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Abstract
This study uses a factor analysis approach to examine the fundamental aspects of academic accomplishment among students at the University of Calabar's Faculty of Computing. Performance was evaluated using a dataset that included 500 students' exam results from six fundamental computing courses: System Analysis, Structured Programming, Object Oriented Programming, Numerical Analysis, Distributed Computing, and Algorithm & Complexity Analysis.
Finding latent factors that explain performance differences and provide insights beyond conventional grading schemes was the main goal. The Kaiser-Meyer-Olkin (KMO) measure produced a value of 0.85, and Bartlett's Test of Sphericity was very significant (p <.001), confirming the applicability of the dataset. Two components that accounted for 75.7% of the total variation were identified using principal component analysis.
The choice to keep two factors was supported by the scree plot, which showed a distinct "elbow" at Component 2. By grouping the courses into two significant dimensions; programming and analytical skill and systems and computational complexity, varimax rotation improved interpretability. These observations show several cognitive domains in computer education.
The results emphasize the importance of data-driven curriculum design and recommend that teaching methods be in line with the structure of student performance. Teachers can improve learning outcomes and optimize instructional routes by classifying courses based on prevailing skill sets. By showing how factor analysis can reveal underlying structures in educational results and direct more successful academic interventions, this study advances academic analytics.
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1 Introduction
[bookmark: _Hlk215909190]Although academic accomplishment has traditionally been a major focus of education, current discussions highlight how both cognitive and non-cognitive characteristics influence achievement.  Poropat  (2019) emphasized how personality factors like emotional stability and conscientiousness have a considerable predictive value in explaining student results, often even surpassing cognitive intelligence. In a similar vein, Gutiérrez et al.  (2021) claimed that learning methodologies, time management, and motivation have a big impact on academic achievement. In the context of computer education, students' capacity to combine practical application abilities with logical reasoning also affects their academic performance (Su et al., 2024; Liu et al., 2024). For curriculum development and learner assistance, it is therefore essential to comprehend the hidden factors that underlie student achievement.

A variety of fundamental technical courses, including Object-Oriented Programming, Structured Programming, System Analysis, Numerical Analysis, Distributed Computing, and Algorithm & Complexity Analysis, are usually taken by students in the University of Calabar's Faculty of Computing. Together, these courses assess a variety of computing competency skills, such as programming logic, systems thinking, and problem-solving. A unidimensional interpretation may mask the interconnected cognitive abilities or academic constructs being examined, even though each course offers distinct evaluative outcomes. Therefore, in order to comprehend the larger picture of academic accomplishment, it is essential to discover the latent characteristics that underlie scores across various courses. Few studies in Nigerian tertiary education, particularly in computing faculties, have used factor analysis to examine the structure underlying student performance across various courses, despite the fact that there are numerous methods to assess academic accomplishment. Developing integrated evaluation systems that go beyond averages or grade point average  indicators is made more difficult by this gap. Determining whether students' success is impacted by several different abilities or by a single dominant intellectual element (like programming ability) is crucial. Interventions meant to enhance learning outcomes may be imprecise and ineffective without this knowledge (Bello & Musa, 2022).

When examining complex constructs like academic achievement, where multiple indicators, like subject-based examination scores, may reflect underlying dimensions of student ability, learning styles, or knowledge domains, factor analysis has become one of the most effective multivariate statistical techniques in educational research. In the context of the Department of Computer Science at the University of Calabar, applying 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 more in-depth interpretation of student achievement data beyond simple aggregation or ranking.

Fundamentally, factor analysis is a method for finding unobserved variables, often known as latent variables or factors influencing observed variables. It is predicated on the idea that a number of observed indicators reflect a smaller number of underlying structures. For example, a common latent feature like logical reasoning or algorithmic thinking may have an impact on a student's performance in Data Structures, Object-Oriented Programming, Software Engineering, and Database Management. Through his concept of the general intelligence factor ("g"), which he identified as the underlying source of performance across many cognitive tasks, Spearman (1904) is frequently credited with establishing the theoretical framework for factor analysis.

