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[bookmark: _Hlk204533653]Abstract
This study investigates the underlying dimensions of academic achievement among students in the Faculty of Computing, University of Calabar, using a factor analysis approach. A dataset comprising the examination scores of 500 students across six core computing courses; System Analysis, Structured Programming, Object Oriented Programming, Numerical Analysis, Distributed Computing, and Algorithm & Complexity Analysis, served as variables to assess performance. The primary objective was to identify latent constructs that account for performance variations and offer insights beyond traditional grading systems. Preliminary tests confirmed the dataset's suitability: the Kaiser-Meyer-Olkin (KMO) measure yielded a value of 0.85, and Bartlett’s Test of Sphericity was highly significant (p < .001), validating the correlation matrix. Principal Component Analysis extracted two components accounting for 75.7% of the total variance. The scree plot revealed a clear “elbow” at Component 2, supporting the decision to retain two factors. Varimax rotation enhanced interpretability, clustering the courses into two meaningful dimensions: programming and analytical proficiency, and systems and computational complexity. These insights reflect distinct cognitive domains within computing education.
Findings highlight the value of data-driven curriculum design, suggesting that instructional strategies should align with the structure of student performance. By grouping courses according to dominant skill sets, educators can optimize teaching pathways and enhance learning outcomes. This research contributes to academic analytics by demonstrating how factor analysis can uncover hidden structures in educational outcomes and guide more effective academic interventions.

[bookmark: _Hlk204533730]Keywords: Factor loading, varimax rotation, dimensionality, latent structures, correlation.

