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APPENDIX - 1 

Sample Code – SentimentAnalyzer 

package servlet1; 

import java.util.Properties; 

import org.ejml.simple.SimpleMatrix; 

import edu.stanford.nlp.ling.CoreAnnotations; 

import edu.stanford.nlp.neural.rnn.RNNCoreAnnotations; 

import edu.stanford.nlp.pipeline.Annotation; 

import edu.stanford.nlp.pipeline.StanfordCoreNLP; 

import edu.stanford.nlp.sentiment.SentimentCoreAnnotations; 

import edu.stanford.nlp.trees.Tree; 

import edu.stanford.nlp.util.CoreMap; 

/** 

* 

* @author jayanthi 

*/ 

public class SentimentAnalyzer 

{ 

static Properties props; 

static StanfordCoreNLP pipeline; 

public void initialize(String path) 

{ 

// creates a StanfordCoreNLP object, with POS tagging, lemmatization, NER, 

parsing, and sentiment 

props = new Properties(); 

props.setProperty("parse.model", 

path+"edu\\stanford\\nlp\\models\\lexparser\\englishPCFG.ser.gz"); 

props.setProperty("sentiment.model", 

path+"edu\\stanford\\nlp\\models\\sentiment\\sentiment.ser.gz"); 

props.setProperty("annotators", "tokenize, ssplit, parse, sentiment"); 

pipeline=new StanfordCoreNLP(props); 

//LexicalizedParserlp = 

LexicalizedParser.loadModel("edu/stanford/nlp/models/lexparser/englishPCFG.ser.g

z"); 

} 

public SentimentResultgetSentimentResult(String text) { 

SentimentResultsentimentResult = new SentimentResult(); 

SentimentClassificationsentimentClass = new SentimentClassification(); 

if (text != null &&text.length() > 0) { 

// run all Annotators on the text 

Annotation annotation = pipeline.process(text); 

for (CoreMap sentence: 

annotation.get(CoreAnnotations.SentencesAnnotation.class)) { 

// this is the parse tree of the current sentence 

Tree tree = sentence.get(SentimentCoreAnnotations.SentimentAnnotatedTree.class); 

SimpleMatrixsm = RNNCoreAnnotations.getPredictions(tree); 
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String sentimentType = 

sentence.get(SentimentCoreAnnotations.SentimentClass.class); 

sentimentClass.setVeryPositive((double)Math.round(sm.get(4)*100d)); 

sentimentClass.setPositive((double)Math.round(sm.get(3)*100d)); 

sentimentClass.setNeutral((double)Math.round(sm.get(2)*100d)); 

sentimentClass.setNegative((double)Math.round(sm.get(1)*100d)); 

sentimentClass.setVeryNegative((double)Math.round(sm.get(0)*100d)); 

sentimentResult.setSentimentScore(RNNCoreAnnotations.getPredictedClass(tree)); 

sentimentResult.setSentimentType(sentimentType); 

sentimentResult.setSentimentClass(sentimentClass); 

}} 

Return sentimentResult; 

}} 
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ABSTRACT

Educational data mining is a research field that is used to enhance education system. Research studies 
using educational data mining are in increase because of the knowledge acquired for decision making to 
enhance the education process by the information retrieved by machine learning processes. Sentiment 
analysis is one of the most involved research fields of data mining in natural language processing, 
web mining, and text mining. It plays a vital role in many areas such as management sciences and 
social sciences, including education. In education, investigating students’ opinions, emotions using 
techniques of sentiment analysis can understand the students’ feelings that students experience in 
academic, personal, and societal environments. This investigation with sentiment analysis helps the 
academicians and other stakeholders to understand their motive on education is online. This article 
intends to explore different theories on education, students’ learning process, and to study different 
approaches of sentiment analysis academics.

Keywords
Education, Learning Theories, Sentiment Analysis, Student Emotions

1. INTRODUCTION

Education is the continuous process of learning or ongoing development in abilities, values, attitudes, 
behaviours and intelligence. Types of Education include instruction, reading, narrative, debate, and 
guided study. Education is mostly provided under the inspection of teachers, and also but learners may 
undergo self-learning. The process of education can be done in a formal or informal environment. The 
definition of education differs between philosophers. Figure 1 shows some description of Education 
by various philosophers.

The essential motive of any academic program is to provide students with the required knowledge 
and skillsets to transform onto a productive professional within a given stipulated period. Using Data 
Mining (DM) strategies to evaluate knowledge about students may help establish potential explanations 
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for learning. Educational Data Mining (EDM) is a data mining technology field developed to address 
educational problems (Altrabsheh et al., 2013). This contains a large volume of contextual information 
which offers a better understanding of learners based on their methods of learning. This utilizes DM 
methods to analyze data from the academic environment and to address academic problems that stop 
from achieving the motive of the educational programme. As with other extraction methods using DM 
techniques, EDM derives relevant, interpretable, valuable and novel information from educational 
data (Algarni 2016). Educational data mining researchers view the following as their work goals (T. 
E. D. Mining 2012):

•	 Predicting the potential learning behaviour of students by developing models of students that 
include such specific details as the experience, motivation, meta- cognition, and attitudes of 
students

•	 The discovery or development of domain structures characterizing the learning material and 
optimal instructional sequences.

•	 Investigating the influences of different kinds of pedagogical aid that learning applications can 
offer.

•	 Advancing empirical information about learning and learners by developing computational models 
that include student simulations, the environment and the pedagogy of the program

Figure 1. Definition of education
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Sentiment analysis, also termed as opinion mining, is an application of natural language 
processing, computational linguistics, and content interpretation that, by analyzing the viewpoint, 
recognizes and retrieves emotion polarity from the content. The polarity of opinion is typically 
either positive (confident and enthusiastic) or negative (confused, boisterous, and furious), but often 
used as neutral (Altrabsheh et al., 2014). Mostly the sentiment analysis is applied in e-commerce, to 
analyze the customer reviews. Only a few articles (Altrabsheh et al., 2013; Altrabsheh et al., 2014) 
apply sentiment analysis in the education domain. This paper reviews sentiment analysis in the field 
of education.

The study is organized in this survey paper as the following. Section 2 gives the different definition 
of education Section 3 describes various theories on learning. It is based on emotion and academic 
performance of the student. Section 4 explains the research on Education, which mainly includes 
academic performance, student behaviour and emotions. The application of Education under computer 
science is described in Section 4. In section 5 the sentiment analysis and research in education using 
sentiment analysis is explored, and finally, section 5 concludes this paper.

2. WHAT IS EDUCATION?

Oxford definition of Education, Education is the process of acquiring or providing systematic 
instruction, especially at an academic environment like school, college or university. Education is 
the process of delivery of knowledge, skills and information to students by teachers.

According to Johann Heinrich Pestalozzi, a Swiss pedagogue and educational reformer, 
“Education is the natural, harmonious and progressive development of man’s innate powers.”

John Dewey, an American educational reformer who was also a philosopher and psychologist 
whose thoughts have been instrumental in Education and social reform. He stated, “Education is the 
development of all those capacities in the individual, which will enable him to control his environment 
and fulfil his possibilities”.

Based on John Adams, was an American statesman, attorney, diplomat, writer, and the second 
president of the United States, “Education is a conscious and deliberate process in which one 
personality acts upon another to modify the development of that other by the communication and 
manipulation of knowledge.”

3. THEORIES ON LEARNING

The philosophy of Education is the principle of intention, practice and perception of teaching 
and learning. Theory of learning explains the process of consuming, processing and maintaining 
information while learning. The factors of Cognitive, emotional and environmental and prior 
experience play a role in how opinion or a world view is gained or changed and information and 
skills conserved.