Within the larger methodological framework of factor analysis, there are two main approaches: exploratory factor analysis and confirmatory factor analysis. When the factor structure is poorly understood, exploratory factor analysis is usually used in the early phases of research. It makes it possible for researchers to investigate possible dimensions and ascertain how observable variables load onto other components. This approach is especially useful when evaluating test results in situations where the underlying cognitive domains are not known or where figuring out how various courses cluster in terms of student performance is the main objective. Conversely, confirmatory factor analysis is employed when a researcher wants to determine whether the data fit a postulated model, which is frequently based on theory or earlier empirical findings. Confirmatory factor analysis is frequently used in academic settings to verify if a suggested structure, such as one that includes theoretical, practical, and programming-related competencies, appropriately reflects the actual performance data (Brown, 2015; Kline, 2016).
Thanks to developments in statistical software like SPSS, AMOS, LISREL, and R, the use of factor analysis in educational research has increased dramatically in recent years. These tools make it possible to calculate fit indices, estimate complex models, and improve measurement models through iterative testing. These developments, according to Schreiber et al.  (2006), have improved the rigor with which educational constructs are studied in addition to making factor analytic methodologies more accessible. Using decision trees and linear regression, Fagbola et al.  (2019) investigated programming achievement among university students in Nigeria. They found that performance variability frequently results from "hidden factors" that are not captured by traditional metrics, but the application of these advanced tools is still evolving. This study attempts to close a methodological gap by using factor analysis on actual academic data from the University of Calabar's Computer Science department. Many studies concentrate on basic regression or descriptive statistics. In order to identify latent factors that influence academic accomplishment, a number of worldwide research have used factor analysis on educational performance data. For instance, Gustafsson & Balke (1993) used factor analysis to create a hierarchical model that placed basic cognitive capacity at the top and subject-specific skills like verbal comprehension and mathematical reasoning below it. Their method showed that domain-specific factors nevertheless have a significant impact, even though a similar factor may underpin performance in different disciplines. This realization highlights the significance of both general and specialized skills for academic performance, which has significant ramifications for curriculum design, assessment structure, and student support tactics.

A more recent work by Gill & Thompson (2021) used bifactor models, a type of confirmatory factor analysis that enables the simultaneous estimation of general and specific factors, to examine subject-specific performance in the UK's general certificate of secondary education. According to their findings, there were strong domain-specific factors that could not be disregarded even while general academic ability was a significant predictor of overall performance. Using a similar method in the computer science department at the University of Calabar would show how general academic qualities, such logical reasoning or analytical thinking, interact with course-specific requirements in areas like information systems, networks, and programming.

The ability of factor analysis to manage measurement error, a recurring issue in educational evaluation, is one of its major benefits. Factor analysis models separate observed scores into true-score and error components, producing more precise assessments of links among constructs than traditional correlation or regression analysis, which assumes that observed variables are error-free. This is especially crucial for exam-based evaluations, where noise can be introduced by inconsistent marking schemes, subjective response interpretation, and student-specific situational factors. MacCallum & Tucker (1991) contend that component analysis improves the validity of educational judgments by separating the true-score variance.

The use of factor analysis is not without restrictions and difficulties, despite its advantages. Choosing how many components to keep is one of the most frequent problems. The eigenvalue-greater-than-one rule and the visual examination of scree plots are two heuristic and possibly incorrect techniques that are frequently used by academics. Although more reliable methods, including parallel analysis or the minimum average partial test, have been recommended in the literature as better options (Velicer & Jackson, 1990; Zwick & Velicer, 1986), their use is still restricted, especially in research carried out in African university settings. This shows that in environments like the University of Calabar, applying such techniques to actual data requires methodological instruction and rigor. The interpretation of factor loadings is another methodological problem that calls for both subject expertise and statistical literacy. For example, interpreting a high loading of some courses on a latent factor in a computer science curriculum may indicate the existence of a programming-centric competency, but such interpretations may be deceptive if the course content and pedagogical approach are not contextualized. Researchers must exercise caution when identifying the nature of extracted factors because the subjective aspect of factor naming provides a potential for bias, according to Hair et al. (2019). Additionally, testing for measurement invariance, which establishes if the same factor structure persists across other subgroups, such as gender, year of study, or prior academic background, is a critical component of factor analytic research. Comparing factor scores between groups is dangerous if measurement invariance is not established. Cheung & Rensvold  (2002) stress that ignoring this step can lead to incorrect conclusions on achievement gaps. The use of factor analysis has the ability to provide answers to a number of significant questions in the particular context of computer science education. Are there certain latent characteristics, for instance, that distinguish between theoretical knowledge (as assessed in courses like automata theory and algorithms) and practical competence (as assessed in courses like web development and systems programming)? Do courses that emphasize software lifecycle management or user interface design load differently than those that heavily rely on mathematical reasoning? A more distinct knowledge of what constitutes academic accomplishment in computer science and how it may be legitimately judged may result from investigating such problems through factor analysis.