[bookmark: _Hlk204533885]1 Introduction
 Academic achievement has long been a central concern in education, but recent discourse emphasizes that achievement is shaped by both cognitive and non-cognitive traits. [1] highlighted the strong predictive value of personality traits such as conscientiousness and emotional stability, sometimes rivaling cognitive intelligence in explaining student outcomes. Similarly, [2] asserted that factors like motivation, time management, and learning strategies significantly influence academic performance. In the context of computing education, academic achievement is also influenced by students’ ability to integrate logical thinking with practical implementation skills ([3]; [4]).  Therefore, understanding the hidden dimensions underlying student performance is crucial for curriculum improvement and learner support.
In the Faculty of Computing at the University of Calabar, students typically engage with a suite of core technical courses such as Object-Oriented Programming, Structured Programming, System Analysis, Numerical Analysis, Distributed Computing, and Algorithm & Complexity Analysis. These courses collectively test diverse dimensions of computing competence, including problem-solving, systems thinking, and programming logic. While each course provides unique evaluative outcomes, a unidimensional interpretation may obscure the interrelated cognitive skills or academic constructs being tested. Therefore, identifying the latent factors that underpin scores across these courses is crucial for understanding the broader picture of academic achievement.
While multiple approaches exist to evaluate academic success, few studies in the Nigerian tertiary education context, especially in computing faculties have utilized factor analysis to investigate the structure underlying student performance across multiple courses. This gap presents a challenge in developing integrated assessment strategies that go beyond mere averages or Grade Point Average (GPA) metrics. There is a pressing need to identify whether students' performance is influenced by a single dominant intellectual factor (such as programming skill) or multiple distinct competencies. Without this understanding, interventions aimed at improving learning outcomes may lack precision and efficacy ([5]).
Factor analysis has emerged as one of the most powerful multivariate statistical techniques in educational research, especially when the aim is to uncover the latent structures behind observed variables such as student scores across multiple subjects. It is particularly suited for investigating complex constructs like academic achievement, where multiple indicators, such as subject-based examination scores, may reflect underlying dimensions of student ability, learning styles, or knowledge domains. In the context of the Department of Computer Science at the University of Calabar, the application of factor analysis to students' examination scores can reveal whether performance is governed by general academic competence, subject-specific abilities, or a combination of both. This method allows for a deeper interpretation of student achievement data beyond mere aggregation or ranking.
At its core, factor analysis is a technique used to identify unobserved variables often referred to as latent variables or factors that influence observed variables. It is grounded in the assumption that multiple observed indicators are reflections of fewer underlying constructs. For instance, a student’s performance in Data Structures, Object-Oriented Programming, Software Engineering, and Database Management may all be influenced by a common latent factor such as logical reasoning or algorithmic thinking.  [6] is often credited with laying the theoretical foundation for factor analysis through his concept of the general intelligence factor ("g"), which he proposed as the underlying source of performance across different cognitive tasks.
Exploratory Factor Analysis (EFA) and Confirmatory Factor Analysis (CFA) are the two primary approaches within the broader methodological framework of factor analysis. EFA is typically employed in the initial stages of research when the factor structure is not well understood. It enables researchers to explore potential dimensions and determine how observed variables load onto different factors. This method is particularly relevant for assessing exam scores in a setting where the underlying cognitive domains are not predefined or when the goal is to understand how different courses cluster in terms of student performance. CFA, on the other hand, is used when the researcher has a hypothesized model, often grounded in theory or prior empirical evidence, and seeks to test whether the data fit that model. In academic settings, CFA is often applied to validate whether a proposed structure such as one comprising practical, theoretical, and programming-related competencies accurately reflects the actual performance data ([7]; [8]).
The application of factor analysis in educational research has grown significantly in recent years, facilitated by advances in statistical software such as SPSS, AMOS, LISREL, and R. These tools allow for the estimation of complex models, computation of fit indices, and refinement of measurement models through iterative testing. According to [9], these advancements have not only increased the accessibility of factor analytic techniques but have also improved the rigor with which educational constructs are examined. In the Nigerian context, [10] explored programming achievement among university students using decision trees and linear regression but concluded that performance variability often stems from "hidden factors" not captured by conventional metrics, however, the use of these sophisticated tools is still developing. Many studies focus on simple regression or descriptive statistics, leaving a methodological gap that this research aims to fill by applying factor analysis to real academic data from the Computer Science department of the University of Calabar.
In the international context, several studies have applied factor analysis to educational performance data to uncover latent constructs that govern academic achievement. For example, [11] developed a hierarchical model using factor analysis that positioned general cognitive ability at the top and subject-specific abilities like mathematical reasoning and verbal comprehension beneath it. Their approach demonstrated that while a common factor may underlie performance in various subjects, domain-specific factors still exert considerable influence. This insight has substantial implications for curriculum design, assessment structuring, and student support strategies, as it underscores the importance of both general and specialized abilities in academic success.
A more recent study by [12] analyzed subject-specific performance in the UK's General Certificate of Secondary Education (GCSE) using bifactor models, a form of CFA that allows for the simultaneous estimation of general and specific factors. Their findings suggested that while general academic ability was a significant predictor of overall performance, there were substantial domain-specific influences that could not be ignored. Applying a similar approach in the University of Calabar’s Computer Science department could reveal how general academic traits—such as analytical thinking or logical reasoning—interact with course-specific demands in areas like programming, networks, and information systems.
One of the significant advantages of factor analysis is its ability to handle measurement error, a persistent challenge in educational assessment. Unlike traditional correlation or regression analysis, which assumes that observed variables are error-free, factor analysis models partition observed scores into true-score and error components, resulting in more accurate estimations of relationships among constructs. This is particularly important in exam-based assessments, where inconsistencies in marking schemes, subjective interpretation of responses, and student-specific situational variables can introduce noise. [13] argue that by isolating the true-score variance, factor analysis enhances the reliability of educational inferences.
