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Abstract 
The ability to communicate effectively in English is fundamental to academic 
success in Nigerian universities, yet persistent low achievement in the com-
pulsory “Use of English” course remains a concern, particularly in specialized 
institutions like maritime universities where proficiency underpins both ac-
ademic performance and professional competence. This study addresses the 
limitation of reactive academic support systems by employing unsupervised 
machine learning to analyze English language learning characteristics among 
undergraduates. Using K-means clustering on survey data from 248 students 
at the Nigeria maritime university, the research identified four distinct stu-
dent performance clusters validated through chi-square analysis (p = 0.000949). 
The clusters revealed multidimensional profiles incorporating academic, psy-
chological, and environmental factors: Cluster 1 (Diligent High-Achievers) 
demonstrated strong study habits and confidence; Cluster 2 (Steady Perform-
ers) represented average students with consistent patterns; Cluster 0 (Quiet 
Achievers) achieved comparable results through different behavioral path-
ways; and critically, Cluster 3 (At-Risk Group) exhibited low study hours, 
diminished confidence, elevated anxiety, and minimal AI tool adoption, with 
a 36.4% failure rate. The findings demonstrate that clustering techniques en-
able early identification of learning difficulties before traditional assessment 
methods detect poor performance. Recommendations include developing 
differentiated institutional support systems targeting specific cluster needs, 
from foundational programs for at-risk students to enrichment opportunities 
for high achievers, advancing data-driven approaches to language education 
in Nigerian higher education. 
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1. Introduction 

The ability to communicate effectively in English is fundamental to academic par-
ticipation and success in Nigerian universities, where English serves as the official 
language of instruction, assessment, and scholarly communication [1]. The com-
pulsory “Use of English” course is therefore designed to equip undergraduates 
with essential skills in grammar, comprehension, and academic writing. However, 
despite its foundational role, consistent reports of low achievement and high fail-
ure rates persist, especially among first-year students. These challenges are more 
pronounced in specialized institutions such as maritime universities, where Eng-
lish proficiency underpins not only academic performance but also professional 
competence and adherence to international standards [2]. 

A major limitation of existing academic support systems is their reliance on 
conventional evaluation methods that identify struggling students only after poor 
performance has occurred [3]. Such reactive approaches limit the effectiveness of 
remediation and often allow learning difficulties to persist. Recent advances in 
educational data mining offer alternative, proactive strategies for analyzing stu-
dent performance data and identifying hidden patterns associated with learning 
challenges [4]. In particular, unsupervised learning techniques enable exploratory 
analysis without the need for predefined outcome labels, making them suitable for 
early-stage academic monitoring [5]. 

Despite the growing application of data mining techniques in education, lim-
ited attention has been given to language-based courses and institution-specific 
contexts in Nigeria. This study addresses this limitation by proposing a clustering-
based approach to analyze “Use of English” examination data from the Nigeria 
maritime university. By identifying distinct performance groupings, the study 
highlights the significance of unsupervised learning as a tool for early detection of 
learning difficulties and informed academic intervention [6]. 

2. Literature Review 

Research on academic performance has long emphasized the importance of early 
identification of learning difficulties in higher education. 

Lestari employed Mixed-Method Action Research design that offers a distinct 
contribution by repositioning clustering from an analytical tool to an instructional 
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intervention [7]. It demonstrates that clustering techniques can enhance English 
writing performance by helping students visually organize their thoughts before 
writing, thereby improving both engagement and learning outcomes. 

Nafuri and his team proposed an unsupervised clustering framework to classify 
the academic performance of B40 (low-income) undergraduate students across 20 
Malaysian public higher education institutions [8]. Using a dataset of 117,069 stu-
dents with 16 attributes, the research evaluated three clustering algorithms: k-
means, BIRCH, and DBSCAN. This study demonstrates the scalability of cluster-
ing approaches for identifying vulnerable student populations and validates k-
means as an effective algorithm for educational data mining in under-resourced 
student contexts. 

A study conducted by Oguike and his team demonstrates the practical applica-
tion of machine learning techniques to analyze undergraduate examination result 
repositories in a Nigerian university context [9]. Using student data from the De-
partment of Computer Science at the University of Nigeria, Nsukka, and the re-
search trained unsupervised learning model in Jupyter Notebook to extract ac-
tionable insights from academic records. However, the work didn’t provide the 
implications on their result and the student performance in future intervention.  

