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ABSTRACT 

One of the key educational trends of the modern era is the emphasis on 

Science, Technology, Engineering, Mathematics (STEM) education. 

STEM concepts are used in almost every educational institution, creating 

the impression that STEM education is promoted globally. At the one end 

STEM education model enhancing across the world, another side agitation 

among students is also enhancing. Therefore, this seems that STEM 

movement, only cannot, lead harmony in Human being. In this paper 

UHV-STEM model has been proposed and research has been validated 

using real data set collected by teaching Universal Human Values (UHV) 

to students and teachers of different discipline, and outcome has been 

analyzed by applying various clustering algorithms  used for identifying 

pattern for course, subject, program selection by art and science students 

as well teachers. Two aspects of students' performance have been focused 

upon course selection specifically related to adoption of education model 

as UHV-STEM or UHV-STEAM. Combinations of the progression and 

cluster-based classification results are formulated using various identified 

clustering Algorithms. 

Keywords: Universal Human Values, STEM, UHV-STEM, Clustering 

Algorithm, Educational Data Mining. 

1. INTRODUCTION 

Educational Data Mining (EDM) (Baker & Yacef, 2009) plays a crucial role in predicting students' 

performance, selecting suitable programs, subjects, and designing courses tailored to individual needs. 

One of the key challenges in education is predicting students' performance accurately to provide timely 

support and intervention. Clustering techniques, such as K-Means, DBSCAN, BIRCH, and others, can 

help in grouping students based on their academic performance, learning styles, and other relevant 

factors. By analysing these clusters, educators can identify patterns that indicate potential academic 

challenges or strengths, allowing for personalized interventions to improve students' performance. 

STEM / STE(A)M (Science, Technology, Engineering, (Arts,) Mathematics) (Choi et al., 2017; Liao, 

2016; Shin & Shim, 2021) course predictive analysis utilizes clustering algorithms to forecast demand 

and design programs aligning with student interests. Techniques like K-Means and Mini-Batch K-means 

can analyze better for course demand, ensuring institutions offer relevant and engaging STEM/STEAM 

programs that prepare students for future careers. 

Course classification analysis techniques, including machine learning algorithms like K-Means and 

Mini-Batch K-means, can help in forecasting the demand for courses and designing new programs that 

align with students' interests and future career prospects. These techniques analyze historical data on 

course enrolments, student preferences, and market trends to make informed predictive analysis about 

future course demand. 

Program selection techniques involve using clustering algorithms to group students based on their 

interests, aptitudes, and career goals. By analysing these clusters, educators can recommend suitable 

programs that align with students' aspirations and abilities. This personalized approach to program 

selection ensures that students are placed in programs where they are likely to excel and achieve their 

goals, leading to higher satisfaction and retention rates. 
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Similarly, subject selection techniques utilize clustering algorithms to categorize students based on their 

preferences, strengths, and weaknesses in different subjects. By analysing these clusters, educators can 

recommend subjects that are well-suited to each student's abilities and interests, fostering a more 

engaging and fulfilling learning experience. 

STEM/STEAM education prediction focuses on forecasting the demand for STEM/STEAM courses and 

programs to meet the growing need for skilled professionals in these fields. By using clustering 

algorithms to analyze data on student interest in STEM/STEAM subjects, career aspirations, and market 

trends, educators can design STEM programs that are relevant, engaging, and aligned with students' 

future career prospects. This approach not only prepares students for successful careers in STEM but 

also contributes to the overall welfare of students by equipping them with the skills and knowledge 

needed for success to earn physical facility in the 21st-century (Cetto et al., 2000), but unable to handle 

anxiety, agitation creating among students (Gaur et al., 2010). 

The inclusion of Universal Human Values (UHV) in education is essential for nurturing well-rounded 

individuals who are not only academically proficient but also ethical and empathetic (Singh & Kumar, 

2024). By integrating UHV into STEM/STEAM courses, educators can instill values such as trust, 

gratitude, reverence, compassion, integrity, and respect for diversity, which are crucial for building a 

sustainable and inclusive society. This holistic approach to education ensures that students are not only 

prepared for academic and professional success but also equipped with the values and principles needed 

to be responsible global citizens. (Gaur et al., 2010) said that UHV can impart transformational change 

at the level of individual, family, Society, and Nature / Existence. 