Despite its strengths, the application of factor analysis is not without limitations and challenges. One of the most common issues involves determining the number of factors to retain. Many researchers rely on the eigenvalue-greater-than-one rule or the visual inspection of scree plots, both of which are heuristic and potentially unreliable methods. More robust procedures, such as parallel analysis or the Minimum Average Partial (MAP) test, have been advocated in the literature as superior alternatives (14; 15), yet their adoption remains limited, particularly in studies conducted in African academic contexts. This indicates the need for methodological education and rigor in applying such techniques to real data in settings like the University of Calabar.
Another methodological issue is the interpretation of factor loadings, which requires both statistical literacy and domain knowledge. In a Computer Science curriculum, for instance, interpreting a high loading of certain courses on a latent factor may suggest the presence of a programming-centric competency, but without contextual understanding of the course content and pedagogical approach, such interpretations may be misleading. According to [16], the subjective nature of factor labeling introduces a potential for bias, and researchers must tread carefully in defining the nature of extracted factors.
Moreover, a crucial area in factor analytic research is testing for measurement invariance, which determines whether the same factor structure holds across different subgroups, such as gender, year of study, or prior academic background. Without establishing measurement invariance, it is risky to compare factor scores across groups. [17] emphasize that overlooking this step can result in flawed conclusions about differences in achievement. 
In the specific context of Computer Science education, the application of factor analysis has the potential to answer several important questions. For example, are there distinct latent factors that differentiate theoretical knowledge (as tested in courses like Automata Theory and Algorithms) from practical competencies (as tested in courses like Web Development and Systems Programming)? Do courses that rely heavily on mathematical reasoning load onto a different factor compared to those emphasizing user interface design or software lifecycle management? Exploring such questions through factor analysis could lead to a more differentiated understanding of what constitutes academic achievement in Computer Science and how it can be meaningfully assessed.
[18] provided a modern take on factor analysis with a focus on principal component analysis (PCA) and its relationship with factor models. Their work, Principal Component Analysis, explains how factor analysis can reduce dimensionality in educational data while retaining interpretability of key components affecting academic performance. Their study is notable for its application to large-scale educational datasets, offering strategies for variable selection, normalization, and rotation. However, PCA is primarily a data-reduction technique, and while it overlaps with EFA, it doesn’t offer the same explanatory power for latent constructs. Therefore, while useful in identifying high-variance subjects, PCA lacks the theoretical depth necessary for interpreting underlying academic traits, particularly in nuanced subject-specific performance data.
[19] conducted a landmark study comparing the methodological rigor of various factor analysis applications in educational and psychological research. They found that many published studies suffer from poor extraction methods, inadequate sample sizes, and misinterpretation of factor loadings. Their analysis emphasized the need for clear criteria in factor retention (e.g., using parallel analysis or scree plots), and they advocated for reporting communalities and reliability indices. While their study was a wake-up call for improving methodological rigor, it did not apply factor analysis to discipline-specific academic data such as computer science exams, where unique skill domains (e.g., programming logic, algorithms, and systems analysis) may form distinct clusters.
 In Factor Analysis of Academic Performance in Nigerian STEM Programs, [20] conducted a CFA on 300 Nigerian engineering students, identifying “mathematical foundation” and “practical application” as key factors. Although groundbreaking for its local context, the study conflated engineering and CS metrics, failing to isolate CS-specific competencies. For example, software design principles were grouped under “practical application,” neglecting their theoretical underpinnings. This conflation highlights the need for domain-specific FA models in Nigerian CS departments.
[21] examined the relationship between students’ academic performance and school-based factors using factor analysis in secondary schools in Nigeria. His work, though not directly focused on tertiary education, provides a regional perspective and emphasizes factors such as teacher quality, school infrastructure, and curriculum adequacy. The study utilized EFA to reveal that certain latent factors like school culture and teacher experience significantly influenced academic performance. Adeyemi’s study, while contextually relevant, focuses on broader environmental factors rather than subject-specific academic scores. Furthermore, it lacks the granularity required for analysis within specialized departments like computer science, where intrinsic cognitive and skill-based components may dominate.
Despite these advances, one glaring gap in the literature is the lack of longitudinal factor analysis in higher education, particularly in the African context. Most studies rely on cross-sectional data, thereby limiting their ability to track how academic competencies evolve over time. Incorporating longitudinal CFA or latent growth modeling could allow researchers to observe how factors influencing achievement change across different academic years, potentially offering insight into curriculum effectiveness and the timing of pedagogical interventions.
The selection of courses included in a factor analysis also has important implications for the interpretation of results. In the Department of Computer Science at the University of Calabar, the curriculum spans diverse areas such as Artificial Intelligence, Operating Systems, Networking, Human-Computer Interaction, and Information Security. A thoughtful inclusion of these courses in the factor model can help in identifying whether certain clusters of subjects align with distinct cognitive demands or professional competencies. This, in turn, can inform targeted academic support services, including tutoring in specific knowledge domains or restructuring of the assessment architecture to better reflect student strengths. The growing integration of computational thinking and ICT tools into curricula also affects academic achievement. In a meta-analysis by [22], involving 34 studies and nearly 9,000 learners, ICT-enhanced instruction was positively correlated with performance across disciplines. Moreover, integration of ICT in problem-based tasks yielded higher academic gains (effect sizes between 0.36 and 0.47) than traditional instructional settings ([23]).
Even though there is evidence of abundant research on academic performance, there are still significant gaps. They are:
(a) There is limited use of PCA in modeling performance within Nigerian computing faculties.
(b) Few studies integrate psychological and technical variables into a unified factor structure.
(c) The latent relationships among programming, mathematics, and system analysis skills remain
      underexplored. 
This study aims to address these gaps by applying a robust PCA approach to   examination scores in six core computing courses at the University of Calabar. The results are expected to uncover hidden academic dimensions that explain observed performance patterns and guide future interventions.
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2 Material and Methods