Theories of learning tend to fall under one of a variety of viewpoints or paradigms, including 
behaviourism, cognitivism, constructivism, humanism, connectivism, concise and others. This 
section discusses three fundamental theories shown in Figure 2 and also explains some taxonomy 
of learning theories.

Behaviourism is a perspective of which contextual influences can describe behaviour, and 
behavioural conditioning should be seen as a primary learning mechanism. The principles of positive 
and negative feedback in behaviourism are essential methods for understanding and altering behaviour, 
as well as a method of discipline and reward. It involves repetitive actions, overt encouragement and 
participatory rewards. This is excellent for developing guidelines, especially for managing behaviour.

Cognitivism is a theory of learning by Jean Piaget. In this, he states that the child builds detailed 
neural processes and behavioural response to experiences. Students learn most efficiently in this theory 
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by reading text and through teaching in lecture. In the opinion of cognitivism, learning comes about 
when the student reorganizes knowledge, either by seeking new approaches or by modifying old ones.

Constructivism believes that individuals are responsible for expanding their self-view on the 
environment by applying what they learned in the course of relating current knowledge to other 
experiences founded on previous experiences. People make use of those intercommunications and 
new knowledge to form their interpretation. Since students build their knowledge base, it is not always 
possible to predict outcomes, so the instructor will test and question the myths that may have arisen. 
A constructivistic approach may not be the best method to use where reliable outcomes are expected. 
Table 1 shows a short comparison of these three learning theories.

3.1 Bloom’s Taxonomy of Learning Domain
In 1956, Bloom’s taxonomy was by developed by Dr Benjamin Bloom (Bloom n.d.) educational 
psychologist to promote higher modes concerning educational thought, such as evaluating and 
analysing, rather than merely memorising facts. The three types of knowledge, or domains, they 
describe are cognitive (knowledge), affective (attitudes), and psychomotor (physical abilities).

Cognitive Domain involves awareness, and analytical skills growth. This includes remembering 
or understanding basic facts, organizational habits and principles that help to improve analytical 
skills and competencies. The affective domain is concerned with emotions such as feelings, values, 
appreciation, enthusiasm, motivations and attitudes. The psychomotor environment applies to all 
aims related to the interpretive gestures and discrete physical processes of reflex actions (Figure 3).

3.2 Gagné’s Conditions of Learning
The book entitled “Robert Mills Gagné published the Conditions of Learning was an American 
educational psychologist in 1965. He has discussed the analysis of learning objectives and how the 
different classes of objective require specific teaching methods in his book.

Figure 2. Learning theories
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He proposes five conditions of learning, which fall under the cognitive, affective and psycho-
motor domains discussed by Bloom.

Gagné’s Conditions of Learning are as follows:

•	 Verbal information (Cognitive domain)
•	 Intellectual skills (Cognitive domain)
•	 Cognitive strategies (Cognitive domain)
•	 Motor skills (Psycho-Motor domain)
•	 Attitudes (Affective domain)

3.2.1. Gagné’s Levels of Learning
According to Gagne, to achieve the five conditions of learning, students progress through nine levels 
of learning, and any teaching session should make sure the class plan is planned according to nine 
levels. The idea was that the nine levels of learning activate the five conditions of learning and thus, 
learning will be achieved.

Gagne’s nine levels of learning are listed below:

1. 	 Gain attention.
2. 	 Inform students of the objective.
3. 	 Stimulate recall of prior learning.
4. 	 Present the content.
5. 	 Provide learning guidance.
6. 	 Elicit performance (practice).
7. 	 Provide feedback.
8. 	 Assess performance.
9. 	 Enhance retention and transfer to the job.

Table 1. Learning theories comparison

Behaviourism Cognitivism Constructivism

Knowledge Knowledge is a collection of 
behavioural responses to stimuli 
in the world

Learners are deliberately developing 
information systems with cognitive 
structures, built on pre-existing 
cognitive frameworks.

Knowledge is developed 
inside social contexts 
by experiences with a 
community of Knowledge

Learning The Learner unconsciously 
consumes a predefined body 
of knowledge. Fostered 
by repetition and positive 
reinforcement

Effective assimilation of new 
knowledge and integration of 
existing cognitive systems. The 
learners stress discovery.

Integrating the students into 
a community of knowledge. 
Collaborative assimilation 
and﻿
absorption of new 
knowledge

Motivation Extrinsic feedback, involving 
both positive and negative.

Intrinsic; the learners have their 
own﻿
goals and are motivated to 
understand.

Intrinsic and Extrinsic.﻿
Learning goals and 
motivations are decided by 
the intelligence group, both 
by learners and by extrinsic 
incentives.

Suggestion The instructor conveys right 
interpersonal responses﻿
and is learned by the students.

The teacher makes learning possible 
by creating an﻿
atmosphere that facilitates 
experimentation and assimilation/
accommodation

The Instructor encourages 
and directs collective 
instruction.﻿
Encourage social practice.
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3.3 Maslow’s Hierarchy of Needs
The basic idea for Maslow’s hierarchy of needs is that students progress through a set of psychological 
needs to self-actualization (Figure 4).

Maslow’s theory is all about building student/teacher relationships rather than lesson or curriculum 
structure. He states that if the teacher does not show passion, enthusiasm and empathy, it is challenging 
for the students to meet their needs despite having the best resources and lesson plans.”

3.4 Howard Gardner’s Multiple Intelligences
Howard Gardner is an American psychologist who was working as a professor at Harvard University. 
In 1983 he published “Frames of Mind” where he laid out his theory of “multiple intelligences”.

The Intelligences proposed by Gardner are as follows:

1. 	 Linguistic Intelligence: The ability to understand and express one’s thoughts by writing and 
speaking in a language

2. 	 Mathematical Intelligence: The intelligence to solve scientific, mathematical problems logically 
and to perform experiments.

3. 	 Musical Intelligence: Skill to appreciate, compose and perform musical notes and the ability 
to understand the sound of the tone, pitch and rhythm.

4. 	 Bodily-Kinesthetic Intelligence: Ability to solve problems by coordinating mind and body 
movements.

5. 	 Spatial Intelligence: Being able to understand and use patterns in a wide or restricted area.
6. 	 Interpersonal Intelligence: The capacity to perceive others desires, motivations and intentions.
7. 	 Intrapersonal Intelligence: The potential of understanding self fears, feelings and motivations.

Figure 3. Bloom’s taxonomy
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Gardner suggested that the intelligence compliment each other when students learn new skills 
and solve problems and rarely occur independently.

3.5 Kolb’s Experiential Theory
In 1984, four-stage experiential learning theory was proposed by an American education theorist 
named David Kolb (Figure 5). It is built based on:

Learning is the process whereby knowledge is created through the transformation of experience.

Learning is fulfilled when all four stages have completed. Each step in the cycle both supported 
by and led into the next step. A learner may undergo the cycle any number of times so that he/she 
refine their understanding of the topic further.

4. RESEARCH PERSPECTIVES ON EDUCATION

Educational research refers to a concerted effort to achieve a deeper understanding of the method of 
schooling, usually to increase its performance. This is an extension of the scientific method to research 
the problems of Education. The educational analysis is the application of the scientific method to the 
study of issues in Education. Therefore the steps of educational research are more or less comparable 
with those in the scientific method. The measures commonly found in education research are as 
follows: Research problem, Formulation of hypothesis, methods to be used, data collection, analysis 
and interpretation of data, and reporting the results.

This section review some educational research based on student academic performance, behaviour 
and emotions.

