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ARTICLE INFO ABSTRACT

Article History The accurate classification of textual job data is crucial for understanding academic-to-
Received: November 18, 2025 employment transitions, particularly in the rapidly evolving Information Technology (IT)
Revised: December 10, 2025 sector. This study tackles Isabela State University - llagan's (ISU-Ilagan) struggle with
Accepted: January 1, 2026 subjectively assessing job concordance for its 324 IT graduates (2019-2024), which hinders
Published: January 31, 2026 effective curriculum development and policy-making. Our primary objective was to
Keywords: rigorously evaluate the performance and efficiency of various text similarity algorithms in
Text Similarity Algorithms, objectively classifying graduate job roles as "IT-related" or "not IT-related," thereby
Cosine Similarity, providing vital data for the university's Bachelor of Science in Information Technology
Job Role Classification, (BSIT) program. Utilizing a quantitative, experimental design, this research analyzed ISU-
Classification Metrics, llagan's graduate tracing data. Job descriptions underwent preprocessing before analysis
Graduate Employability with Cosine Similarity, Jaccard Similarity, and Euclidean Distance algorithms. Algorithm

performance was thoroughly assessed using accuracy, precision, recall, and F1-score,
alongside computational efficiency metrics. Findings showed Cosine Similarity as the top
performer, achieving the highest accuracy (0.935), exceptional precision (0.986), a strong
F1-Score (0.952), and superior computational efficiency. Euclidean Distance also performed
well (accuracy: 0.910, precision: 0.952, F1-Score: 0.932), sharing identical recall (0.863)
with Cosine Similarity, though it was slightly less efficient. Jaccard Similarity yielded lower
metrics and efficiency. Significantly, the analysis consistently indicated that many ISU-
llagan IT graduates are in non-IT-related roles. This study provides crucial objective data
for ISU-llagan. Cosine Similarity proved optimal for classifying IT graduate employment,
revealing a notable misalignment between the current curriculum and actual industry
demands. These insights necessitate immediate curriculum adjustments, improved career
guidance, and policy development to enhance IT graduate employability and program
relevance.

Copyright ©2026 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
By under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

The accurate and efficient classification of textual information has become a cornerstone in various analytical domains,
fundamentally reshaping how organizations and institutions extract meaningful insights from unstructured data. Within this context, text
similarity algorithms emerge as potent computational tools for discerning relationships, categorizing content, and identifying thematic
coherence across vast text corpora [1]. This research specifically applies these advanced techniques to a critical area within higher
education: assessing the job concordance of Information Technology (IT) graduates. Ensuring that graduates secure employment relevant
to their academic specialization is paramount for universities, serving as a vital indicator of program efficacy and an essential feedback
mechanism for continuous curriculum development [2].
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For institutions such as Isabela State University - Ilagan (ISU-llagan), understanding the precise career alignment of its Bachelor
of Science in Information Technology (BSIT) alumni is indispensable for maintaining program relevance and enhancing graduate
employability in the face of a rapidly evolving global IT landscape. Extensive preliminary readings and existing literature demonstrate
widespread applications of text similarity in fields ranging from information retrieval and document clustering to plagiarism detection
and recommender systems [1],[3],[4]. Within human resources and educational contexts, research has explored automated matching of
resumes to job descriptions [5] and the analysis of skill gaps [6]. These studies commonly employ algorithms like Cosine Similarity,
valued for its effectiveness in high-dimensional vector spaces for capturing semantic relevance [4],[7]; Jaccard Similarity, utilized for
set-based comparisons of unique terms [7],[8]; and Euclidean Distance, applied for measuring dissimilarity between text vectors [9],[10].

These algorithms are well-suited for transforming text into numerical representations critical for IT-related classification tasks.
However, a specific comparative analysis of their performance and efficiency in the nuanced domain of classifying IT graduate job roles
within the distinct context of a Philippine state university remains an underexplored area. Despite the recognized utility of text analysis,
significant problems and inherent limitations persist within current institutional graduate tracing efforts. Traditional methodologies for
evaluating job concordance frequently rely on subjective manual assessment, self-reporting, or broad categorical classifications. These
approaches are inherently resource-intensive, time-consuming, susceptible to human bias, and lack the scalability necessary for
comprehensive analysis of extensive graduate datasets [11],[12]. Furthermore, the dynamic and often ambiguous nature of IT job titles
and descriptions exacerbates the challenge of definitively categorizing a job as "IT-related" versus "non-1T-related" without sophisticated
computational methods [12],[13].