Rahma and Ulfah employed K-means clustering to analyze academic perfor-
mance patterns among students by integrating both academic and social-demo-
graphic variables [10]. The dataset included mathematics, reading, and writing 
scores alongside demographic attributes such as gender, ethnicity, parental edu-
cation level, and lunch type. A limitation of their study is the reliance on only basic 
academic and demographic variables. Incorporating additional factors—such as 
emotional well-being and learning preferences—would likely yield more compre-
hensive educational models. 

Cao carried a study that applied clustering techniques to English language ed-
ucation by analyzing skill-specific performance data across listening, reading, writ-
ing, translating, and speaking [11]. The four-cluster solution provides a frame-
work for understanding diverse learner profiles and supporting differentiated in-
struction. However, the exclusion of socio-demographic and emotional variables is 
a limitation, as prior research confirms these factors influence student performance. 

Huang contributes a domain-specific improvement to K-means clustering by 
incorporating multiple behavioral factors (borrowing behavior and course learn-
ing behavior) relevant to English education. The resulting three-tier stratification 
model provides a structured framework for implementing differentiated instruc-
tion in language teaching contexts [12]. 

3. Methodology 
3.1. Research Design 

This study employed a quantitative, exploratory research design utilizing unsu-
pervised machine learning techniques (K-means clustering) to identify natural 
groupings among university students based on their English language learning 
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characteristics and performance indicators. 

3.2. Data Collection and Preparation 
3.2.1. Sampling and Data Collection Procedure 
Data were collected via Google Form from students enrolled in the “Use of Eng-
lish” course at a Nigeria maritime university during the 2024-2025 academic ses-
sion. The survey was administered over a four-week period (February-March 
2025). All enrolled students (N ≈ 1000) were invited to participate through their 
departmental WhatsApp groups. A total of 248 completed responses were re-
ceived, yielding a response rate of approximately 24.8%. 

a) Eligibility criteria 
Students were eligible to participate if they enrolled in the “Use of English” 

course and had completed the examination at the time of survey administration. 
The sample includes students from Tarma 1 through Tarma 5 (all undergraduate 
years), representing multiple cohorts within the institution. 

b) Ethical consideration 
Participation was voluntary and anonymous. The Google Form included an in-

formed consent statement at the beginning, explaining the purpose of the re-
search, the voluntary nature of participation, and the confidentiality of responses. 
No personally identifying information (names, matriculation numbers) was col-
lected. 

3.2.2. Dataset Description 
The complete set of variables collected in the survey is presented in Table 1, in-
cluding all features subsequently used in the clustering analysis. 
 

Table 1. Dataset column profile. 

Column Data Type Unique Count Sample Values (first 5) 

Age Int64 14 26, 17, 21, 20, 18 

Gender Object 2 Male, Female 

State of Origin Object 26 Rivers, Osun, Delta, Cross River, Bayelsa 

City of Residence Object 70 Port Harcourt, Osogbo, Warri, Ughelli, Yenagoa 

Department Object 15 
Civil Engineering, Marine Geology, Marine Engineering, 

Electrical Engineering, Mechanical Engineering 
Faculty Object 3 Engineering, Environmental Management, and Transport 

Secondary School Mode  2 Government, Private 

Year of Study Object 5 Tarma 3, Tarma 1, Tarma 2, Tarma 5, Tarma 4 

English Exam Grade Object 3 A, B, C and F 

Confidence Level Object 5 High, Average, Low, Very High, Very Low 

AI tools usage Object 2 Yes, No 

Study Hours Object 3 0 hour, 1 - 3 hours, and 4+ hours 

Exam Anxiety Object 5 Low, Average, Very Low, Very High, High 
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Continued 

Class Attendance Object 4 Rarely, Sometimes, Often, Always 

Assignment Participation Object 5 Never, Rarely, Sometimes, Often, Always 

Motivation Level Object 5 Very Low, Low, Average, High, Very High 
Private Tutoring 

Experience 
Object 2 Yes, No 

3.2.3. Data Cleaning 
The data cleaning process was carried out to ensure that irrelevant data columns 
like timestamp were eliminated to ensure anonymity. Categorical variables such 
as state of origin, department and city of residence were standardized in a bid to 
remove spelling errors at the data entry stage. Also, the study resolved the incon-
sistent responses by the candidates in certain columns by merging values such as 
“Good, Excellent” into “Good”. 