Abdi & Williams (2010) offered a contemporary perspective on factor analysis, emphasizing principal component analysis and its connection to factor models. Their study, principal component analysis, describes how factor analysis can preserve the interpretability of important elements influencing academic performance while reducing dimensionality in educational data. Their research is noteworthy for its application to extensive educational datasets, providing rotation, normalization, and variable selection algorithms. Though it shares similarities with exploratory factor analysis, principal component analysis is essentially a data-reduction method that lacks the same explanatory capacity for latent constructs. Consequently, principal component analysis lacks the theoretical depth required to analyze underlying academic qualities, especially in complex subject-specific performance data, even while it is helpful in detecting high-variance subjects.

These worldwide results are supported by regional research. Agah et al. (2021) show how factor-analytic methods (principal component analysis and factor analysis) can be used in Nigeria to validate instruments and uncover latent constructs in education research. Multivariate techniques like factor analysis and principal component analysis are particularly adapted to revealing the hidden factors that influence computing-education results, according to recent African study. These methods have been used in Nigerian research for both empirical modeling of student and institutional information and communication technology phenomena and instrument validation. For instance, Pursan et al. (2023) demonstrated how institutional service dimensions cluster and indirectly affect learning conditions by using principal component analysis to identify key technical-support success determinants in higher education. Otitoju & Nwagwu (2024)  demonstrated how dimensionality reduction enhances interpretability and model performance in e-learning research by using principal component analysis to reduce and evaluate massive open online courses-adoption factors among Nigerian undergraduates prior to further predictive modeling. These applications are supported by more extensive regional work: While Walusala et al. (2024) showed how principal component analysis may be combined with machine-learning pipelines to estimate student outcomes in an East African context, Eze et al. (2021).  employed principle component/factor approaches to summarize complicated development indicators in southern Nigeria.
Costello & Osborne (2005) has out a seminal study contrasting the methodological rigor of several factor analysis applications in psychological and educational research. They discovered that a lot of published research have inadequate sample sizes, poor extraction techniques, and incorrect factor loading interpretations. In addition to advocating for the reporting of communalities and reliability indices, their work highlighted the necessity of precise criteria in factor retention (e.g., utilizing parallel analysis or scree plots). Factor analysis was not applied to discipline-specific academic data, such as computer science exams, where diverse skill domains (e.g., programming logic, algorithms, and systems analysis) may form distinct clusters, even though their study was a wake-up call for strengthening methodological rigor.

Mathematical foundation and practical application were revealed to be important factors in the confirmatory analysis of 300 Nigerian engineering students in factor analysis of academic performance in Nigerian STEM Programs (Alhassan et al., 2018). Despite being revolutionary for its local setting, the study failed to distinguish computer science-specific competencies by confusing engineering with computer science measurements. Software design principles, for instance, were categorized under "practical application," ignoring their theoretical foundations. The necessity of domain-specific factor analysis models in Nigerian computer science departments is highlighted by this confusion. Adeyemi (2007) used factor analysis to investigate the association between students' academic performance and school-based characteristics in Nigerian secondary schools. His study offers a regional perspective and highlights elements like teacher quality, school infrastructure, and curriculum adequacy, even if it is not specifically focused on postsecondary education. Exploratory factor analysis was used in the study to show that some latent characteristics, such as teacher experience and school culture, had a significant impact on academic performance. Although contextually important, Adeyemi's study concentrates on broader environmental factors rather than academic scores particular to a given subject. Additionally, in specialized fields like computer science, where inherent cognitive and skill-based components may predominate, it lacks the granularity needed for analysis.