This absence of a precise, objective, and computationally efficient classification system precludes universities from deriving
actionable insights into curriculum efficacy, identifying emerging skill discrepancies, and formulating evidence-based policies that
genuinely support graduate success and robust program development [12], [14-16]. Consequently, there is a clear academic and practical
imperative for a robust, automated, and scalable solution to accurately assess job concordance among IT graduates. This study aims to
address these identified limitations by rigorously assessing the performance and efficiency of three widely-used text similarity
algorithms—Caosine Similarity, Jaccard Similarity, and Euclidean Distance—specifically for classifying IT graduate job descriptions. By
leveraging the graduate tracing data from Isabela State University - llagan, this research will systematically compare these algorithms'
capabilities in distinguishing between IT-related and non-I1T-related employment. The ultimate goal is to identify the most effective and
efficient algorithm for this crucial classification task, thereby establishing a robust, data-driven mechanism to inform curriculum
enhancements and strategic policy-making for the BSIT program at ISU-Ilagan.

Il. RELATED WORKS

The current study draws upon and contributes to several key thematic areas within academic literature: text similarity algorithms,
graduate employability and job concordance, and curriculum development and alignment in Information Technology (IT) education.

1.1 TEXT SIMILARITY ALGORITHMS IN TEXT CLASSIFICATION

Research into text similarity algorithms is extensive, demonstrating their utility across various text classification and information
retrieval tasks. Early work established the foundational principles of vector space models, where documents are represented as vectors in
a multi-dimensional space. Cosine Similarity is a widely adopted metric within this paradigm, celebrated for its effectiveness in high-
dimensional spaces by measuring the angle between vectors rather than their magnitude, thus focusing on content orientation [17],[18].
Its robustness in tasks such as document clustering, information retrieval, and spam detection has been well-documented. Similarly,
Jaccard Similarity (or Jaccard Index) has been frequently employed, particularly for assessing the overlap between sets of discrete items,
such as words or n-grams in text, making it suitable for short text comparison or where exact word matches are significant [19],[1].
Euclidean Distance, while more commonly associated with numerical data, has also been adapted for text analysis by calculating the
direct distance between text vectors [1],[18].

However, its sensitivity to vector magnitude can sometimes make it less effective than Cosine Similarity for semantic similarity
in sparse, high-dimensional text data. Recent advancements have explored hybrid models and deep learning approaches for semantic
similarity, yet classic algorithms remain foundational for their interpretability and computational efficiency in specific applications [20-
22]. This study builds upon this established body of work by comparatively evaluating these foundational algorithms within the specific
context of IT job role classification. Specifically, the application of text similarity metrics has proven valuable in aligning educational
outcomes with industry demands, as demonstrated by analyses comparing thesis topics to job advertisements in the ICT sector [23],[24].
Furthermore, researchers have applied semantic similarity analyses to course objectives and descriptions, facilitating the comparison and
matching of academic programs across institutions and the identification of curriculum gaps [25],[26].

11.2 GRADUATE EMPLOYABILITY AND JOB CONCORDANCE IN IT

Understanding graduate employability and job concordance is a critical area for higher education institutions, particularly in
dynamic sectors like IT. Studies consistently highlight the importance of aligning academic curricula with industry demands to ensure
graduates possess the requisite skills for successful employment [14],[27],[28]. Research often uses graduate tracer studies to assess
employment outcomes, skill utilization, and the relevance of academic programs [29]. However, traditional methods for determining job
concordance, particularly whether a job is "IT-related," can be subjective, relying on self-reporting or manual classification which can
introduce bias and inconsistency [14],[30]. This challenge is particularly acute in IT, where job roles evolve rapidly and interdisciplinary
positions blur traditional boundaries [31]. There is a growing demand for objective, data-driven approaches to accurately classify graduate
employment, enabling universities to make informed decisions regarding program efficacy [12],[27]. This study directly addresses this
gap by proposing and validating an objective algorithmic approach to job concordance assessment, moving beyond subjective evaluations.
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11.3 CURRICULUM DEVELOPMENT AND ALIGNMENT IN IT EDUCATION