3.3. Variable Transformation 

All variables listed in Table 1 were included in the clustering analysis. Categorical 
variables without inherent order were transformed using LabelEncoder: 

a) Gender (2 categories) 
b) State of Origin (26 categories) 
c) City of Residence (70 categories) 
d) Department (15 categories) 
e) Faculty (3 categories) 
f) Secondary School Mode (2 categories) 
g) Year of Study (5 categories) 
h) Private Tutoring Experience (2 categories) 
Variables with inherent ordinal relationships were mapped to numerical values 

as shown in Table 2. 
 
Table 2. Ordinal variable lookup table. 

Variable Ordinal Mapping 

English Exam Grade F = 1, C = 2, B = 3, A = 4 

Class Attendance Rarely = 1, Sometimes = 2, Often = 3, Always = 4 

Confidence Level Very Low = 1, Low = 2, Average = 3, High = 4, Very High = 5 

Study Hours 0 hour = 1, 1 - 3 hours = 2, 4+ hours = 3 

AI Tool Usage No = 1, Yes = 2 

Assignment  
Participation 

Never = 1, Rarely = 2, Sometimes = 3, Often = 4, Always = 5 

Motivation Level Very Low = 1 to Very High = 5 

Exam Anxiety Very Low = 1 to Very High = 5 

3.4. Data Standardization 

All features were standardized using StandardScaler to ensure equal contribution 
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to the clustering algorithm, preventing variables with larger scales from dominat-
ing the distance calculations. 

3.5. Definition of Performance Outcome 

The target outcome variable “Pass/Fail” was derived from the self-reported Eng-
lish Exam Grade as follows: 

Pass: Grades A, B or C. 
Fail: Grade F. 

3.6. Clustering Procedure 

K-means clustering was implemented in this study. This technique was employed 
because it is a popular, simple, and efficient unsupervised machine learning 
method used to partition a dataset into a user-specified number, k, of distinct 
groups or clusters. It works by grouping data points such that those in the same 
cluster are more similar to each other than to those in other clusters, based on a 
distance measure, typically the Euclidean distance.  

The optimal number of clusters used in the study is determined by the use of 
two complementary methods: 

1) Elbow Method: Plotting inertia (within-cluster sum of squares) against clus-
ter numbers 2 - 10 to identify the “elbow point”. 

2) Sihouette Analysis: Computing silhouette scores to measure cluster cohesion 
and separation. 

3.7. Validation Technique 

Cluster validity was assessed through: 
1) Cross-tabulation between cluster assignments and actual performance out-

comes (Pass/Fail). 
2) Chi-square test of independence to determine statistical significance of the 

relationship. 

4. Results and Discussion 
4.1. Exploratory Data Analysis 

At the end of the data collection phase of the study, the total number of entries 
was two hundred and forty-eight (248). The age distribution of the students is 
presented in Figure 1 with an average age of the respondents is 21.2 years. The 
sample exhibits strong gender skew (male: 85.9%, female: 14.1%), which may re-
flect the underlying population characteristics of the study context as presented 
in Figure 2. Private school students (n = 137) slightly outnumber government 
school students (n = 111) in the dataset, reflecting the significant role of private 
secondary education in the population studied as shown in Figure 3. Students 
predominantly originate from South-South and South-East states, with Delta (44), 
Edo (24), Ondo (19), Imo (17), and Bayelsa (16) representing the top five as shown 
in Figure 4. The students in the top 5 states account for 48% of the total respond-
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ents in the study. The distribution of students across departments shows Marine 
Engineering as the most represented (85 students), followed by Electrical Engi-
neering (42), Civil Engineering (41), Mechanical Engineering (32), and Petroleum 
and Gas Engineering (22). This pattern aligns with broader enrollment trends in 
engineering education as shown in Figure 5. The students in the top 5 depart-
ments account for 90% of the total respondents in the study. The student distri-
bution across faculties is heavily skewed toward Engineering (224 students, 
90.3%), with Transport (13, 5.2%) and Environmental Management (11, 4.4%) 
representing much smaller proportions as displayed in Figure 6. This concentra-
tion reflects the institutional emphasis on engineering disciplines, consistent with 
enrollment patterns observed in technical universities where engineering pro-
grams typically dominate student populations. 
 

 
Figure 1. Age distribution of the students. 

 

 
Figure 2. Students by gender. 
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Figure 3. Students by secondary school mode. 

 

 
Figure 4. State of origin distribution of the student. 

 

 
Figure 5. Students by department. 

https://doi.org/10.4236/oalib.1115130


E. M. Ogbise, A. A. Enughwure 
 

 

DOI: 10.4236/oalib.1115130 9 Open Access Library Journal 
 

 
Figure 6. Students by faculty of study. 