4.1 Students’ Academic Performance
For an institution, academic success is critical for the positive results which will contribute to future 
job success. Arsenis and Flores (2019) study the relationship between the academic achievement 
of students and the possibility of gaining work experience as part of their undergraduate studies. 

Figure 4. Maslow’s hierarchy of needs
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Kostagiolas et al., (2019) provide evidence from the learning analytics to assess the effect of research 
satisfaction on academic self-efficacy and success of students. Academic achievement and student 
wellbeing are two ideal outcomes in phase-in learning and teaching. In a particular sense, the research 
in (Palos et al., 2019) measures the transient order of the link between educational success and two 
types of student progress. Path analysis models indicated that college grades could be considered a 
precedent of student participation and burnout, while wellbeing measures cannot be considered a 
precedent of academic success.

Budu et al., (2019) review the genesis of tension among midwife students in Ghana and its 
influence on their academic performance. The multivariate study showed that the responses of 
respondents when anxious had a significant effect on their academic success. However, having fewer 
holidays after accounting for the stressors had a substantial impact on the academic performance of 
the respondents. Meanwhile, the contact concept greatly enhances respondents who have had ample 
time to relax during their holidays. D’Alessio et al., (2019) examine the effect of critical thought 
on corporate Master of Business Administration (MBA) students ‘ academic achievement. Critical 
thinking has a positive impact on the average MBA student’s academic success.

4.2 Students’ Behavior
Student misbehaviour such as offensive speech, constant job evasion, clowning, dissatisfaction with 
instructional tasks, bullying peers, verbal abuse, instructor rudeness, defiance, and hatred, varying 
from rare to regular, moderate to severe, is a thorny problem in a daily classroom. Research has shown 
that school abuse has not only intensified over time but has also reduced academic performance and 
increased delinquency (Sun & Shek 2012).

Automatic review of the in-classroom behaviour of the students is useful for evaluating the 
teaching impact. Yang et al., (2020) aim to assess the degree of focus of the students concerning the 
instructor or quality of the instruction. Detect the faces of the students, map faces and evaluates the 
actions of the students, i.e. lift or bow faces and related instructor head orientations, teach material 
or not. In (Cantabella et al., 2019) case study undertaken at the Catholic University of Murcia, where 
student behaviour has been evaluated in the past four academic years based on learning modality, 

Figure 5. Kolb’s experiential theory
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given the number of accesses to the Learning Management System, the resources used by students 
and their related behaviours.

The student behaviour analysis and prediction model focused on big data from the campus is 
developed in (Tu 2019), and the importance of big data produced by the behaviour of the campus 
students is analyzed. The behavioural data of the laws of consumption, living patterns and learning 
conditions of students are gathered, modelled, examined and excavated around the broad data sets, 
and the behaviour of the students is predicted and informed by the stratified model of behavioural 
characteristics of the students.

4.3 Students’ Emotions
Through schooling and in all aspects of human life, feelings are of considerable value. It is understood 
that while people’s backgrounds, the world in which they live, and the language they use vary, there are 
emotions that are regarded as universal. The students ‘ facial expressions were evaluated in (Tonguç 
& Ozkara 2020) and digitized in terms of feelings of dissatisfaction, disappointment, joy, anxiety, 
contempt, anger and surprise. The author also analyzed whether student emotions differed and how 
this difference was statistically meaningful based on their divisions, gender, lecture hours, machine 
position in the classroom, and style of lecture and session details.

Sahla and Kumar (2016) propose a deep learning method for emotion analysis. It focuses on 
students of a classroom and thus, understands their facial emotions. The neural networks of convolution 
estimate emotional groups with the highest likelihood as a consequence. An appraisal should include 
the user, for example, depending on the expected emotion; whether the students are satisfied and 
this class is interesting.

Concentration review of the students will help to strengthen the learning experience. Emotions 
are directly related and represent the attention of students closely. In (Sharma et al., 2019), a research 
program is introduced to assess the level of focus in real-time from the articulated facial emotions. 
The emotions conveyed was associated with the students ‘ concentration, and three distinct arousal 
levels (high, medium and low) were conceived. Bosch et al., (2016) using computer vision, learning 
analytics, and machine learning to predict the emotions of the students in a school computer lab’s 
real-world environment. It succeeded in detecting fatigue, confusion, excitement, anger and focus in 
a way that was universal through pupils, time and demographics.

5. SENTIMENT ANALYSIS

It is recognized as a sentiment analysis (SA) to understand and categorize the emotions of users from 
a section of the text into specific emotions. For example, emotions such as joyful, depressed, angry 
or optimistic, negative or neutral to decide the mood of the users concerning a particular subject or 
event. This method of research is also called opinion mining (with an emphasis on extraction) or 
affective rating.

Sentiments refer to attitudes, opinions, and emotions. In other words, the interpretations are 
emotional as opposed to objective truth. Different forms of sentiment analysis use various methods 
and approaches to recognize the sentiments found in a given text.

5.1 Approaches of Sentiment Analysis
SA has three significant levels of classification (Medhat et al., 2014). In essence, document-level, 
sentence-level, and aspect-level SA. Document-level SA is aimed at classifying an opinion document 
as reflecting a positive or negative viewpoint or sentiment. This finds the whole text to be a simple 
unit of knowledge (talking of one subject). Sentence-level SA is aimed at classifying the emotions 
conveyed in each sentence. The first step is to see if the statement is subjective or objective. If the 
sentence is subjective, it will be determined by Sentence-level SA if the sentence expresses positive or 
negative opinions. Aspect-level SA is directed at classifying sentiment for the individual characteristics 
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of individuals. The first step is to define the organizations and the facets thereof. The opinion holders 
will express different views on various aspects of the same organization.

Several algorithms, techniques are used to achieve sentiment analysis. Figure 6 shows the types 
of sentiment analysis approaches.

There are four necessary steps are used to analyze the sentiments D’Andrea et al., 2015). They are

1. Data Collection: The first phase of the sentiment analysis is to collect data from content created 
by users found in blogs, forums and social networks. These details are disorganized, articulated 
in multiple ways by the use of specific words, slangs, writing sense etc. Research by hand is 
almost impossible. Text mining and natural language modelling are also included in the retrieval 
and classification.

2. Preprocessing: Consists of cleaning before evaluating the extracted results. It detects and excludes 
non-textual contents and contents that are inappropriate for analysis.

3. Sentiment Detection: Reviews and opinions extracted sentences are examined. Sentences with 
political statements (opinions, views, and beliefs) are preserved, and sentences of impartial 
communication (facts, truthful information) discarded.

4. Sentiment Classification: In this stage, subjective sentences are categorized as positive, negative, 
good, bad; like hate, but they can be categorized by several points.

5.2 Applications of Sentiment Analysis
Sentiment Analysis can be used in many applications. Some of the applications are listed below:

• Market and FOREX Rate Prediction: Foreign Currency Exchange plays an essential role in the 
financial market for currency trading. The market is predicted by analyzing the twitter sentiments 
on the commercial market.

• Box Office Prediction: Success of the upcoming movie is predicted using sentiment analysis on 
youtube comments, tweets, blogs etc.

Figure 6. Types of sentiment analysis approaches
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• Business: Demand and Distribution choices should be taken depending on the user’s perceptions 
of the product. Via these observations, the company can check the quality of the service it offers. 
Growing decisions in the market can be taken based on timely sentiments available.

• Market Intelligence: Designed to satisfy four needs of business managers likes (a) Possibilities 
and threat Determination, (b) Identifying opponents, (c) Help to acquire competitors’ progress, 
and (d) aid great marketing decision making.

• Politics: Debated political issues on online forums. The public figure’s positive and negative 
influence can be identified by examining people’s thoughts on social media.

