructors assigned to cluster 0 and the number of
teachers assigned to cluster 1 for each region. Afterwards, we calculated the difference between the two
counts and then scaled it to fall within the range of -1 to 1, relative to the differences in counts seen in other
regions. For this purpose, we propose D as "the difference level between teachers assigned to cluster 1
compared to teachers assigned to cluster 0". It is calculated according to the following formula:
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D = vy 1
e (1)

2

Where C1 is number of teachers assigned to cluster 1 and CO is number of teachers assigned to cluster 0.
A negative value of the scaled D value indicates that the region in question has a high number of teachers
whose qualities negatively impact student assessment. Most teachers in this region were assigned to cluster 0.

3.  RESULTS AND DISCUSSION
3.1. Studying the impact of teacher’s qualities on students’ assessment

Table 1 presents the results, demonstrating a significant association between teacher qualities
and student performance. The ANOVA test conducted revealed a statistically significant relationship
(p-value less than the significance level of 0.05) between the independent variable, teacher qualities and
qualifications, and the dependent variable, students' performance in the PISA test of 2018. This finding
suggests that factors such as initial teaching qualifications, employment status, and completion of a teacher
training program have an impact on students' achievement in the PISA test. Moreover, the F-value obtained
from the ANOVA test confirms a strong relationship between the independent variable (teacher quality) and
the dependent variable (student achievement in the PISA test of 2018). In other words, it indicates that the
variation observed between the sample means is significantly higher than the variation within the samples,
providing evidence to reject the null hypothesis.

Table 1. One-way ANOVA results on teacher qualities and student performance

Teacher qualities F score p-value
Initial teaching qualifications 22522 1.10e-145
Employment status 159.58  3.18e-103
Completion of a teacher education or training program  248.11  3.0le-108

According to the findings in Figure 1, we can see that the completion of a teacher education or
training program lasting longer than 1 year has a substantial impact on academic progress. Furthermore,
students who are taught by teachers with initial teaching qualifications from an eligible educational institute
demonstrate higher levels of cognitive skills. Respectively, it can be inferred that employment status has a
beneficial impact on student academic ability.
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Figure 1. Boxplots displaying relationship between students’ performance and teacher’s qualities

3.2. Clustering
3.2.1. Data preprocessing

Following data normalization, we applied principal component analysis (PCA) to reduce the
dimensionality of the dataset while preserving significant variance. We selected principal components (PCs)
with a cumulative explained variance ratio exceeding 0.90 to ensure that the reduced dataset retained most of
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the original information. Based on this criterion, we chose two PCs from the normalized data, which effectively
captured the key patterns relevant to the CentNN’s performance in evaluating teacher effectiveness.

3.2.2. Estimating the number of clusters

After charting the curve as shown in Figure 2, we selected 2 as the cut-off point. Although the
within-cluster sum of squares (WCSS) is still decreasing, it doesn't seem to be doing so at a big enough rate.
Therefore, adding more clusters is not justified by the added complexity.
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Figure 2. Estimating number of clusters using elbow method

3.2.3. Clustering teachers

After estimating the number of clusters to be used in this investigation. The two PCs are then fed
into the CentNN, allowing us to group teachers into groups based on their qualities factors that influence
academic achievement. We want to identify teachers who have characteristics that have a detrimental impact
on student progress and bring them together to establish strategies for further educational reform. According
to the bar chart displayed in Figure 3, which compares the two clusters-the number of students assigned to
each cluster and the “student performance” metric derived from the mean plausible values for math, science,
and reading, sourced from the initial integrated dataset-it can be seen that teachers with qualities that have a
negative impact on student achievement lie in cluster 0, whereas cluster 1 describes teachers who have
positive effects on student achievement.
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Figure 3. Bar chart of clustering data using CentNN

3.3. Evaluation and comparison of three algorithms

Table 2 presents the results of a comparative analysis of three algorithms, evaluated based on
multiple performance metrics. The study examined the impact of these algorithms on clustering teachers by
calculating the silhouette coefficient (SC), Calinski-Harabasz index (CHI), and Davies-Bouldin index (DBI).
The findings indicate that the CentNN outperformed both the SOM and k-means algorithms, as evidenced by
higher SC, CHI, and DBI values. This suggests that the CentNN is more effective in grouping teachers with
comparable attributes and qualifications.
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Table 2. Analysis and comparison of three clustering algorithms using SC, CHI, and DBI
Algorithm  SC CHI DBI
k-means 0.51 68138.47 0.97
CentNN 0.53 68615.31 0.95
SOM 0.50 65221.55 1.14

3.4. Regions' teachers’ qualities level

To assess and compare the quality levels of teachers across different regions, the following steps are
conducted: 1) step 1 for each region, we quantify the number of teachers assigned to cluster 0 and cluster 1, as
illustrated in Table 3 and ii) step 2 using the (1), we calculate D as “the difference level between the teachers
assigned to cluster 1 compared to teachers assigned to cluster 0”.