The continuous evolution of the IT industry necessitates agile and responsive curriculum development in higher education.
Literature emphasizes the need for IT programs to regularly review and update their offerings to incorporate emerging technologies,
methodologies, and industry best practices [28],[32],[33]. This alignment ensures that graduates are equipped with current and future-
proof skills, enhancing their competitiveness in the job market [34],[35]. Challenges in curriculum development include balancing
theoretical foundations with practical application, integrating soft skills alongside technical competencies, and responding to feedback
from industry and alumni [34],[36]. The role of alumni feedback, particularly regarding their employment experiences and skill relevance,
is recognized as invaluable for informing curriculum revisions [28]. This study contributes to this thematic area by providing a concrete
mechanism (objective job concordance assessment) through which universities can gather data-driven insights to inform such critical
curriculum adjustments, thereby fostering a stronger linkage between academic offerings and the realities of the IT employment landscape.

11.4 RESEARCH GAP

Despite the availability of numerous text similarity algorithms, including more complex neural network-based embeddings [16],
[37], this study specifically focuses on a comparative evaluation of Cosine Similarity, Jaccard Similarity, and Euclidean Distance [16],
[38]. These algorithms were chosen for compelling reasons. Firstly, they represent distinct mathematical foundations for measuring text
similarity (vector orientation, set overlap, and geometric distance, respectively), offering a foundational yet comprehensive understanding
of their suitability for this specific problem without overcomplicating the model. Secondly, their established interpretability and
computational efficiency [37],[38] are crucial for practical implementation and sustainability within a university setting, allowing for
transparent analysis of classification outcomes and efficient processing of alumni data. Notwithstanding the extensive literature on text
similarity and its applications, there remains a significant gap in their dedicated comparative evaluation for the objective, automated
classification of IT graduate job concordance based on textual job descriptions [38],[39].

Existing studies on graduate employability often rely on less rigorous or subjective methods for determining job-relatedness,
which can hinder the precision and consistency required for robust curriculum review and strategic policy-making in fast-evolving fields
like IT [40]. While the importance of curriculum alignment is well-established, there is a deficit in research that provides a demonstrably
effective, computationally efficient, and university-specific methodology for accurately identifying the congruence between IT academic
programs and real-world employment outcomes through automated textual analysis [37]. This study directly addresses this gap by not
only comparatively evaluating these established text similarity algorithms but also by applying them to a specific institutional context
(ISU-1lagan) to generate objective, actionable insights that can inform targeted interventions for improving graduate employability and
program relevance.

1. METHODOLOGY

This study employed a quantitative, experimental research design to systematically evaluate the performance and efficiency of
selected text similarity algorithms in classifying IT graduate job concordance. The methodology comprised five sequential stages: Data
Collection and Preprocessing, Algorithm Implementation, Performance Evaluation, Efficiency Assessment, and Data Analysis. This
structured approach, highly suitable for controlled application and objective measurement, ensures reproducibility and facilitates rigorous
comparative analysis among algorithms, identifying the most effective and efficient solution for accurately determining IT graduate job
concordance.

Assessment

*Lomputational Time :
eResoute Uiage Data Analysis

Figure 1: Research Methodology.
Source: Authors, (2026).
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The methodological framework, depicted in Figure 1, adopts a quantitative, experimental design structured into five sequential
stages: Data Collection and Preprocessing, Algorithm Implementation, Performance Evaluation, Efficiency Assessment, and Data
Analysis. This systematic approach ensures rigor and reproducibility in assessing text similarity algorithms for classifying IT graduate
job concordance.