In conclusion, the integration of Universal Human Values with STEM/STEAM education (UHVSTEM 

/ UHVSTEAM), supported by the application of clustering techniques in Educational Data Mining, 

holds immense potential for transforming the educational landscape. By leveraging these technologies 

and approaches, educators can analyses students' performance, design personalized courses and 

programs, and promote values essential for sustainable development. This holistic approach to education 

not only enhances academic outcomes but also fosters the holistic development and welfare of students, 

preparing them to meet the challenges of the future with confidence and compassion. 

2. LITERATURE REVIEW 

Clustering algorithms have become increasingly popular in the field of education, particularly in 

pedagogy and analyzing student performance. Algorithms like K-means, DBSCAN, BIRCH, and others 

provide a robust framework for analyzing educational data and extracting valuable insights. By grouping 

students based on their similarities and performance trends, educators and administrators can customize 

teaching approaches, forecast future outcomes, and enhance the overall learning experience. 

One of the key uses of clustering in education is in course planning, curriculum design, and course 

predictive analysis (Regueras et al., 2019). By clustering students based on their academic strengths, 

weaknesses, and interests, educators can analyses personalized learning paths. Moreover, clustering 

algorithms can accurately analyse future academic performance, helping educators identify students who 

may need additional support. Demographic data, behavior, psychology, family socio-economic 

background, and school environment also play a great role in academic as well course selection (Batool 

et al., 2023; Issah et al., 2023; Kukkar et al., 2024). 

3. FACTORS IMPACTING STUDENTS’ PERFORMANCE 

In addition to the studies mentioned earlier, several other parameters can affect student’s achievements, 

course, subject, and program selection / prediction / analysis (Table 1) as mentioned below: 

Table 1:  Factors associated with students’ achievements, course, subject, and program selection 
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These above factors are in quantitative or qualitative in nature, and have been taken from the study 

(Bansal et al., 2023; Crisp et al., 2009; Gasiewski et al., 2012; Gaur et al., 2010; Williams & Williams, 

2011). 

Considering these above parameters alongside the previously mentioned factors can provide a more 

comprehensive, holistic understanding of students' course, subject, and program selection decisions. 

4. PROPOSED WORK: ALGORITHMS TO BE USED 

Pattern recognition is the primary application of data mining, commonly referred to as knowledge 

discovery in databases (Agrawal et al., 1993). The application of data mining techniques for pattern 

recognition, specifically in the field of education, is known as educational data mining, or EDM. 

Patterns that can be discovered with the use of educational data mining techniques will revolutionize for 

student's success analysis and prediction (Romero & Ventura, 2007). Using educational data mining 

tools, it is possible to look at Vocational Training Programs and predict student course, subjects, 

program, and subsequently job mapping. By creating psychological or self-assessment batteries, 

demographic data about students—such as age, gender, and socioeconomic status—as well as a variety 

of other parameters—can be used to develop educational data mining techniques that predict and sustain 

collaborative governance and collaboration within and between organizations. Finally, EDM can predict 

offline and online education that is beneficial to society and the economy through colleges, universities, 

and other academic organizations. EDM is most commonly used to identify students, develop curriculum 

efficient test, forecast student performance, assist in determining courses, help learners avoid dropping 

out, increase course completion rates, and target learning. 

Clustering can also be one of the fruitful unsupervised learning approaches for identifying pattern of 

students in blended learning ( Asif et al., 2017; Durairaj & Vijitha, 2014; Peña-Ayala, 2014; Suciati et 

al., 2023) identify various clustering algorithm for making clusters for performing classification 

analysis. The various clustering algorithms are used for result formulation has been used are K-Means 

Clustering, DBSCAN (Density-Based Spatial Clustering of Applications with Noise), BIRCH (Balanced 

Iterative Reducing and Clustering using Hierarchies), Affinity Propagation, Mean-Shift, OPTICS 

(Ordering Points To Identify the Clustering Structure), Agglomerative Hierarchical Clustering, Mini-

Batch K-Means (Ankerst et al., 1999; Khan et al., 2014; Peng et al., 2018; Sasirekha & Baby, 2013; 

Wang et al., 2018; Wu & Yang, 2007). Corresponding to all algorithms confusion matrix can be 
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calculated for measuring the accuracy, performance and other related features. The confusion matrix 

results provide insights into how well clustering algorithms can group courses based on their attributes. 