• Recommenders System: When customers use it enthusiastically, the good or service itself would 
have pleasant emotions. If the user considers the scores or emotions, these items may be highly 
recommended to a potential customer. Analysis of opinion also plays a critical role in supporting 
the system.

• Summarization: This is time-consuming for a reader to read all of the opinions about a particular 
institution and then judge. SA should give us every organization’s general idea for a given period.

• Government Intelligence: The growth in violent behaviour can be monitored for tracking the 
sources. For making policies, the sentiments of people can be studied. This can be used for 
evaluating people’s attitude about every SA conflict.

• Education: Analysis student behaviour, emotions based on the student feedback. In this educational 
framework, students provide feedback on Twitter at any time or at different time slots, as 
determined by the professor, to ensure that students observe the tempo of the lecture and provide 
assistance when faced with difficulties.

5.3 Research on Sentiment Analysis in Education
This section explains how sentiment analysis is used in Education. Rajput et al., (2016) suggested the 
sentiment analysis offered by students at the end of a course on faculty assessment. A Knime workflow 
was developed using its text processing feature for feel analysis of input from students. This method 
suggests a sentiment score measurement to identify the feedback as either positive, negative or neutral.

Nasim et al., (2017) propose a combination of machine learning and lexicon-based approaches to 
student input emotion analysis. The textual input, usually obtained at the end of a course, offers valuable 
insights into the general level of teaching and proposes useful ways to enhance teaching methods.

Aung and Myo (2017) plan to systematically evaluate the text feedback of the students using a 
lexicon-based approach to forecast the teaching performance levels. A dictionary of English sentiment 
terms is generated to get the polarity of terms as a lexical source.

Sujata Rani and Parteek Kumar (2017), proposed sentiment analysis system using performing 
temporal sentiment and emotion analysis of multilingual to enhance teaching and learning based on 
student feedback on teacher performance and course satisfaction.

Sultana et al., (2018) proposes a model based on Deep Learning approach to perform sentiment 
analysis on Educational data.

Featherstone and Botha (2015) reports on the teachers’ experiences those who are participating 
in a professional development programme through sentiment analysis. It was inferred that those 
teachers were happy with the training, felt the course relevance strongly.

Sivakumar and Reddy (2017) using R tools, from Twitter API student feedbacks were collected for 
analysis. K-mean clustering and Naïve Bayes classification algorithm was used to perform sentiment 
analysis. The outcome of the proposed work will help the students to improve their learning skills 
and helps the academicians to enhance their teaching methodologies so that educational institutions 
can resolve the students’ problems and attain their motto.

Nasim et al. (2017) proposes a combination of machine learning and lexicon-based methods to 
analyze the students feedback using sentiment analysis. With experimental results, it was inferred 
the performance of the proposed model is better than other methods.
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Barron-Estrada et al. (2019) This paper presents a sentiment analyzer to detect student sentiment 
and/or emotions by recognizing the polarities and emotions on learning using textual phrases that are 
written in Spanish. The results obtained is 88.26% accuracy.

6. CONCLUSION

Education is concerned with methods of learning and teaching that facilitates the process of learning, 
or the acquisition of knowledge, skills, values, beliefs, and habits in the learning environments setup. 
The theories on education and learning process state that the motive of education is not that an 
individual grows successful as a professional but also as a complete person. That is, the student should 
grow himself in knowledge, behaviour, attitude, skills, emotions etc. through the learning process. 
The theories also state that education alone does not improve students skill, knowledge, behaviour, 
feelings, etc.,but also the environment and experiences he undergoes. This survey presents a brief 
background of Education with different learning theories. This paper describes various researches 
on Education using multiple methods of education data mining and sentiment analysis. It mainly 
focuses on student academic performance, behaviour and emotions in the academic environment and 
processes that assess these factors. It is inferred from the survey that education grooms a person in 
knowledge,skillset and emotions. The advances of computer technologies and research domains like 
educational data mining and sentiment analysis help out in identifying the issues in achieving the 
motive of education and satisfying the theories of learning by supporting in perfect decision making 
using machine learning algorithms.
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Sentiment analysis is a prominent research topic in natural language processing, with applications in politics, news, education,
product review, and other sectors. Especially in the education sector, sentiment analysis can assist educators in �nding students’
feelings about a course on time, altering the teaching plan appropriately and timely to improve the quality of education and
teaching. For students, the sentiment analysis can identify emotions, academic performance, behaviour, and so on; the primary
purpose of this research paper is to analyze students’ emotions, self-esteem, and e�cacy based on closed-ended questionnaires.
�is paper proposes Quest_SA, which uses the sentiment analysis technique to identify students’ emotions based on the answer
provided by a closed-ended questionnaire. �e polarity value is assigned for each questionnaire scale. �e students’ responses are
then gathered using a closed-ended questionnaire, and the student’s emotions are classi�ed using a polarity-based method of
sentiment analysis. Finally, sentiment scores and emotion variance were used to evaluate the outcomes. According to the
sentiment ratings, students have favourable sentiments and emotions such as unhappy, somewhat happy, and happy. �e real-
world closed-ended questionnaires such as emotional intelligence, Eysenck, personality, self-determination scale, self-e�cacy,
Rosenberg’s self-esteem, positive and negative a�ect schedule, and Oxford happiness questionnaires were used to examine the
academic performance with the proposed sentiment analysis. �is study inferred that the proposed sentiment analysis pre-
processing method with polarity scores is as accurate as the standard value calculation.

1. Introduction

Sentiment analysis is a technique for detecting polarity and
recognizing emotion toward a certain object, such as a
person, a concept, or an activity. �e purpose of sentiment
analysis is to determine people’s opinions, identify the
emotions they express, and categorize them as positive,
negative, or neutral. Natural language processing (NLP) and
machine learning (ML) techniques are used by sentiment
analysis systems to identify, retrieve, and synthesize infor-
mation and opinions from large amounts of text [1].

In general, sentiment analysis was done at three levels:
document, sentence, and aspect. Document Level Sentiment
Analysis discovers the user sentiments by evaluating the

entire document. �e goal of sentence-level research is to
establish the polarity of individual sentences rather than the
entire document; as a result, it is more precise. Finally,
aspect-level sentiment analysis identi�es elements or attri-
butes mentioned in reviews and categorizes users’ reactions
to them. �e architecture of a broad sentiment analysis
system is shown in Figure 1.

�e whole system may employ a set of lexicons and
linguistic resources. �e document analysis module is a
critical component of the system design since it employs
linguistic resources to annotate preprocessed documents
with sentiment annotations. �e system’s output—positive,
negative, or neutral—is represented by annotations in
several visualization tools. Depending on the sentiment
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analysis form, annotations may be utilized in various ways.
For example, in document-based sentiment analysis, an-
notations may be applied to the entire document; in sen-
tence-based sentiment analysis, annotations can be applied
to specific sentences; and in aspect-based sentiment analysis,
annotations can be applied to certain subjects or entities.

Sentiment analysis has been used in various settings to
achieve a variety of goals, most notably in professional and
economic networks. A few examples of well-known senti-
ment analysis business applications include product and
service reviews [3], financial marketing approaches [4], and
customer relationship management [5]. ,e most common
use of sentiment analysis in social media apps is to analyze a
company’s reputation on Twitter or Facebook [6] and in-
vestigate people’s reactions to a crisis, for example, COVID-
19 [7]. Another important application area is politics [8],
where sentiment research might aid candidates in their
election campaigns.