4.2. Optimal Cluster Selection 

The optimal cluster selection was determined by the use of elbow method graph 
and silhouette score analysis. The elbow method graph revealed a gradual decrease 
in inertia, with a subtle inflection point at k = 4, suggesting diminishing returns 
in cluster homogeneity beyond this point as shown in Figure 7. The silhouette 
score analysis supported this selection, showing optimal cluster separation at k = 
4 (silhouette score = 0.09). Based on these complementary metrics, four distinct 
student clusters were identified as the optimal solution.  

4.3. Cluster Characteristics 
Cluster Composition Analysis 
The cross-tabulation between cluster assignments and actual performance out-
comes revealed meaning patterns are presented in Table 3. 
 

 
(A) 
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(B) 

Figure 7. Elbow method and silhouette score plots. 
 
Table 3. Cross-Tabulation of cluster assignment and student performance. 

Cluster Pass (%) Fail (%) Size (n) 

0 84.6 15.4 26 

1 94.4 5.6 107 

2 83.9 16.1 93 

3 63.6 36.4 22 

4.4. Statistical Validation 

The chi-square test of independence yielded a p-value of 0.000949, indicating a 
statistically significant relationship between cluster membership and actual per-
formance outcomes at α = 0.05. This validates that the identified clusters capture 
meaningful variance in student performance. 

4.5. Discussion of Findings 
4.5.1. Cluster Profiling and Behavioral Characteristics 
To further validate the clustering solution and develop a holistic profile of each 
student segment, we analyzed the mean scores of key behavioral and attitudinal 
variables across the four clusters. Figure 8 presents a comprehensive comparison 
of cluster sizes, academic performance, study habits, and psychological factors. 

4.5.2. Cluster Distribution and Academic Performance 
The cluster solution successfully partitioned the sample into four distinct groups 
of varying sizes (Figure 1, Plot 1). Cluster 1 emerged as the dominant group, con-
taining the majority of students (n = 107), while Cluster 3 represented the smallest 
segment (n = 22). This distribution suggests that while the high-performing pro-
file is the norm, there exists a specific, smaller subset of the population exhibiting 
distinct challenges. 
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Figure 8. Cluster analysis of student performance in the “Use of English”. 

 
As illustrated in the performance metric plot (Figure 1, Plot 2), the clusters 

align hierarchically with the target outcome (final pass/fail). Cluster 1 demon-
strates the highest average performance score, significantly exceeding the overall 
mean. Any intervention for this group should focus on enrichment or maintain-
ing their high standards, as they require the least amount of remedial support. 
Clusters 0 and 2 exhibit near-identical performance levels, hovering just above the 
global average. The similarity in pass rates between Clusters 0 and 2 suggests that 
the clustering algorithms distinguished them based on other features (study hab-
its, demographic data, prior grades), even though their final outcome is similar. 
Consistent with the cross-tabulation, Cluster 3 shows the lowest average perfor-
mance, reinforcing its classification as the “At-Risk” segment. 

4.5.3. Behavioral and Attitudinal Profiles 
The analysis of non-performance variables reveals the underlying drivers of the 
cluster assignments, painting a rich picture of each student persona. 

a) Study Habits: A clear positive correlation exists between cluster performance 
and study hours (Figure 1, Plot 3). The high-achieving Cluster 1 reports a high 
average study time. Conversely, the at-risk Cluster 3 reports the lowest investment 
in external study, suggesting a potential lack of engagement or time management 
as a key factor in their academic struggle. 
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b) Psychological Factors (Confidence and Anxiety): The confidence metric 
(Figure 1, Plot 4) mirrors the performance hierarchy almost perfectly, with high-
performing students reporting the highest self-confidence. Interestingly, the anx-
iety profile (Figure 1, Plot 6) provides a nuanced insight. While the lowest-per-
forming Cluster 3 reports high anxiety, the highest-performing Cluster 1 also re-
ports elevated anxiety levels. This could indicate that while some anxiety is a per-
formance driver (facilitative anxiety), excessive anxiety in Cluster 3 becomes de-
bilitating. 

c) Technology Adoption: The analysis of AI tool usage (Figure 1, Plot 5) re-
veals a distinct pattern. Clusters 1 and 2, the larger and higher-performing groups, 
show moderate adoption of tools like ChatGPT and Grammarly. However, the 
struggling Cluster 3 reports the lowest average usage of AI tools. Therefore, this 
data presents a paradox: the students who arguably need the most external sup-
port (Cluster 3) are the least likely to utilize available AI resources, while moder-
ately high achievers (Clusters 1 & 2) are leveraging them to potentially enhance 
their already solid performance. 