Educators can use these results to improve course recommendations, curriculum design, and overall 

student learning experience. 

5. RESEARCH METHODOLOGY 

After reviewing of various studies has been identified that prediction of any new course, subject, and 

programme is not an easy task, even it is difficult to predict than that of grade prediction of any of the 

students. Definitely, it will be much more difficult when it has to be identified that what education have 

to be provide to the world, so that it can achieve fourth sustainable development goal of the United 

Nations. Some of the Organizations such as All India Council for Technical Education (AICTE), and 

University Grant Commission (UGC) and Ministry of Education Government of India has adopted the 

model of education of Universal Human Values. Where it has been identified that UHV education can 

better deal with acquiring Harmony at level of living of Human being such as Individual, Family, 

Society, Nature and Existence identified by (Gaur et al., 2010). 

In this research, methodology used is qualitative, and firstly students have to taught UHV content for 

approximately of 18 hours, as well-run train to trainers’ program for teachers for approx. 18 Hours, and, 

then Research Questions have been formulated and has been asked through Google form analytics on 

the base of Likert five-point scale “Strongly Agree”, “Agree”, “Undecided”, “Disagree”, “Strongly 

Disagree” (Armstrong, 1987).  Finally various clustering algorithms has been applied as mentioned 

above in the paper, and confusion matrix formulated and course selection has been identified by art and 

science students as well teachers up to the level of severity for the inclusion of UHV with current 

education system. The research questions asked were as: 

RQ1. Is It be sustainable and holistic education when incorporation of UHV done with current 

education? 

RQ2. Is UHV based education will satisfy the holistic and sustainable living? 

RQ3. Is UHV based education will lead students towards definite human conduct? 

RQ4. Is UHV based education will lead students towards sustainable and holistic development? 

RQ5. Is UHV based education will lead Harmony in Human being? 

RQ6. IS UHV incorporation with current education will lead students towards Happiness? 

RQ7. IS UHV important for all students / teachers / society for holistic living? 

RQ8. IS only STEM (Science, Technology, Engineering, and Mathematics) education will lead 

Harmony in Human being? 

RQ9. Is addition of UHV education with STEM education will lead Harmony in Human being? 

RQ10. Is delivery of UHV “Education- Sanskar” is necessary for all students? 

Where ‘Education’ is about understanding the right thing and ‘Sanskar’ is to live accordingly (Gaur et 

al., 2010). Predicting the research framework or educational framework for a course, subject, or program 

focused on Universal Human Values (UHV) based STEM (Science, Technology, Engineering, and 

Mathematics), STEAM (STEM + Arts), or NON-STEAM disciplines involves considering several key 

factors. 

Integration of Values into Curriculum, Selection of Teaching Methods, Assessment of Value Integration, 

Professional Development for Educators / Facilitator / Co-Explorer, Engagement with Stakeholders, and 

to choose methods that promote the understanding and application of UHV in STEM / STEAM / NON-

STEAM disciplines. This could include case studies related to human living, role-playing exercises, and 

reflective practices that encourage students to consider the ethical, moral, value-based dimensions of 

their work. This value-based collaborative approach will help to ensure the framework's relevance, 

effectiveness, and enhance complementarity (Gaur et al., 2010) (Singh & Kumar, 2024). 

5.1 Research and Evaluation: 
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Overall, Predicting the research framework or educational framework for a course, subject, or program 

focused on Universal Human Values (UHV) based STEM (Science, Technology, Engineering, and 

Mathematics), STEAM (STEM + Arts), or NON-STEAM disciplines can be enhanced, analyzed, and 

predict by applying clustering algorithms. 

5.2 Research Assessment Method: 

5.2.1 Data Preparation: 

Gather data related to core values, curriculum integration, teaching methods, assessment tools, 

professional development, stakeholder engagement, and research and evaluation. Each data point should 

represent a specific aspect of the framework (Feldman-Maggor et al., 2021). 

5.2.2 Feature Selection: 

Select relevant features from the data that are suitable for clustering (Parhizkar et al., 2023). These 

features should capture the key components of the framework and how they relate to UHV integration 

in STEM / STEAM / NON-STEAM disciplines. 