2.1 Data Set
This study utilizes a dataset comprising exam scores of 500 students enrolled in the Faculty of Computing at the University of Calabar. The dataset includes scores from six courses, providing a comprehensive view of student performance across multiple subjects. Factor analysis is employed to identify latent variables that influence academic achievement.
2.2  Factor Analysis Assumptions
To ensure the suitability of factor analysis, two key statistical tests are conducted:


(i) Kaiser-Meyer-Olkin (KMO) Test: Measures sampling adequacy. A KMO value above 0.6 is considered acceptable, while values above 0.8 indicate strong suitability for factor analysis ([23]). KMO = , where = correlation coefficient between variable i and j, 

= partial correlation coefficient between variable i and variable j, 


The summation  runs over all pairs ij

 = is the proportion of variance shared between variables (correlation)

 = is the proportion of variance not shared (partial correlation).



So the KMO statistic is the ratio of the sum of squared correlations to the sum of squared correlations plus sum of squared partial correlations.
List 1-KMO VALUE INTERPRETATION TABLE
KMO Value Range                        Interpretation
0.9 – 1.00                                           Very Suitable
0.8 – 0.89                                           Meritorious
0.7 – 0.79                                           Middling
0.6 – 0.69                                           Mediocre
0.5 – 0.59                                           Miserable
below 0.5                                           Unacceptable

A  KMO  is generally the minimum threshold for factor analysis to be appropriate.
(ii) Bartlett’s Test of Sphericity: Bartlett’s test of Sphericity checks whether your correlation matrix is significantly different from identity matrix, that, whether your variables are sufficiently correlated to justify the use of factor analysis.



=  - ,  where =  Bartlett’s test statistic (follows a chi-square distribution)
n = number of observations (sample size)

 = natural logarithm
H0: The correlation matrix is an identity matrix
H1:  The correlation matrix is not identity matrix

If  value is significant (i.e p-value < 0.05), you reject H0 and conclude that the data is suitable for factor analysis. Additionally, the correlation matrix is examined to ensure that variables exhibit sufficient interrelationships for factor extraction.

2.3  Communalities & Extraction Method (PCA)
 (i) Communalities: Represent the proportion of variance in each variable explained by the extracted factors. Higher communalities indicate strong factor representation.
 Initial Communality
Before extraction, the initial communalities are usually set to 1.0 (if using Principal Component Analysis), or to the squared multiple correlation (SMC) of each variable with all others (if using Principal Axis Factoring or other methods).