Sentiment analysis and opinion mining have got a lot of
attention in the educational community [9]. Unlike the
previously stated sectors of social and commercial networks,
which focus on a single user, education sentiment analysis
research covers a variety of views, including teachers/in-
structors, students/learners, decision-makers, and institu-
tions. Sentiment analysis is largely used to improve teaching,
management, and assessment by examining learners’ atti-
tudes and behaviour toward courses, platforms, institutions,
and teachers.

Sentiment analysis is utilized to investigate the rela-
tionship between learners’ sentiments and drop-out rates in
massive open online courses and the relationship between
performance and retention and learners’ emotions [10].
Finally, sentiment analysis has examined several teacher-
related aspects expressed in student reviews or comments on
discussion forums in terms of teacher viewpoints [11].

Students are frequently obliged to engage in postcourse
questionnaires at the end of each academic term to obtain
information about their experiences. ,is procedure allows
teachers and administrators to review student assessments
and improve learning processes. ,ere are both closed- and
open-ended questions on the survey. Closed-ended ques-
tions, frequently used in Likert-scale inquiries, try to capture
students’ evaluations in numerical ratings. Students can
provide written comments or ideas in response to open-
ended questions, which reflect their personal views and
perceptions. ,is paper considers the closed-ended

questions for identifying students’ emotions using sentiment
analysis.,e students’ responses are collected using a closed-
ended questionnaire, and the students’ emotions are spec-
ified using a polarity-based sentiment analysis algorithm.
,e outcomes were assessed using sentiment scores and
emotion variance. According to the sentiment ratings,
students have positive sentiments and emotions such as
unhappy, somewhat happy, and happy.

,e remainder of this study paper is structured as
follows: the research backdrop is described in Section 2,
which includes sentiment analysis and a questionnaire.
After that, in Section 3, the recommended methodology
is explained. Finally, in Section 4, the proposed work’s
performance is evaluated using standard questionnaires
such as the Oxford happiness inventory, self-determi-
nation scale, Rosenberg’s self-esteem, self-efficacy,
emotional intelligence, Eysenck personality question-
naire, and positive and negative affect schedule, and the
conclusion and future work of this research work are
presented.

2. Related Work

2.1. Sentiment Analysis. Sentiment analysis [12] evaluates
emotional representation through language that comprises
acquiring dynamic data, processing and analyzing data, and
classifying a piece of text. ,e three main sentiment analysis
tasks are facial expression identification, polarity detection,
and affective computing [13]. Text sentiment analysis is a
realistic approach for emotion mining in natural language
processing widely used in public opinion monitoring, ar-
tificial intelligence, and corporate analytics. ,e three pri-
mary methods for text sentiment analysis are a machine
learning-based technique, a dictionary-based approach, and
a hybrid approach [14].

In machine learning-based techniques, sentiment clas-
sifiers are trained using a prelabeled data set. A classifier can
be created to determine the polarity of textual inputs using
methods such as naive Bayes, support vector machine,
maximum entropy, and Word2vec, which are commonly
used in sentiment analysis [15]. ,e dictionary-based ap-
proach uses a predeveloped lexicon, which includes the
contradiction of words or phrases, to compute sentiment
ratings and detect the polarity of a given text. ,e sentiment
score is based on open source or bespoke sentiment dic-
tionaries and can be computed using numerous semantic
criteria [16]. A hybrid approach to sentiment classification
combines machine learning and dictionary approaches. In
general, the machine learning-based method is more ef-
fective although it takes a long time to classify the data [17].
,e dictionary-based technique, on the other hand, has the
advantage of not requiring any training data to determine
sentiment and is substantially faster than machine learning
in terms of computing time.

Customer product review [18], sale predictions [19],
social media data [20], sarcasm detection [21], and the
economic domain [22] are just a few examples of where
sentiment analysis has been used. In the subject of education,
sentiment analysis has recently gained interest. Reference

Sentiment Score

Lexicons & Linguistic
Resources

Corpus

Processing

Analysis

Figure 1: General sentiment analysis architecture[2].
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[23] employed a lexicon-based approach to judging docu-
ment-level polarity on students’ feedback to evaluate
teachers.

Reference [24] introduced sentiment analysis provided
by students at the end of a teacher evaluation course.,e text
processing capability of KNIME was utilized to build a
pipeline for analyzing student feelings. ,is method rec-
ommends categorizing feedback as good, negative, or
neutral using a sentiment score. Reference [25] proposed a
hybrid technique for analyzing student input emotions that
blends machine learning and lexicon-based methodologies.
Textual feedback, usually given at the end of a course,
provides useful insights into the general level of teaching and
suggests practical ways to enhance teaching methods. Ref-
erence [26] planned to evaluate students’ text feedback and
estimate instructional success levels using a lexicon-based
technique. A lexicon of English sentiment phrases is built to
get the polarity of terms as a linguistic source. In a senti-
ment-based eSystem,(i) for film reviewing, client happiness
is measured using sentiment analysis with hybrid fuzzy and
deep neural network [27], (ii) for modern business,
knowledge discovery and sentiment analysis is used [28].
Selection for the best SVM hyperparameter values is done by
applying natural optimizing techniques [29]. (iii) for non-
traditional learning, expansion of hybrid reality-based ed-
ucation is done [30].

2.2. Open-Ended Questionnaire. Open-ended questions are
survey questions that allow respondents to respond in an
open text format, conveying their complete understanding,
feelings, and knowledge. It implies that the answer to this
question is not limited to a few options. Open-ended

questions are commonly used in qualitative market research.
A question with an open-ended response allows the viewer
to answer depending on their knowledge and experience.
,e viewer’s detailed and elaborate knowledge leaves the
potential for additional discussion and improvement. An
open-ended question provides opportunities for both the
researcher and the respondent to learn.

Figure 2 shows some examples of open-ended
questionnaires.

,e open-ended questionnaire has many merits, but it is
difficult to analyze and organize the data into reports. Too
many questions can directly harm the response rate.
Moreover, the open-ended questionnaire may provide ir-
relevant information.

2.3. Closed-Ended Questionnaire. A questionnaire is a re-
search tool that consists of questions or other prompts
designed to gather data from a respondent. ,ere are two
types of questionnaires: structured and unstructured ques-
tionnaires. Quantitative data were collected via structured
questionnaires. Quantitative questionnaires are used to
evaluate or verify the accuracy that has already been de-
veloped. ,e questionnaire is meticulously constructed and
designed to collect precise data. It also starts a formal in-
vestigation, contributes data, double-checks previously
gathered data, and aids in invalidating any previous idea.
Unstructured surveys are used to gather qualitative infor-
mation. For example, qualitative questionnaires are used
when collecting exploratory data to prove or reject a theory.
,ey employ a minimal structure and a few branching
questions, but nothing restricts a respondent’s options. To
acquire specific responses from people, the questions are
more open-ended. ,is research work considers structured
quantitative questionnaires (closed-ended questionnaires).
An investigation of the association between self-esteem and
students’ academic performance was done in [31]. ,e
authors of [32] worked on research contemplated on edu-
cational data mining.

Closed-ended questions, such as “yes” or “no” or mul-
tiple-choice questions, require respondents to choose from a
limited set of predefined responses. Closed-ended inquiries
are frequently used to gather statistical data from

Interview

Customer

Demographic

Personal

How can you help
grow our

organization?

Please comment on
how you feel about

our customer service?

What is your age?

What do you do when
you feel stressed or

anxious?

Open-Ended
Questionnaire

Figure 2: Example of the open-ended questionnaire.

Dichotomous
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Rating Scale

Likert Scale

Checklist

Rank Order

Multiple choice
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Figure 3: Types of closed-ended questions.
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responders. It can take various shapes, but they are all driven
by the requirement for respondents to have particular
choices. Figure 3 depicts many sorts of closed-ended
questions.