The absence of longitudinal factor analysis in higher education, especially in the African context, is one obvious gap in the literature despite these developments. Most studies rely on cross-sectional data, so limiting their capacity to track how academic competencies improve over time. Incorporating longitudinal confirmatory factor analysis or latent growth models could allow researchers to see how factors impacting achievement vary throughout different academic years, potentially revealing insight into curriculum efficacy and the timing of pedagogical interventions.

A factor analysis's choice of courses has a significant impact on how the findings are interpreted. Artificial intelligence, operating systems, networking, human-computer interaction, and information security are just a few of the many topics covered in the University of Calabar's Department of Computer Science curriculum. It is possible to determine whether particular subject clusters correspond with different cognitive demands or professional competencies by carefully including these courses into the factor model. This can then be used to guide focused academic support services, such as coaching in particular subject areas or reorganizing the assessment architecture to better highlight students' strengths. Academic attainment is also impacted by the increasing incorporation of information and communication technologies and computational thinking into curricula. Information and communication technology-enhanced instruction was favorably connected with performance across disciplines in a meta-analysis by Bocconi et al. (2020), that included 34 studies and almost 9,000 students. Additionally, compared to traditional instructional contexts, information and communication technology integration in problem-based tasks produced greater academic benefits (effect sizes between 0.36 and 0.47) (Zhao et al., 2022).
Despite the abundance of research on academic success, there are still a lot of gaps. These are: (a) Principal component analysis is not widely used in Nigerian computer colleges to model performance. 
(b) Few research combine technical and psychological factors into a single factor structure. 
(c) There is still much to learn about the hidden connections between programming, arithmetic, and system analytic abilities. 
By using a strong principal component analysis technique on test results from six University of Calabar core computing courses, this study seeks to close these gaps. In order to explain observed performance patterns and direct future initiatives, it is anticipated that the data would reveal hidden academic characteristics. 

2 Material and Methods
2.1 Data Set
The study uses exam results from 500 undergraduate students enrolled in the Faculty of Computing at the University of Calabar. The collection consists of six basic computer courses: Systems Analysis, Structured Programming, Object-Oriented Programming, Numerical Analysis, Distributed Computer, and Algorithm & Complexity Analysis. When taken as a whole, these courses cover the core subjects of the computing curriculum, including programming fundamentals, analytical computation, and systems-level comprehension. This wide scope provides a solid basis for examining hidden elements of academic performance in a variety of computing competencies.
The dataset was examined for outliers, missing values, and completeness before analysis. A complete sample size of 500 was obtained by keeping all observations that satisfied the inclusion criteria.


 2.2 Suitability for Factor Analysis
 Two diagnostic tests were performed to determine whether the data were suitable for factor analysis;  Kaiser-Meyer-Olkin Measure. The Kaiser-Meyer-Olkin index measures the degree of shared variance between variables in order to determine sample adequacy. For factor analysis, a Kaiser-Meyer-Olkin value of 0.60 or higher is generally considered appropriate (Kaiser, 1974). Stronger appropriateness is indicated by higher ratings; values above 0.80 are frequently regarded as "meritorious."  Bartlett's Sphericity Test. In order to determine whether there are enough inter-variable correlations to support factor extraction, this test looks for substantial differences between the correlation matrix and an identity matrix. The null hypothesis that the matrix is identity is rejected when the p-value is significant (p < 0.05).
The complete correlation matrix should be examined in addition to these tests to make sure that no variable was essentially independent and that the majority of variables showed moderate-to-strong inter-correlations. Together, these criteria confirm that the data is suitable for latent factor extraction.



2.3  Factor Extraction and Communality Estimates
A principal component approach, which finds orthogonal linear combinations (components) of the original variables containing greatest variance, is to be used for factor extraction. To remove scale effects between various course scores, all variables must be normalized. The extraction process will be based on the correlation matrix of the standardized scores. 
To determine how much of each variable's variance is explained by the retained factors, communalities must be computed. A high communality ( ≥ 0.50) supports the adequacy of the selected model by showing that the variable is properly represented within the factor solution.