5.2.3 Normalization: 

Normalize the selected features to ensure that they are on the same scale and have a comparable impact 

on the clustering process or modeling (Parhizkar et al., 2023). 

5.2.4 Clustering: 

Apply clustering algorithms such as K-Means, DBSCAN, BIRCH, Affinity Propagation, Mean-Shift, 

OPTICS, Agglomerative Hierarchy, and Mini-Batch K-means to the normalized data. These algorithms 

will group similar data points together based on their feature values. 

5.2.4.1 Cluster Analysis: 

Analyze the clusters generated by the algorithms to identify patterns and groupings within the data. Look 

for clusters that represent different aspects of the framework, such as teaching methods that promote 

UHV integration or assessment tools that measure UHV understanding. 

5.2.5 Framework Classification: 

Based on the cluster analysis algorithms applied, analyze and doing cluster-based classification analysis 

and preparing the framework for the UHV-based STEM / STEAM / NON-STEAM course, subject, 

program, or education. Use the clusters to guide the development of the framework, ensuring that it 

integrates core values and promotes UHV in all aspects of teaching and learning. 

5.2.6 Validation: 

Validate the predicted framework by comparing it to existing frameworks and consulting with 

stakeholders. Make adjustments as necessary to ensure that the framework is relevant, effective, and 

aligned with UHV principles. 

5.3 Performance Metrics: 

In the methodology, final goal become possible to hit through taken confusion matrix and parameter 

associated with the matrix named as Accuracy, Precision, Recall, F1-Score, and Specificity (Xia, 2020), 

which are given as: 

True Positive (TP): The number of correct predictions that an instance is positive. 

True Negative (TN): The number of correct predictions that an instance is negative. 

False Positive (FP): Incorrectly predicted as positive while it is negative. 

False Negative (FN): Incorrectly predicted as negative while it is positive. 

Accuracy = (TP + TN) / (TP + TN + FP + FN)    (Formula 1) 

Precision = TP / (TP + FP)      (Formula 2) 

Recall (Sensitivity) = TP / (TP + FN)     (Formula 3) 

F1 Score = 2 * (Precision * Recall) / (Precision + Recall)   (Formula 4) 

Specificity = TN / (TN + FP)      (Formula 5) 
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6. RESULT ANALYSIS 

In this section, we describe the results obtained in some specific phases of the Research Questions asked. 

For the evaluation of the dataset for further analysis various clustering techniques has been identified 

from Educational Data Mining, and results has been tested further. These clustering techniques are 

including K-Means, DBSCAN, BIRCH, Affinity Propagation, Mean-Shift, OPTICS, Agglomerative 

Hierarchy, and Mini-Batch K-means, to predict course UHV-STEM / UHVSTEM. 

On behalf of confusion matrix precision, recall, specificity, sensitivity etc., has been measured 

corresponding to various clustering algorithms. 

 
Figure 1: ML Model outcome using Various Clustering Feature Selection Algorithms 

As per the confusion matrix identified (Figure 1) the rate of adoption of UHV is seen very less by 

students as well as faculties of art stream through all clustering algorithms, while the rate of adoption of 

UHV by the science students and faculties were very much high, and the rate of adoption of UHV by 

Science stream students and faculties were as 93.85% by OPTICS clustering algorithm, 92.82% by 

Mean-Shift Algorithm, 89.23% by DBSCAN, 76.92% by Affinity Propagation algorithm, 69.23% by 

Agglomerative Hierarchy algorithm, 67.18% by Mini-Batch K-Means algorithm, 64.62% by K-Means 

algorithm, and 64.10% by BIRCH clustering algorithm among all science students as well teachers. So, 

the highest predictive analysis rate for UHV has been identified by OPTICS clustering algorithm, and 

lowest predictive analysis rate has been identified by BIRCH clustering algorithm. 

By deriving the confusion matrix generated the various classification analysis related parameter such as 

Precision, Recall, F1-Score, Specificity for the predictive analysis of the results corresponding to the 

clusters made has been further analyzed. Since in this research two cluster has been made for the art and 

science students on which it has been identified that what is the percentage ratio of arts as well science 

student’s vs teachers for occupying the UHV as a course. 