The findings presented in Table 4 provide a window into the complex framework that is the
educational landscape across different regions. Notably, they offer valuable insights into the distribution of
teachers whose qualities significantly influence students' assessments. This highlights the critical role of
educators in shaping the educational outcomes of young minds.

Table 3. Number of teachers assigned to cluster 0 and teachers assigned to cluster 1

Region Number of teachers assigned to (cluster 0)  Number of teachers assigned to (cluster 1)
Tanger-Tetouan-Al Hoceima 31 34
Oriental 33 32
Fés-Meknes 31 34
Rabat-Salé-Kénitra 25 40
Béni Mellal-Khénifra 43 22
Casablanca-Settat 18 47
Marrakech-Safi 39 26
Draa-Tafilalet 30 35
Souss-Massa 31 34
Guelmim-Oued Noun 34 31
Laayoune-Sakia El Hamra 22 43
Eddakhla-Oued Eddahab 44 21

Table 4. difference between the number of teachers in each cluster

Region D
Tanger-Tetouan-Al Hoceima 0.09
Oriental -0.03
Fés-Meknes 0.09
Rabat-Salé-Kénitra 0.46
Béni Mellal-Khénifra -0.64
Casablanca-Settat 0.89
Marrakech-Safi -0.40
Draa-Tafilalet 0.15
Souss-Massa 0.09
Guelmim-Oued Noun -0.09
Laayoune-Sakia E1 Hamra 0.64
Eddakhla-Oued Eddahab -0.70

Examining the regional variations reveals a considerable variation in the distribution of teachers
who possess both positive and negative effects on students' ratings. 'Casablanca-Settat' is one of the regions
that stands out clearly with a high rate of teachers who possess characteristics which exert positive effects on
their students' academic development. This finding highlights the possibility of reproducing and expanding
the strategies employed by these teachers in order to improve the general standard of education across
different areas. On the other hand, having a larger number of teachers with potentially negative traits in
regions such as 'Eddakhla-Oued Eddahab' and 'Béni Mellal-Khénifra' raises alarm regarding its effect on
students' achievement. These findings require a comprehensive exploration of the variables that contribute to
this situation, thus prompting educational stakeholders to develop targeted interventions and support systems
for teachers in these fields with a view to enriching their pedagogical practices and effectiveness. However,
as we unpack these findings further, it is crucial to note that regional disparities are only part of the complex
education picture. Even areas that exhibit relatively small differences, maybe towards a value of close to
zero, ought not to be dismissed in forward thinking for education reforms. Despite their apparently small
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differences, these regions could have hidden potential or particular contextual issues that will be useful to
inform the overall development of the educational system.

Harnessing this untapped potential in a sound way require policymakers and stakeholders interested
in education need to have an overarching and holistic approach to education reform. Instead of following a
blanket policy, an attempt should be made to decipher the peculiarities and the environment of every place.
In this way, region-specific interventions can be made that cater to the specific requirements and challenges
of the students and teachers in various areas. A comprehensive strategy not only makes certain that
everything is addressed but also guarantees a feeling of ownership and empowerment by the local
communities. When teachers, parents, and pupils become active stakeholders in the direction of their learning
experience, a ripple effect of constructive change infiltrates the whole jurisdiction, resulting in a fairer and
more efficient educational system.

Overall, the results presented in Table 4 not only illuminate the disparities in teacher quality across
regions but also as an impetus for taking an integrated and comprehensive approach to education reform.
Embracing the diversity of our educational system and leveraging the strengths of each region will
undoubtedly propel us towards a future where every student receives a high-quality education, irrespective of
where they live. Such a future is not only aspirational but a fundamental right that will foster a generation of
empowered individuals, ready to tackle the challenges of tomorrow and contribute to the progress of society
as a whole.

4. CONCLUSION

Schools need to identify which elements are more likely to influence student success in order to
provide better instruction. However, limited research has explored the specific teacher attributes that
significantly contribute to students' academic growth, particularly in the context of Moroccan students.
This study investigates the influence of teacher qualities and qualifications on student performance using the
PISA dataset. Additionally, clustering teachers based on their attributes that impact student outcomes is
essential for identifying regions requiring targeted interventions. The results reveal a significant correlation
between the independent variables (teacher qualities and qualifications) and the dependent variable
(student performance). It was discovered that teachers who completed a teacher education or training
program longer than 1 year as well as teachers who got their initial teaching qualifications at an educational
institute eligible to educate or train teachers seemed to produce a statistically significant effect on students’
performance. This positive effect on students’ assessments implies that recent trends toward hiring young,
Inexperienced teachers are found to potentially have a detrimental effect on student performance.
Additionally, through the clustering approach, it was observed that the region of "Eddakhla-Oued Eddahab"
and 'Béni Mellal-Khénifra' has the highest concentration of teachers whose qualities negatively impact
student achievement. This finding emphasizes the importance of academic institutions incorporating
resilience-building strategies into policy design for these specific regions.
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