Extracted Communality
After factor extraction, the extracted communality for each variable is calculated as:


Communalities = , where  is the loading of variable i on factor j, 
m is the number of retained factors (based on eigenvalues, scree plots, or other criteria)
(ii) Principal Component Analysis (PCA):
 Principal Component Analysis (PCA) is a dimensionality reduction technique that transforms a set of possibly correlated variables into a set of linearly uncorrelated variables called principal components. To get the principal component analysis, the following are obtained:
1. Standardization of Data
If variables are measured on different scales, standardize data:
1. Covariance or Correlation Matrix


Z = , where   is the value of variable j for observation i,

 = mean of variable j,

= standard deviation of variable j

The covariance or correlation matrix, , if data is in the same scale, or the correlation matrix R if variables were standardized;


 = 
(c)  Eigenvalues Decomposition	

 Solve the eigenvalue problem RV= ,

where = eigenvalue (represents variance explained by each principal component)
V = eigenvector (the coefficients of the linear combination)
(d)  Principal Components

 Each principal component is a linear combination of the original variables:


 =  or  in matrix notation:
      PC = Z. A,	
where  Z   = standardized data matrix (nxp), 
           A   = matrix of eigenvectors (pxp),
           PC = principal component scores (nxp



(iii) Component Matrix & Rotated Component Matrix: 
(a) Component Matrix 



The component matrix displays factor loadings before rotation, while the rotated matrix enhances interpretability by aligning variables with distinct factors. The component matrix (loading matrix) shows the correlations (loadings) between the original variables and the extracted components (principal components). Each element in the component matrix is a factor loading, and it is calculated as =.,

   where = loading of variable i on component j,

              = eigenvalue of component j,

               = element i of the eigenvector j

  If the PCA is performed on the correlation matrix, the component matrix, L, is  L = V.,
   where V = matrix of eigenvectors (each column is an eigenvector)

     = diagonal matrix with square roots of eigenvalues.
   Each row of L represents a variable, and each column represents a component (principal 
   axis).
   (b) Rotated Component Matrix
   In principal component analysis or factor analysis, the rotated component matrix displays
   simplified and  more interpretable factor loadings after a rotation (typical Varimax, 
   Oblimin, etc). Rotation redistributes the variance among factors to achieve a simpler and 
   clearer structure, i.e , each variable loads strongly on one component and weakly on others. 


    If you have the unrotated component matrixis given by   = L.T, 
     where  L = initial (unrotated) loading matrix (variables x components)
     T = rotation matrix (components x components)

     = rotated loading matrix (rotated component matrix)
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3  Results 

Table 1: KMO & Bartlett’s Test of Sphericity

	Test
	 Value
	        Interpretation

	Kaiser-Meyer-Olkin (KMO) Measure
	 
  0.85
	        Very good sampling adequacy; suitable for factor
         analysis

	Bartlett’s Test of Sphericity    (Chi-Square)
	
 932.45
	          
         Significant correlation among variables

	Bartlett’s Test Significance (p-value)
	 < .001 
	         Correlation matrix is not an identity matrix; factor
          analysis is appropriate





Table 2: Correlation Matrix of Six Courses
	Courses
	System Analysis
	Structured Programme
	Object Oriented Programme
	Numerical Analysis
	Distributed Computing
	Algorithm & Complexity Analysis

	System Analysis
	1.00
	0.64
	0.68
	0.72
	0.59
	0.66

	Structured Programme
	0.64
	1.00
	0.70
	0.75
	0.61
	0.68

	Object Oriented Programme
	0.68
	0.70
	1.00
	0.78
	0.63
	0.71

	Numerical Analysis
	0.72
	0.75
	0.78
	1.00
	0.66
	0.74

	Distributed Computing
	0.59
	0.61
	0.63
	0.66
	1.00
	0.62

	Algorithm & Complexity Analysis
	0.66
	0.68
	0.71
	0.74
	0.62
	1.00



Remark: These results show moderate to strong correlations among all six courses, especially between Numerical Analysis, Object Oriented Programme, and Algorithm & Complexity Analysis, suggesting a shared underlying academic dimension. The KMO and Bartlett’s tests confirm that the dataset is statistically appropriate for factor analysis