Table 1 shows the sample questions and the Likert scale
used in each questionnaire.

,e Oxford happiness questionnaire was developed by
psychologists [33] at Oxford University. In the Oxford
questionnaire, the (R) indicates reverse scoring. For ex-
ample, if the student gives “1,” cross it out and change it to
“6.” ,e emotional intelligence questionnaire is a self-
evaluation tool. Self-awareness, self-regulation, motivation,
empathy, and social skills are the five characteristics that
characterize emotional intelligence, according to [34]. ,e
self-esteem of an individual is assessed using Rosenberg’s
self-esteem scale. ,e score of negative question items is

Table 1: Sample questions.

Questionnaire Sample questions Scale

Emotional intelligence

1. I realize immediately when I lose my temper Not at all
2. I can reframe bad situation quickly Rarely

3. I am always able to motivate myself to do difficult tasks Sometimes
4. I am always able to see a thing from the other person’s viewpoint Often

5. I am an excellent listener Very often

Eysenck personality

1. Does your mood often go up and down?
2. Do you take much notice of what people think? Yes

3. Are you a talkative person? No
4. If you say you will do something, do you always keep your promise, no matter

how inconvenient it might be?
5. Do you ever feel just miserable for no reason?

Self-determination scale

1A. I always feel like I choose the things I do 1
1B. I sometimes feel that it is not really me choosing the things I do 2

2A. My emotions sometimes seem alien to me 3
2B. My emotions always seem to belong to me 4

3A. I choose to do what I have to do 5
3B. I do what I need to do, but I do not feel like it is really my choice

General self-efficacy

1. I can always manage to solve difficult problem if I try hard enough. Very slightly or not at
all

2. If someone opposes me, I can find the means and ways to get what I want A little
3. It is easy for me to stick to my aim and accomplish my goals Moderately

4. I am confident that I could deal efficiently with unexpected events Quite a bit
5. ,anks to my resourcefulness, I know how to handle unforeseen situations Extremely

Rosenberg’s self-esteem

1. On the whole, I am satisfied with myself Strongly agree
2. At times, I think I am no good at all Agree

3. I feel that I have a number of good qualities Disagree
4. I am able to do things as well as most other people. Strongly disagree

5. I feel I do not have much to be proud of

Positive and negative affect
schedule

1. Interested Very slightly or not at
all

2. Distressed A little
3. Excited Moderately
4. Upset Quite a bit
5. Strong Extremely

Oxford happiness

1. I do not feel particularly pleased with the way I am (R) Strongly disagree
2. I am intensely interested in other people Moderately disagree

3. I feel that life is very rewarding Slightly disagree
4. I have very warm feelings towards almost everyone Slightly agree

5. I rarely wake up feeling rested (R) Moderately agree
Strongly agree

Online Process

Offline Process

Select Answer Response

Quest_DB

SA Analyzer

Analyze ResponseSentiments

Questionnaire

Students

Assign Potarty

Figure 4: Quest_SA architecture.
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inverted for analysis such that the positive and negative
things have the same meaning. ,e final test result might be
between 10 and 40. A person with a score of less than 14 has a
problem with low self-esteem and needs assistance. ,e
Eysenck personality test is a self-reporting tool [35]. It has 48
items: 12 for each of the personality traits of neuroticism,
extraversion, and psychoticism and 12 for the lying scale.
“Yes” or “no” is the binary response to each inquiry. Each
dichotomous item was given a value of 1 or 0, with a
maximum score of 12 and a minimum of 0. ,e self-de-
termination scale (SDS) was developed to examine how self-
determined people perform individually. It is thus regarded
as a reasonably stable feature of people’s personalities that
reflects (1) increased awareness of their feelings and sense of
self and (2) a sense of control over their behaviour. ,e
general self-efficacy scale is a 10-item psychometric scale that
assesses optimistic self-beliefs in one’s ability to cope with
various life challenges. Positive and negative affect schedule
(PANAS) is a scale of several words that express feelings and
emotions. ,e overall score is computed by adding 10
positive items together and then 10 negative items. For both
sets of objects, the scores range from 10 to 50. A greater total
positive score suggests a stronger beneficial influence. A

lower total negative score suggests a lesser level of negative
impact.

3. Methodology

Sentiment analysis is a computational study that evaluates
individuals’ thoughts, assessments, and opinions regarding
persons, situations, entities, concepts, activities, and items
and their characteristics. Its goal is to find underlying
opinions on a specific entity automatically. Sentiment
analysis is mainly used for commercial applications such as
product reviews, recommendations, marketing analysis, and
public relations [36]. In the field of education, sentiment
analysis is the process of determining a student’s feelings. In
education, sentiment analysis can help with learning process
improvement, performance improvement, study dis-
continuance reduction, teaching process improvement, and
course satisfaction.

Emotion is commonly defined as a person’s mental
state, including attitudes, feelings, and actions. Nowa-
days, public sentiment on a particular context can be
easily known by extracting the opinions from a wealth of

Table 2: Polarity score.

Questionnaire Seale Standard value Proposed polarity value

Emotional intelligence

Not at all 1 −2
Rarely 2 −1

Sometimes 3 0
Often 4 1

Very often 5 2

Eysenck personality Yes 1 1
No 0 −1

Self-determination scale

1 1 −2
2 2 −1
3 3 0
4 4 1
5 5 2

General self-efficacy

Very slightly or not at all 1 −2
A little 2 −1

Moderately 3 0
Quite a bit 4 1
Extremely 5 2

Rosenberg’s self-esteem

Strongly agree 4 2
Agree 3 1

Disagree 2 −1
Strongly disagree 1 −2

Positive and negative affect schedule

Very slightly or not at all 1 −2
A little 2 −1

Moderately 3 0
Quite a bit 4 1
Extremely 5 2

Oxford happiness

Strongly disagree 1 −3
Moderately disagree 2 −2
Slightly disagree 3 −1
Slightly agree 4 1

Moderately agree 5 2
Strongly agree 6 3
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Table 3: Questionnaire details.

Questionnaire No. of
questions Scale Score calculations Result Result with polarity

Emotional intelligence
connects a person’s
knowledge process to their
emotional processes

15

1�Not at all

Sum all scale values
for each item

<34� Low
35–55�Average
>56�High

–ve Score� low
2�Rarely 0�Average

3� Sometimes
+ve Score� high4�Often

5�Very often

Eysenck personality
measures the personality
domain

48

1�Yes Sum all scale values of
psychoticism (PM),
extroversion (En),
and neuroticism

(Nm)

,e biggest value of
psychoticism,

extroversion, and
neuroticism (Pm, En, and

Nm)

,e positive value of
psychoticism,

extroversion, and
neuroticism (Pm, En,

and Nm)

0�No

Self-determination scale
assesses individual
differences in the extent to
which people tend to
function in a self-
determined way

10

1

Sum all result scale
values and divide by

10

<3� Low
>3�High

+ve� high
2

–ve� Low
3
4

5

General self-efficacy is a
self-report measure of self-
efficiency

10

1�Very slightly
or not at all

Sum all result scale
values

<20� Low
>20�High

–ve Score� low
+ve Score� high

2�A little
3�Moderately
4�Quite a bit
5�Extremely

Rosenberg’s self-esteem
measures global self-worth 10

4� Strongly agree

Sum all result scale
values

<14� Low
15–25�Normal
>26�High

–ve Score� low3�Agree
2�Disagree 0�Normal
1� Strongly
disagree +ve Score� high

Positive and negative affect
schedule is a self-reported
measure of affect

20

1�Very slightly
or not at all Sum all positive (PS)

and negative (NS)
affect scale values

PS>NS� positive PS�+ve score positive
2�A little NS>PS� negative

3�Moderately
NS�+ve score negativePS�NS� false4�Quite a bit

5�Extremely

Oxford happiness is used to
predict the happiness score
of the person

29

1� Strongly
disagree

Sum all scale values
and divide by the total
number of questions

1–2: Not happy
–ve Score� happy2�Moderately

disagree 2–3: Somewhat unhappy

3� Slightly
disagree

3–4: Not particularly
happy or unhappy 0�Moderately happy

4� Slightly agree 4: Somewhat happy

+ve Score� unhappy
5�Moderately

agree 4–5: Happy

6� Strongly agree 5–6: Very happy
6: Too happy

Table 4: Emotional intelligence details.