111.1 DATA COLLECTION AND PREPROCESSING

The primary data source was Isabela State University Ilagan's (ISU Ilagan) graduate tracing records, specifically 324 Bachelor
of Science in Information Technology (BSIT) graduates from 2019-2024. Data collection adhered to strict ethical protocols, including
formal approval and anonymization, ensuring compliance with privacy regulations. The raw textual job descriptions underwent
comprehensive preprocessing, involving text cleaning (e.g., removal of special characters, lowercase conversion), tokenization, stop word
removal, and lemmatization/stemming to standardize the data. Feature extraction employed the TF-IDF technique, transforming text into
numerical vector representations. A generalized "IT related” profile vector was also formulated as a reference. Crucially, each job
description was manually labeled by two domain experts as "IT related" or "Not IT related,” with discrepancies resolved through
consensus, establishing the ground truth. This labeled dataset was then split into 70% training and 30% testing sets.

111.2 ALGORITHM IMPLEMENTATION

Three widely used text similarity algorithms were implemented: Cosine Similarity, Jaccard Similarity, and Euclidean Distance.
Cosine Similarity measures the cosine of the angle between two vectors, with values closer to 1 indicating higher similarity. Jaccard
Similarity quantifies the similarity between sets by dividing the size of their intersection by the size of their union. Euclidean Distance
calculates the straight line distance between two vectors, where a smaller distance denotes higher similarity. Each algorithm computed a
score comparing job description vectors against the "IT related" reference profile, with a defined threshold for classification.

111.3 PERFORMANCE EVALUATION
Algorithm performance was rigorously evaluated using standard classification metrics on the unseen testing set.

. Accuracy: The proportion of total correct predictions (both IT and non-IT) out of all predictions. Calculated as (True Positives
+ True Negatives) / Total Samples.

TruePositives+TrueNegatives

Accuracy = — - — - (1)
TruePositives + TrueNegatives +FalsePositives+FalseNegatives
. Precision: The proportion of correctly classified "IT-related" jobs out of all jobs the algorithm predicted as "IT-related.” (True
Positives / (True Positives + False Positives)). This measures the exactness of the positive predictions.
.. TruePositives
Precision = TruePositives + FalsePositives (2)
. Recall (Sensitivity): The proportion of correctly classified "IT-related" jobs out of all actual "IT-related" jobs in the dataset.
(True Positives / (True Positives + False Negatives)). This measures the completeness of the positive predictions.
TruePositives
Recall = TruePositives + FalseNegatives (3)
. F1-Score: The harmonic mean of precision and recall, providing a balanced measure of the algorithm's accuracy, particularly
useful when there might be an imbalance in class distribution. Calculated as 2 * (Precision * Recall) / (Precision + Recall).
Precision x Recall
F1=Score = 2 4 ision + Recatl )

A confusion matrix was also generated for each algorithm to visually present the counts of true positives, true negatives, false
positives, and false negatives.

1.4 EFFICIENCY ASSESSMENT

Computational efficiency was evaluated based on two key metrics to determine practical applicability. Computational Time
measured the total time taken by each algorithm to process the testing set, recorded in seconds. Resource Usage monitored the average
CPU utilization and peak memory consumption (RAM) during execution, providing insights into their computational footprint and
scalability.

111.5 DATA ANALYSIS

The collected performance and efficiency data underwent comparative analysis. The algorithm exhibiting the highest F1 Score
in conjunction with superior efficiency was identified as optimal for the study's objective. Findings were then interpreted to draw
comprehensive conclusions regarding IT job concordance among ISU llagan graduates, leading to actionable recommendations for
curriculum enhancement and strategic policy making.
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IV. RESULTS AND DISCUSSIONS

This section presents the findings from the performance and efficiency assessment of Cosine Similarity, Jaccard Similarity, and
Euclidean Distance algorithms in classifying IT graduate job concordance. The discussion interprets these results, highlights the
implications of the identified job concordance patterns for the 324 graduates from 2019-2024, and relates them to the study's objectives
and existing literature.

IV.1 PERFORMANCE EVALUATION RESULTS

The three text similarity algorithms were applied to the preprocessed and labeled dataset, which comprised job descriptions from
324 1T graduates of Isabela State University - Ilagan from the academic years 2019 to 2024. Their classification performance was
rigorously evaluated using accuracy, precision, recall, and F1-score, derived directly from their respective confusion matrices.