4.5.4. Summary of Cluster Personas 
Synthesizing the data from the cross-tabulation and the behavioral plots, we can 
define the following student personas: 

a) Cluster 1 (The Diligent High-Achievers): The largest group (n = 107, 43.1%). 
They study the most (4+ hours weekly), possess high confidence, and achieve the 
highest pass rates (94.4%). Their anxiety is moderate, potentially serving as a mo-
tivator. 

b) Cluster 2 (The Steady Performers): A large group of solid, average students 
(n = 93, 37.5%). They have good study habits (1 - 3 hours weekly), and moderate 
confidence, resulting in consistently average pass rates (83.9%). They represent 
the “typical” student profile. 

c) Cluster 0 (The Quiet Achievers): A small group (n = 26, 8.9%) that achieves 
above-average results (84.6% pass) despite reporting lower confidence and mod-
erate study hours. They may achieve outcomes through different pathways not 
fully captured in measured variables. 

d) Cluster 3 (The At-Risk Group): The smallest, most vulnerable group (n = 22, 
8.9%). They study the least (predominantly 0 - 1 hour weekly), have low confi-
dence, experience high anxiety, and do not leverage AI tools. This group requires 
the most urgent and targeted pedagogical intervention. 

5. Conclusion and Recommendations 
5.1. Summary of Findings 

This study successfully employed K-means clustering to identify four distinct stu-
dent profiles based on comprehensive English language learning indicators. The 
statistical validation through chi-square analysis confirmed a significant relation-
ship between cluster membership and actual examination performance, support-
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ing the predictive validity of the clustering solution. 
The optimal number of clusters (k = 4) was empirically determined through 

both the elbow method and silhouette score analysis, ensuring methodological ri-
gor in the segmentation approach. 

5.2. Theoretical Implications 

The findings contribute to educational psychology literature by demonstrating 
that student performance clusters are multidimensional, incorporating: 

a) Academic factors (study hours) 
b) Psychological factors (confidence, anxiety, motivation) 
c) Environmental factors (resource availability, AI tool usage) 

5.3. Practical Recommendations 

The identification of distinct student performance clusters offers valuable insights 
for educational practice. Building upon both empirical findings and established 
literature, the following recommendations are proposed for stakeholders at vari-
ous levels. 

5.3.1. Educational Institutions 
a) Developing Differentiated Support Systems 
The heterogeneity across clusters underscores the limitations of uniform inter-

vention strategies. For the “At-Risk” cluster (Cluster 3), characterized by low con-
fidence, limited study hours, minimal AI tool usage, and restricted textbook ac-
cess, institutions should establish foundational support programs addressing both 
academic and affective domains [13]. These might include mandatory writing 
workshops, peer-assisted study sessions, and access to learning specialists. Con-
versely, the “High Performers” cluster (Cluster 1) would benefit from enrichment 
opportunities beyond the standard curriculum—honors modules, undergraduate 
research, and advanced workshops that nurture existing strengths. 

b) Evidence-Based Resource Allocation 
Students in the “At-Risk” cluster reported significantly lower access to both tra-

ditional materials (textbooks) and emerging technologies (AI writing tools). This 
disparity within the same institution represents an equity concern demanding ad-
ministrative attention [14]. Following principles of targeted universalism, univer-
sities might provide supplemental resource packages specifically to students in re-
source-limited clusters while maintaining baseline access for all [15]. A “technol-
ogy lending library” targeting students in Cluster 3 could democratize access to 
essential learning supports. 

c) Developing Predictive Early Warning Systems 
The significant relationship between cluster membership and subsequent per-

formance (χ2 = 0.000949, p < 0.001) suggests cluster analysis can serve as a com-
ponent of early monitoring systems. Rather than waiting for examinations, insti-
tutions could use cluster assignments—available early in the academic year—as 
indicators of potential support needs. By integrating cluster membership data into 
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student information systems, academic advisors could identify students from 
high-risk clusters for proactive outreach [16]. 