Emotional intelligence
Standard evaluation Proposed evaluation

Result Count Result Count

Low 10
Low 10

Average 0
High 0

Average 290
Low 10

Average 265
High 15

High 700
Low 0

Average 0
High 700
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publicly available information on platforms such as
Facebook, Youtube, Twitter, and Instagram.

Emotion detection, Reddit, Twitter, and others are be-
coming increasingly popular as a new study horizon in NLP.
It could also be used in health services (as a tool for psy-
choanalysis), education (identifying learner dissatisfaction),
and other fields [37]. ,is paper proposes Quest_SA to find
students’ affective traits using polarity-enabled sentimental
analysis in a closed-ended questionnaire. Figure 4 shows the
architecture of the proposed Quest_SA.

,e proposed Quest_SA contains two phases: online and
offline processes. ,e students are requested to take an
online closed-ended questionnaire in the online phase.

,e following seven kinds of questionnaires are used:
emotional intelligence, Eysenck personality, self-determi-
nation scale, self-efficacy, Rosenberg’s self-esteem, positive
and negative affect schedule, and Oxford happiness. ,e
selected scale value is converted into a polarity value for each
question. Table 2 shows the polarity assignment for the
questionnaire scale.

In the offline phase, the sentiment analyzer uses the
polarity value to predict the students’ emotions. ,e polarity
values are given based on the positive and negative sense.
,e positive Likert scale is given a positive score, and
negative Likert scale is assigned a negative score.

4. Proposed QUEST_SA: Questionnaire
Evaluation Using Sentiment Analysis

In this section, the performance of the proposed work is
analyzed. Seven real-world questionnaires are used in
this experiment. Table 3 shows the details of the ques-
tionnaire and the calculation in determining the result is
shown.

,e same standard calculation given in Table 3 is cal-
culated for each questionnaire with the respective polarity
value shown in Table 2. ,e result is given based on the

polarity: if the result has negative polarity, then the scale is
low; else, if the result has positive polarity, then the scale is
high; and if the result is zero, then the scale is moderate. For
instance, in Rosenberg’s self-esteem, if the score is negative,
the result is low self-esteem, and if the score is positive, the
result is high self-esteem.

5. Results and Discussions

,is section evaluates the performance of the proposed
through experiments. ,e research work uses seven kinds of
questionnaires such as emotional intelligence (EI), Eysenck
personality (EP), self-determination scale (SDS), general
self-efficacy (GSE), Rosenberg’s self-esteem (RSE), positive
and negative affect schedule (PNAS), and Oxford happiness
(OH) and collects response from 1,000 students. ,e col-
lected response was analyzed based on the standard and
polarity-based evaluation. Finally, the obtained results are
calculated and evaluated using MAE (mean absolute error)
and accuracy.

Table 4 shows the emotional intelligence standard and
the proposed polarity-based results. In addition, it shows the
comparison of the result for all possible results. ,e result
shows that the percentage of result deviation is very low
between the standard evaluation and the proposed evalua-
tion. Figure 5 shows the EI questionnaire scale value: low,
average, and high. Table 5 gives the sample code of
SentimentAnalyzer.

Table 6 shows the MAE and accuracy comparison of EI
for different responses. Again, the lower number of the
responses (200 and 400) produces a lower error.

Table 7 shows the Eysenck personality standard and the
proposed polarity-based results. Figure 6 shows the ques-
tionnaire scale value for psychoticism, extroversion, and
neuroticism. ,e standard and polarity evaluation produce
the same result for all scale values.

Table 8 shows the MAE and EP accuracy comparison for
a different number of responses. Again, the result produces
zero error and 100% accuracy for all different numbers of
responses.

Table 9 shows the self-determination scale standard and
the proposed polarity-based results. Figure 7 shows the SDS
questionnaire scale value: low and high.

Table 10 shows theMAE and SDS’s accuracy comparison
for a different number of responses.

Table 11 shows the MAE and accuracy comparison of
GSE for a different number of responses.

Table 12 shows the general self-efficacy standard and
proposed polarity-based result. Again, the standard and
polarity evaluation results for low-scale values. Figure 8
shows the GSE questionnaire scale value low and high.

Table 13 shows Rosenberg’s self-esteem standard and
proposed polarity-based result. Figure 9 shows the RSE
questionnaire scale value: low, normal, and high.

Table 14 shows the MAE and accuracy comparison of
RSE for a different number of responses.

Table 15 shows the positive and negative affect schedule
standard and the proposed polarity-based result. ,e
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Figure 5: Emotional intelligence (standard vs. proposed).
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Table 5: Sample code of SentimentAnalyzer.

/∗
∗ To change this license header, choose License Headers in Project Properties.
∗ To change this template file, choose Tools | Templates
∗ and open the template in the editor.
∗/
package servlet1;
import java.util.Properties;
import org.ejml.simple.SimpleMatrix;
import edu.stanford.nlp.ling.CoreAnnotations;
import edu.stanford.nlp.neural.rnn.RNNCoreAnnotations;
import edu.stanford.nlp.pipeline.Annotation;
import edu.stanford.nlp.pipeline.StanfordCoreNLP;
import edu.stanford.nlp.sentiment.SentimentCoreAnnotations;
import edu.stanford.nlp.trees.Tree;
import edu.stanford.nlp.util.CoreMap;
/∗∗
∗

∗ @author jayanthi
∗/
public class SentimentAnalyzer
{
static Properties props;
static StanfordCoreNLP pipeline;
public void initialize(String path)
{
// creates a StanfordCoreNLP object, with POS tagging, lemmatization, NER, parsing, and sentiment
props� new Properties();
props.setProperty(“parse.model”, path+”edu\\stanford\\nlp\\models\\lexparser\\englishPCFG.ser.gz”);
props.setProperty(“sentiment.model”, path+”edu\\stanford\\nlp\\models\\sentiment\\sentiment.ser.gz”);
props.setProperty(“annotators”, “tokenize, ssplit, parse, sentiment”);
pipeline�new StanfordCoreNLP(props);
//LexicalizedParser lp� LexicalizedParser.loadModel(“edu/stanford/nlp/models/lexparser/englishPCFG.ser.gz”);
}
public SentimentResult getSentimentResult(String text) {
SentimentResult sentimentResult� new SentimentResult();
SentimentClassification sentimentClass� new SentimentClassification();
if (text !�null && text.length()> 0) {
// run all Annotators on the text
Annotation annotation� pipeline.process(text);
for (CoreMap sentence: annotation.get(CoreAnnotations.SentencesAnnotation.class)) {
// this is the parse tree of the current sentence
Tree tree� sentence.get(SentimentCoreAnnotations.SentimentAnnotatedTree.class);
SimpleMatrix sm�RNNCoreAnnotations.getPredictions(tree);
String sentimentType� sentence.get(SentimentCoreAnnotations.SentimentClass.class);
sentimentClass.setVeryPositive((double)Math.round(sm.get(4) ∗100d));
sentimentClass.setPositive((double)Math.round(sm.get(3) ∗100d));
sentimentClass.setNeutral((double)Math.round(sm.get(2) ∗100d));
sentimentClass.setNegative((double)Math.round(sm.get(1) ∗100d));
sentimentClass.setVeryNegative((double)Math.round(sm.get(0) ∗100d));
sentimentResult.setSentimentScore(RNNCoreAnnotations.getPredictedClass(tree));
sentimentResult.setSentimentType(sentimentType);
sentimentResult.setSentimentClass(sentimentClass);
}
}
Return sentimentResult;
}
}
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standard and polarity evaluation produce the same result for
all the scale values.