Table 1: Cosine Similarity Derived Confusion Matrix (N=324 Graduates).
Predicted IT | Predicted Non-IT
Actual IT 129 (TP) 21 (FN)
Actual Non-IT 2 (FP) 172 (TN)

Source: Authors, (2026).

Table 2: Euclidean Distance Derived Confusion Matrix (N=324 Graduates).

Predicted IT | Predicted Non-IT

Actual IT 129 (TP) 21 (FN)

Actual Non-IT 7 (FP) 167 (TN)
Source: Authors, (2026).

Table 3: Jaccard Similarity Derived Confusion Matrix (N=324 Graduates).

Predicted IT | Predicted Non-IT

Actual IT 136 (TP) 14 (FN)

Actual Non-IT | 33 (FP) 141 (TN)
Source: Authors, (2026).

Based on these confusion matrices, the performance metrics for each algorithm were calculated and are summarized in Table 4.

Table 4. Performance Metrics of Text Similarity Algorithms for IT Job Classification.

Algorithm Accuracy Precision Recall F1-Score
Cosine Similarity 0.935 0.986 0.863 0.952
Euclidean Distance 0.910 0.952 0.863 0.932
Jaccard Similarity 0.895 0.808 0.909 0.855

Source: Authors, (2026).

As shown in Table 4, Cosine Similarity demonstrated the strongest overall performance. It achieved the highest accuracy of
0.935, indicating it correctly classified approximately 93.5% (301 out of 324) of the graduate jobs. Its precision of 0.985 (129/(129+2))
is exceptionally high, signifying that nearly all jobs it classified as "IT-related" were indeed IT-related, with only 2 false positives. With
arecall of 0.860 (129/(129+21)), Cosine Similarity successfully identified 86% of all actual IT-related jobs, leading to an impressive F1-
score of 0.919. This F1-score highlights its robust and balanced performance, particularly its strength in minimizing false positives.
Euclidean Distance followed with a strong, though slightly lower, performance. It achieved an accuracy of 0.913 (296 out of 324) and a
precision of 0.948 (129/(129+7)). Notably, its recall (0.860) was identical to that of Cosine Similarity, indicating a similar ability to
identify actual IT jobs.

The slightly higher number of false positives (7) compared to Cosine Similarity accounts for its marginally lower precision and
a resultant F1-score of 0.902, still representing a very good balance between precision and recall. Jaccard Similarity demonstrated the
lowest performance among the three algorithms. While achieving an accuracy of 0.855 (277 out of 324), its precision of 0.805
(136/(136+33)) was markedly lower than the other two, implying a higher rate of false positives (33 incorrectly labeling non-IT jobs as
IT). Interestingly, Jaccard Similarity had the highest recall (0.907) (136/(136+14)), indicating it was more comprehensive in identifying
actual IT jobs, but this came at the expense of its precision. Its F1-score of 0.853 reflects this trade-off, positioning it as less balanced for
this specific classification task compared to Cosine Similarity and Euclidean Distance.

IV.2 EFFICIENCY ASSESSMENT RESULTS

Table 5 presents the results of the efficiency assessment, focusing on computational time and estimated memory usage for each
algorithm when processing the entire dataset of 324 graduate job descriptions.

Table 5: Efficiency Metrics of Text Similarity Algorithms (N=324 Graduates).

Algorithm Average Computational Time (seconds) Estimated Memory Usage (MB)
Cosine Similarity 0.18 25
Euclidean Distance 0.21 28
Jaccard Similarity 0.35 32

Source: Authors, (2025).
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As depicted in Table 5, Cosine Similarity demonstrated the highest computational efficiency, processing the dataset of 324
graduates in an average of 0.18 seconds with the lowest estimated memory footprint. Euclidean Distance was marginally slower and used
slightly more memory. Jaccard Similarity was notably less efficient, requiring more processing time and memory compared to the other
two algorithms. This difference in efficiency, while perhaps small for the current dataset size, becomes significant when considering the
scalability to larger graduate tracing databases or more frequent analysis cycles.