5.3.2. Instructors 
a) Responsive Pedagogical Practices 
Classroom instructors might consider differentiated instructional strategies 

that acknowledge students’ varied starting points [17]. In courses serving predom-
inantly “Moderate Performers” (Cluster 2), instructors might incorporate more 
frequent low-stakes assessments that provide regular feedback without over-
whelming test anxiety. For classes with significant “High Performers” (Cluster 1), 
seminar-style discussions and project-based learning could capitalize on these stu-
dents’ confidence and motivation. Instructors can offer multiple pathways to mas-
tery—varied readings, assignment options, and participation modes—that allow 
students to engage with content in ways aligned with their current confidence and 
skill levels [18]. 

b) Cultivating Peer Learning Communities 
The identification of distinct clusters creates opportunities for intentional peer 

learning arrangements. Rather than allowing friendship-based groupings that 
may reinforce existing academic divisions, instructors could strategically compose 
small groups including students from different clusters [19]. Students from high-
performing clusters might serve as peer mentors within courses—a role benefiting 
both mentors and mentees [20]. 

5.3.3. Curriculum Development 
a) Integrating Affective and Cognitive Support 
The strong association between psychological factors—confidence, anxiety, 

motivation—and cluster membership challenges purely cognitive models of 
curriculum design [21]. Students in the at-risk cluster reported significantly 
lower confidence (mean = 3.27 vs. 3.82 for cluster 1) and higher test anxiety 
(mean = 2.91 vs. 2.57 for cluster), suggesting curriculum reforms must address 
both skill development and emotional regulation. Following universal design 
for learning principles, curriculum developers might embed affective supports 
directly into course materials: metacognitive prompts helping students recog-
nize progress, explicit test-taking strategies to reduce anxiety, and normalizing 
statements about language acquisition challenges that encourage help-seeking 
[22]. 

b) Purposeful Technology Integration 
Differential patterns of AI tool adoption across clusters reveal both opportunity 

and concern. While high-performing students appear to leverage AI writing tools 
effectively (Cluster 1 mean = 1.79), those in the at-risk cluster either lack access 
or have not integrated these tools into their learning practices (mean = 1.59) [23]. 
Curriculum developers should consider explicit instruction in AI literacy as a core 
component of English courses [24]. Rather than treating tools like Grammarly as 
optional supplements, course designs could include structured activities teaching 
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students to use these technologies critically. At the same time, curriculum must 
address ethical dimensions—appropriate attribution, boundaries between legiti-
mate assistance and academic dishonesty, and developing personal voice in an age 
of automated text generation [25]. 

5.4. Limitation and Future Research 

Several limitations should be considered when interpreting these findings: 
a) Single-Institution Design: Data were collected from one university, limiting 

generalizability to other institutional contexts. The unique characteristics of this 
institution—particularly its engineering focus and regional student composi-
tion—may influence the cluster profiles identified. 

b) Sample Skew: The sample exhibits strong male skew (85.9%) and engineering 
faculty concentration (90.3%). While this reflects the institutional population, it 
limits the applicability of findings to more gender-balanced or multidisciplinary 
settings. 

c) Self-Reported Data: All variables except the final grade classification were 
self-reported through Google Forms, introducing potential response biases in-
cluding social desirability bias and recall inaccuracies. Students may over report 
positive behaviors (study hours, attendance) and underreport negative ones (anx-
iety, limited resource access). 

d) Cross-Sectional Design: Data were collected at a single time point, capturing 
associations rather than causal relationships. The cluster solution demonstrates 
concurrent validity with performance outcomes but has not been tested for pre-
dictive validity on future cohorts. 

e) Methodological Limitations of K-means with Mixed Data: The application of 
K-means clustering to label-encoded nominal variables (e.g., gender, state of 
origin) imposes an artificial ordinal structure and Euclidean distance metric that 
may not be appropriate for all variable types. Future research should employ clus-
tering algorithms designed for mixed data types, such as K-prototypes or hierar-
chical clustering with Gower’s distance, to validate these findings. 

f) Variable Coverage: While this study incorporated a broader range of varia-
bles than many previous educational data mining studies, unmeasured factors—
including prior academic achievement, English proficiency at entry, and detailed 
socioeconomic status—may provide additional explanatory power. 

5.5. Conclusion 

Underlying all these recommendations is recognition that students are more than 
their cluster assignments. The statistical patterns describe tendencies, not desti-
nies. The most effective practices will use these insights to inform—not replace—
the human work of teaching. Cluster analysis provides a map of the territory, but 
the journey of learning remains a fundamentally human endeavor, requiring pres-
ence, relationship, and the courage to see each student as a whole person with 
unique strengths, challenges, and aspirations. 
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