2.4 Component Matrices and Rotation
The unrotated component matrix must contain the variable loadings on extracted components. An orthogonal varimax rotation will be used to improve interpretability and streamline the factor structure. By redistributing the explained variance, this rotation technique makes it easier to understand each latent dimension by giving each variable a high loading on one factor and a low loading on others.


2.5 Factor Retention Criteria
Factor retention will be guided by the eigenvalue-greater-than-one rule and the analysis of the scree plot. The components with eigenvalues greater than one and those that match the "elbow" point in the scree plot will be retained. The amount of retained variables will be further validated using communalities and the clarity of the rotating component structure.























3  Results and Discussion

TABLE 1. Correlation Matrix of the Six Courses
	Variables
	System                   
Analysis  
	     Structured 
     Programming
	  Object-Oriented
  Programming
	  Numerical 
  Analysis
	   Distributed
   Computing
	  Algorithm & complexity
  Analysis

	
System
Analysis


	1.00
	   0.64
	  0.68
	  0.72
	  0.59
	  0.66


	
Structured
Programming


	0.64
	    1.00
	  0.70
	  0.75
	  0.61
	  0.68


	
Object-Oriented
Programming


	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

	
	
	
	
	
	
	






Table 2: KMO & Bartlett’s Test of Sphericity
	Test
	Value
	Interpretation

	Kaiser–Meyer–Olkin (KMO)
	0.85
	Meritorious (suitable for FA)

	Bartlett’s Test of Sphericity χ²
	932.45
	Significant (p < 0.001)

	Df
	15
	

	p-value
	0.000
	Correlation matrix not identity matrix; factor analysis appropriate











TABLE 3. Communalities
	Variable
	               Initial
	        Extraction

	Systems Analysis
	               1.000
	        0.812

	Structured Programming
	               1.000
	        0.846

	Object-Oriented Programming
	               1.000
	        0.879

	Numerical Analysis
	               1.000
	        0.894

	Distributed Computing
	               1.000
	        0.768

	Algorithm & Complexity Analysis
	               1.000
	        0.861
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TABLE 4. Total Variance Explained
	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






TABLE 5. Rotated Component Matrix (Varimax Rotation with Kaiser Normalization)
	Variable
	                                Factor 1
	                                Factor 2

	Systems Analysis
	0.81
	           0.32

	Structured Programming
	0.84
	           0.29

	Object-Oriented Programming
	0.87
	           0.26

	Numerical Analysis
	0.88
	           0.31

	Distributed Computing
	0.34
	           0.79

	Algorithm & Complexity Analysis
	0.42
	           0.83






Fig. 1: Scree Plot
[image: ]
[bookmark: _Hlk215921946]The distribution of eigenvalues across six principal components determined from exam scores in core computer courses is shown in the scree plot in Fig.1 above. The ideal amount of components to keep is shown by a clear "elbow" at Component 2. This is consistent with the Kaiser criterion, which suggests retaining components with eigenvalues larger than 1. Consequently, two components that accounted for roughly 75.7% of the overall variance were kept.

The results of the factor analysis are discussed in this part in relation to the goals of the study, the body of current literature, and the implications for assessing academic accomplishment.

The findings of the factor analysis are examined in light of the study's goals, the body of current literature, and the consequences for assessing academic achievement in computer education. The dataset was statistically suitable for factor analysis, according to the preliminary diagnostics. The Bartlett's Test of Sphericity was highly significant (p <.001), suggesting adequate intercorrelations among variables, while the Kaiser–Meyer–Olkin (KMO) value of 0.850 above the suggested minimum of 0.60 (Kaiser, 1974). These results are consistent with the findings of Tabachnick and Fidell (2019), who stress that sufficient correlation patterns are necessary for accurate factor extraction.