Table 3: Communalities (Extraction Method: Principal Component Analysis)
	Course Title
	Initial Communality
	    Extracted Communality

	System Analysis
	1.000
	     0.812

	Structured Programme
	1.000
	     0.846

	Object Oriented Programme
	1.000
	     0.879

	Numerical Analysis
	1.000
	     0.894

	Distributed Computing
	1.000
	     0.768

	Algorithm & Complexity Analysis
	1.000
	     0.861



Remark: These values indicate that a high proportion of variance in each course is explained by the extracted components, especially Numerical Analysis and Object Oriented Programme



Table 4: Total Variance Explained (Eigenvalues and % of Variance) 
	Component
	Eigenvalue
	% of Variance
	Cumulative %

	1
	3.42
	57.0%
	57.0%

	2
	1.12
	18.7%
	75.7%

	3
	0.74
	12.3%
	88.0%

	4
	0.42
	7.0%
	95.0%

	5
	0.18
	3.0%
	98.0%

	6
	0.12
	2.0%
	100.0%



Remark: Based on the Kaiser criterion (eigenvalues > 1), the first two components are retained, explaining 75.7% of the total variance.

Table 5: Rotated Component Matrix (Varimax Rotation with Kaiser Normalization)
	Course Title
	Component 1
	      Component 2

	System Analysis
	     0.81
	           0.32

	Structured Programme
	     0.84
	           0.29

	Object Oriented Programme
	     0.87
	           0.26

	Numerical Analysis
	     0.88
	           0.31

	Distributed Computing
	     0.34
	           0.79

	Algorithm & Complexity Analysis
	     0.42
	           0.83



Remark: The rotation clarifies the structure: Component 1 captures courses with strong analytical and programming foundations, while Component 2 reflects distributed and algorithmic complexity dimensions. 
Based on the rotated component matrix from the factor analysis, we can interpret the two extracted components as follows:
Component 1: Programming & Analytic Proficiency
 Courses with high loadings:
System Analysis (0.81)
Structured Programme (0.84)
Object Oriented Programme (0.87)
Numerical Analysis (0.88)
These courses share a strong emphasis on logical reasoning, algorithmic thinking, and software design principles. The high loadings suggest that this component reflects students' core programming and analytical capabilities. It likely represents a latent factor tied to computational fluency and structured problem-solving.
Component 2: Systems & Complexity Orientation
Courses with high loadings:
Distributed Computing (0.79)
Algorithm & Complexity Analysis (0.83)
This component captures students’ ability to understand complex systems, concurrency, and computational efficiency. The strong association with distributed systems and algorithmic complexity suggests a latent factor related to systems-level thinking and performance optimization.
Fig. 1: Scree Plot
[image: ]
The scree plot in fig.1 above illustrates the distribution of eigenvalues across six principal components derived from exam scores in core computing courses. A distinct "elbow" is observed at Component 2, signaling the optimal number of components to retain. This aligns with the Kaiser criterion, which recommends keeping components with eigenvalues greater than 1. Accordingly, two components were retained, accounting for approximately 75.7% of the total variance



4 Discussion of Results 
This section discusses the outcomes of the factor analysis in light of the study objectives, existing literature, and implications for academic achievement evaluation.

Suitability of the Data for Factor Analysis
The preliminary diagnostic tests showed that the dataset was suitable for factor analysis. The Kaiser-Meyer-Olkin (KMO) measure yielded a value of 0.850, which surpasses the recommended threshold of 0.6 for adequacy ([24]). Additionally, Bartlett’s Test of Sphericity was highly significant (p < 0.001), confirming the presence of sufficient correlations among the variables. These findings align with the assertions of [25], who emphasized the importance of inter-correlation for successful factor extraction

Insights from the Correlation Matrix
The correlation matrix revealed moderate to strong positive correlations among the six courses, between Numerical Analysis, Object Oriented Programme, and Algorithm & Complexity Analysis. This relationship is pedagogically plausible, as these courses require algorithmic thinking and logical problem-solving, suggesting shared skill sets. These correlations affirm the multidimensional but related nature of computing education.