Actual computation of accuracy can be understood through visualization done in Figure 2. It is clearly 

observable that OPTICS gives best result and then after DBSCAN, and further Mean-Shift algorithm 

can be the best for predictive analysis in terms of Accuracy, and K-Means gives lowest Accuracy. 
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Figure 2: measuring level of Accuracy corresponding to various clustering Algorithms 

Actual computation of precision can be understood through visualization done in Figure 3, and it is 

clearly observable that DBSCAN gives best result for precision and then after OPTICS, and further 

Affinity Propagation algorithm can be the best for predictive analysis in terms of Precision, and K-

Means gives lowest precision. 

 
Figure 3: measuring level of precision corresponding to various clustering Algorithms 

Actual computation of Recall can be understood through the visualization done in Figure 4, and it is 

clearly observable that OPTICS gives best result for recall and then after Mean-Shift, and further 

DBSCAN algorithm can be the best for predictive analysis in terms of Recall, and BIRCH gives lowest 

recall value. 
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Figure 4: measuring level of Recall corresponding to various clustering Algorithms 

Actual computation of F1-Score can be understood through the visualization done in Figure 5, and it is 

clearly observable that OPTICS gives best result for F1-Score and then after DBSCAN, and further 

Mean-Shift algorithm can be the best for predictive analysis in terms of F1-Score, and K-Means gives 

lowest F1-Score. 

 
Figure 5: measuring level of F1-Score corresponding to various clustering Algorithms 

Actual computation of Specificity can be understood through the visualization done in Figure 6, and it 

is clearly observable that BIRCH gives maximum specificity, and Mean-Shift clustering algorithm give 

minimum Specificity. 
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Figure 6: measuring level of Specificity corresponding to various clustering Algorithms 

As shown in Table 2, all evaluation parameters, including recall value, accuracy, precision, and F1-

score, and specificity related to cluster-based classification, may be evaluated at a single spot. 

Table 2: Comparison table of evaluation metrics for various clustering algorithms based on student 

performance. 

Algorithms Accuracy Precision Recall F1-Score Specificity 

OPTICS 0.644518272 0.658273381 0.938461538 0.773784355 0.103773585 

Mean-Shift 0.621262458 0.644128114 0.928205128 0.760504202 0.056603774 

DBSCAN 0.641196013 0.666666667 0.892307692 0.763157895 0.179245283 

Affinity 

Propagation 
0.591362126 0.657894737 0.769230769 0.709219858 0.264150943 

Agglomerative 

Hierarchy 
0.528239203 0.622119816 0.692307692 0.655339806 0.226415094 

Mini-Batch K-

means 
0.508305648 0.609302326 0.671794872 0.63902439 0.20754717 

K-Means 0.495016611 0.602870813 0.646153846 0.623762376 0.216981132 

BIRCH 0.534883721 0.641025641 0.641025641 0.641025641 0.339622642 

6.1 Significance of the study: 

This study highlights the significance of using educational data mining approaches to include Universal 

Human Values (UHV) with STEM / STEAM education. This integration will ensure new personalized 

courses, and cultivating values important for sustainable growth. Ultimately UHV can be treated as a 

language for harmonious environment. Ultimately the results depict that education model should be 

value based STEM / STEAM (VbSTEM / VbSTEAM), and content of exploration should be UHV, so 

more precisely the model of Education should be UHVSTEM / UHVSTEAM. 

7. CONCLUSION AND FUTURE WORK 

The study aimed to analyze the inclusion of Universal Human Values (UHV) in arts and science 

education, focusing on students' and teachers' perceptions. It found that science students and teachers 

are more inclined towards UHV content, indicating a need for its compulsory study. While STEM 

education enhances skills, it lacks in fostering human relations, leading to a sense of disconnect later in 

life. Clustering algorithms applied to the dataset showed that UHV is crucial for understanding human 

relationships and promoting happiness. OPTICS, Mean-Shift, and DBSCAN found better for 

classification analysis of the course. To create societal harmony, the education model should be 

UHVSTEM / UHVSTEAM. Future research could predict student behavior using self-assessment 
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batteries based on UHV content exploration among students and teachers, the impact assessment for 

students’ holistic development, and comparative outcomes study can be possible to measure. 
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