A number of fundamental computer courses, including Algorithm & Complexity Analysis, Object-Oriented Programming, and Numerical Analysis, showed moderate to high positive correlations, according to the correlation matrix. These connections make sense from an educational standpoint because all of the courses call for a high level of analytical reasoning, algorithmic thinking, and organized problem-solving skills. These trends confirm that academic achievement in computing-related fields is multifaceted but linked by common computational and cognitive skills.
Principal component analysis identified two components with eigenvalues greater than 1, jointly accounting for 75.7% of the total variance. This high proportion of explained variance surpasses the 60% benchmark suggested by Hair et al. (2019) for educational research, indicating a strong underlying factor structure. Communalities above 0.60 across all six courses demonstrate that the extracted components effectively represent the variability in student performance.
The rotated component matrix's interpretation reveals a distinct and significant structure. A latent dimension focused on programming proficiency, computational fluency, logical thinking, and analytical problem-solving was reflected in the first component, which showed strong loadings from System Analysis, Structured Programming, Object-Oriented Programming, and Numerical Analysis. The emphasis on algorithmic development, software design concepts, and structured analytical thinking in these courses suggests that students' fundamental programming and analytical skills are represented by this component.

A systems-oriented academic dimension is reflected in the second component, which is distinguished by strong loadings from Distributed Computing and Algorithm & Complexity Analysis. Students' comprehension of concurrency, computing efficiency, performance optimization, and the behavior of complex computational systems is captured by this framework. The high correlation between algorithmic complexity and distributed systems points to a hidden factor connected to sophisticated computational reasoning and systems-level thinking.

This two-factor solution is further supported by the scree plot. At the second component, a clear "elbow" emerges, signifying a subsequent significant drop in eigenvalues. The Kaiser criterion is supported by this graphic, which also confirms that keeping two components is the best way to describe the data structure. The retained components offer a reliable and comprehensible model for comprehending the underlying patterns of academic accomplishment in the chosen computing courses, accounting for 75.7% of the overall variance.
Overall, the results show that two important latent academic constructs; Programming & Analytic Proficiency and Systems & Complexity Orientation, can be used to meaningfully describe student performance in computer education at the University of Calabar. These constructs provide important insights for curriculum evaluation, pedagogical development, and focused student support. They also highlight the complex yet interwoven structure of the competences needed in computing disciplines. 














5 Conclusion
The academic performance of students in six fundamental computer courses at the University of Calabar's Faculty of computer was assessed in this study using factor analysis. Acknowledging the multifaceted nature of academic success, the investigation went beyond traditional grading to identify latent performance patterns that influence students' learning outcomes. Previous research highlights the joint influence of cognitive, instructional, and environmental factors on academic success, and multivariate approaches, especially Principal Component Analysis, have shown promise in uncovering hidden patterns in educational data (Tabachnick & Fidell, 2019; Hair et al., 2019). This foundation is expanded upon in the current work by using factor analysis on a dataset that includes exam results from 500 undergraduate students.

The data's eligibility for factor analysis was validated using diagnostic tests. Strong sampling adequacy was suggested by the Kaiser–Meyer–Olkin value of 0.85, and significant intercorrelations between variables were shown by Bartlett's Test of Sphericity (p <.001). The presence of similar academic features was further supported by the correlation matrix, which revealed moderate to strong correlations across all six courses.

The Kaiser criterion and the scree plot, which showed a distinct inflection at the second component, both corroborated the two main components that the factor analysis produced. These elements together explained 75.7% of the variation, suggesting a strong underlying structure. High loadings from courses like Numerical Analysis and Object-Oriented Programming demonstrated programming and analytical skill in the first component. Distributed Computing and Algorithm & Complexity Analysis were the main drivers of the second component, which represented systems-level and algorithmic complexity orientation.

All things considered, the results show that academic achievement in computing is complex and encompasses several linked fields. Technical programming competence and systems and complexity proficiency are two significant latent qualities that have been identified as the fundamental building blocks of student accomplishment in computing-related topics. In terms of methodology, the study confirms the usefulness of factor analysis as a tool for analyzing academic systems. In practical terms, it offers a repeatable framework for evaluating performance, guiding academic advising, influencing the development of curricula, and enhancing learning support techniques in comparable institutional contexts.
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