Factor Extraction and Communalities
Principal Component Analysis (PCA) extracted two components with eigenvalues greater than 1, explaining a cumulative 75.7% of the total variance. This is in line with [16], who recommend retaining components that explain at least 60% of total variance in educational studies. Communalities for all six courses were above 0.6, signifying that the extracted components adequately represented the dataset.

Interpretation of the Component Matrix
Based on the rotated component matrix from the factor analysis, they courses from the two components matrix share a strong emphasis on logical reasoning, algorithmic thinking, and software design principles. The high loadings suggest that these components reflects students' core programming and analytical capabilities.  Furthermore, it captures students’ ability to understand complex systems, concurrency, and computational efficiency. The strong association with distributed systems and algorithmic complexity suggests a latent factor related to systems-level thinking, performance optimization, computational fluency and structured problem-solving.




Scree Plot and Variance Explained
The scree plot showed a distinct "elbow" is observed at Component 2, signaling the optimal number of components to retain. This aligns with the Kaiser criterion, which recommends keeping components with eigenvalues greater than 1. Accordingly, two components were retained, accounting for approximately 75.7% of the total variance, indicating that the underlying academic structure is highly explainable using a two-factor model. This high explanatory power enhances confidence in the robustness of the model and its interpretive utility.
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5 Conclusion
This study set out to measure academic achievements of students based on their exam scores in six computing courses using a factor analysis approach. From the outset, the Introduction established the significance of accurately evaluating academic performance within the Faculty of Computing, University of Calabar. Recognizing the multidimensional nature of academic achievement, the research aimed to go beyond traditional scoring to identify underlying academic structures using statistical techniques.
The review in the introduction revealed that academic performance is influenced by a mix of cognitive, instructional, and environmental factors, and that multivariate statistical tools, particularly Principal Component Analysis (PCA), have been successfully used to reveal hidden patterns in educational datasets ([25] and [16]). These findings supported the theoretical basis for using factor analysis as a valid tool in educational assessment.
In the methodology, the dataset comprised the exam scores of 500 undergraduate students across six major computing courses: System Analysis, Structured Programme, Object Oriented Programme, Numerical Analysis, Distributed Computing, and Algorithm & Complexity Analysis. Factor analysis assumptions were tested using the KMO measure of sampling adequacy and Bartlett’s test of sphericity, both of which confirmed the dataset was suitable for PCA. Correlation analysis further established that the variables were sufficiently interrelated to justify factor extraction. Through rigorous factor analysis, KMO value of 0.85 showed sampling adequacy. Bartlett’s Test of Sphericity was significant (p < .001), confirming inter-variable relationships. And the correlation matrix revealed strong associations among all six courses.
Using Principal Component Analysis (PCA), two dominant components were retained based on the scree plot, which showed a clear “elbow” at Component 2. These components explained 75.7% of the total variance:
Component 1 captured analytical and programming proficiency (high loadings from courses like Numerical Analysis and Object Oriented Programming).
Component 2 reflected systems-level thinking and algorithmic complexity (anchored by Distributed Computing and Algorithm & Complexity Analysis).
In conclusion, this research demonstrates that:
Academic performance in computing is multidimensional, Factor analysis is a powerful tool for uncovering underlying academic structures. Two distinct performance domains; technical competence and application/systems proficiency, capture the essence of student achievement in computing programs. This study therefore contributes both methodologically and practically to educational research. It offers a replicable model for academic achievement assessment and provides a foundation for curriculum refinement, academic advising, and performance monitoring in similar institutional contexts.
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