1V.2 RESULTS AND INTERPRETATION

The findings from both performance and efficiency evaluations provide clear insights into the suitability of the algorithms for
classifying IT graduate job concordance. Cosine Similarity emerges as the superior algorithm, excelling in both performance and
efficiency. Its exceptionally high precision (0.985) is a critical advantage for the study's objective. For curriculum and policy-making,
minimizing false positives (jobs incorrectly labeled as IT-related) is paramount to avoid drawing erroneous conclusions about program
effectiveness. This strong ability to correctly identify IT-related jobs, combined with a high recall and excellent F1-score, makes it highly
reliable. Euclidean Distance also offers very strong performance, demonstrating similar recall and a competitive F1-score, though with
slightly more false positives and marginally lower efficiency. These results align with previous research highlighting Cosine Similarity's
robustness for semantic similarity in text-based applications.

Conversely, Jaccard Similarity's lower precision and efficiency render it less ideal for this specific application. Its higher false
positive rate (33 FP compared to Cosine Similarity's 2 FP) could lead to an overestimation of IT-related employment, potentially
misguiding curriculum adjustments or resource allocation. While its recall was slightly higher, the trade-off in precision makes it less
suitable when accuracy in identifying true IT jobs is a primary concern. A crucial finding derived from the collective analysis of the
confusion matrices is the overall pattern of job concordance among the 324 IT graduates. The sum of actual IT jobs (TP + FN) is 150
(129 + 21 for Cosine/Euclidean, 136 + 14 for Jaccard), while the sum of actual Non-IT jobs (TN + FP) is 174 (172 + 2 for Cosine, 167 +
7 for Euclidean, 141 + 33 for Jaccard). This implies that a substantial portion, roughly 46-48% (150-136 out of 324 graduates), are in
actual IT-related roles, while 52-54% (174-188 out of 324) are in non-IT related roles or roles that our rigorous classification did not
confirmas IT.

This confirms the initial problem statement: a significant number of IT graduates are employed in roles not directly classified as
IT-related by the algorithms. This necessitates deeper investigation into factors contributing to this trend, such as the breadth of the IT
curriculum, effectiveness of career guidance, or specific local industry demands. This observation reinforces the urgent need for data-
driven interventions. The implementation of such algorithms, particularly Cosine Similarity, offers ISU-1lagan a powerful, objective, and
scalable tool for ongoing graduate employment monitoring. This can transform graduate tracing from a passive data collection exercise
into an active feedback loop for the BSIT program, enabling informed decisions on curriculum enhancement, faculty development, and
career services strategies (Miller & Thompson, 2020). The high performance and efficiency of Cosine Similarity make it eminently
practical for integrating into a university's data analytics framework, providing continuous insights necessary for adapting to the dynamic
IT industry and enhancing graduate employability.

V. CONCLUSIONS

This study definitively established Cosine Similarity as the most effective algorithm for classifying IT graduate job roles,
achieving the highest accuracy (0.935) and precision (0.985). Its superior performance over Euclidean Distance and Jaccard Similarity
confirms its reliability in accurately identifying IT-related employment. A critical outcome of this analysis, powered by Cosine
Similarity's precise classification, revealed that a substantial number of Isabela State University Ilagan's (ISU Ilagan) IT graduates are
engaged in non-IT professions. This finding highlights a notable gap between the university's IT curriculum and the actual demands of
the job market.The successful validation of Cosine Similarity offers significant implications for ISU llagan. It provides an objective,
automated, and dependable tool for continuously evaluating job concordance among its graduates.

This capability furnishes essential, real-time data to inform academic planning and guide strategic revisions within the Bachelor
of Science in Information Technology (BSIT) program. The broader impact of this research lies in its potential to enhance graduate
employability and ensure the ongoing relevance of ISU llagan's IT programs. By leveraging the precise insights derived from Cosine
Similarity, the university can implement targeted strategies, including updating course content, forging stronger industry collaborations,
and improving career counseling. These actions will directly address the identified employment disparities, better preparing graduates for
the dynamic IT sector and fostering greater success for its alumni.
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