Figure 10 shows the PANAS questionnaire scale value:
positive, negative, and neutral.

Table 6: MAE and accuracy for emotional intelligence.

No. of responses MAE Accuracy
200 6.67 95
400 8.67 96.75
600 12 97
800 14.67 97.25
1000 16.67 97.5

Table 7: Eysenck personality questionnaire results.

Eysenck personality
Standard evaluation Proposed evaluation

Result Count Result Count

Psychoticism 35
Psychoticism 35
Extroversion 0
Neuroticism 0

Extroversion 665
Psychoticism 0
Extroversion 665
Neuroticism 0

Neuroticism∗ 300
Psychoticism 0
Extroversion 0
Neuroticism 300

Psychoticsm Extroversion Neuroticism
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Figure 6: Scale value for EP (standard vs. polarity).

Table 8: MAE and accuracy for Eysenck personality.

No of responses MAE Accuracy
200 0 100
400 0 100
600 0 100
800 0 100
1,000 0 100

Table 9: Self-determination scale result.

Self-determination scale
Standard evaluation Proposed evaluation

Result Count Result Count

Low 240 Low 215
High 25

High 760 Low 20
High 740

Low High

Scale
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200
300
400
500
600
700
800
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on
se

 C
ou

nt
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Polarity

Figure 7: Scale value for SDS (standard vs. polarity).

Table 10: MAE and accuracy self-determination scale.

No. of responses MAE Accuracy
200 5 95.5
400 10 96.25
600 10 95
800 5 96.25
1,000 2 94

Table 11: MAE and accuracy for general self-efficacy.

No. of responses MAE Accuracy
200 5 97.5
400 15 96.25
600 20 96.67
800 25 96.91
1,000 25 97.5

Table 12: Self-efficacy result.

General self-efficacy
Standard evaluation Proposed evaluation

Result Count Result Count

Low 30 Low 30
High 0

High 970 Low 25
High 945
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Figure 8: Scale value for GSE (standard vs. polarity).

Table 13: Rosenberg’s self-esteem result.

Rosenberg’s self-esteem
Standard evaluation Proposed evaluation

Result Count Result Count

Low 0
Low 0

Normal 0
High 0

Normal 145
Low 15

Normal 120
High 10

High 855
Low 15

Normal 20
High 820

Low Normal High
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Figure 9: Scale value for RSE.

Table 14: MAE and accuracy for Rosenberg’s self-esteem.

No. of responses MAE Accuracy
200 5.3 91
400 10 92.5
600 13.3 92.5
800 16.67 93.12
1,000 20 94

Table 15: Positive and negative affect schedule result.

Positive and negative affect schedule
Standard evaluation Proposed evaluation

Result Count Result Count

Positive 805
Positive 805
Negative 0
Neutral 0

Negative 125
Positive 0
Negative 125
Neutral 0

Neutral 70
Positive 0
Negative 0
Neutral 70

Positive Negative Neutral

Scale

0
100
200
300
400
500
600
700
800
900

Re
sp

on
se

 C
ou

nt

Standard
Polarity

Figure 10: Scale value for PANAS (standard vs. polarity).

Table 16: MAE and accuracy for positive and negative affect
schedule.

No. of responses MAE Accuracy
200 0 100
400 0 100
600 0 100
800 0 100
1,000 0 100

Table 17: Oxford happiness result.

Oxford happiness
Standard evaluation Proposed evaluation

Result Count Result Count

Happy 250
Happy 200

Moderately happy 35
Unhappy 15

Moderately happy 745
Happy 50

Moderately happy 690
Unhappy 5

Unhappy 5
Happy 0

Moderately happy 0
Unhappy 5
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Table 16 shows the MAE and accuracy comparison of
PANAS for the different numbers of responses. ,e result
produces zero error and 100% accuracy for all different
numbers of responses.

Table 17 shows the Oxford happiness questionnaire
standard and proposed polarity-based result. Figure 11
shows the OH questionnaire scale value happy, moder-
ately, happy, and unhappy. Table 18 gives MAE and the
accuracy of the Oxford happiness questionnaire.

6. Conclusion

,e task of sentiment analysis for questionnaire data was the
focus of this study. ,e main goal was to develop a mechanism
for analyzing questions and students’ emotions based on closed-
ended responses. Quest SA is a tool for assessing questionnaire
sentiments and students’ emotions proposed in this paper. ,e
students’ replies are gathered using a closed-ended question-
naire, and the students’ emotions are identified using polarity-
based sentiment analysis in this study. ,e performance of the
study task is evaluated using seven real-time surveys (emotional
intelligence, Eysenck personality, self-determination scale,
general self-efficacy, Rosenberg’s self-esteem, positive and
negative affect schedule, and Oxford happiness). ,e suggested
Quest_SA accurately predicts students’ emotions compared to
established questionnaire evaluation methods. ,e proposed
system’s accuracy is comparable to that of the traditional
method. When opposed to traditional evaluation, categorizing
the result is simple. Because the traditional evaluationwith range
of values takes long time than the proposed evaluation with
polarity score, multimodal SA techniques are probably going to
be in high demand in the near future.

Table 15 shows the MAE and OH accuracy comparison
for a different number of responses. Again, the results
proved that the proposed system works similarly to the
traditional system with good accuracy.

Data Availability

,e data that support the findings of this study are not
available in any public repository.
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 Clustering is a significant approach in data mining, which seeks to find groups 

or clusters of data. Both numeric and categorical features are frequently used 

to define the data in real-world applications. Several different clustering 

algorithms are proposed for the numerical and categorical datasets. In 

clustering algorithms, the quality of clustering results is evaluated using 

cluster validation. This paper proposes an efficient clustering algorithm for 

mixed numerical and categorical data using re-clustering and cluster 

validation. Initially, the mixed dataset is clustered with four traditional 

clustering algorithms like expectation-maximization (EM), hierarchical 

cluster (HC), k-means (KM), and self-organizing map (SOM). These four 

algorithms are validated, and the best algorithm is selected for re-clustering. 

It is an iterative process for improving the quality of cluster results. The 

incorrectly clustered data is iteratively re-clustered and evaluated based on the 

cluster validation. The performance of the proposed clustering method is 

evaluated with a real-time dataset in terms of purity, normalized mutual 

information, rand index, precision, and recall. The experimental results have 

shown that the proposed reclust algorithm achieves better performance 

compared to other clustering algorithms. 
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1. INTRODUCTION  

Clustering analysis is one of the most important approaches in data mining, and it seeks to determine 

the nature of groupings or clusters of data objects in attributes space. Clustering methods are employed in a 

variety of applications [1], including social network analysis [2], knowledge discovery, image processing, text 

and sentiment analysis [3]. Clustering analysis seeks to group data objects with similar properties together, and 

those with distinct characteristics into separate clusters. Hierarchical and partitional clustering methods are the 

two types of clustering algorithms [4]. Data are dispersed into a dendrogram of layered segments using a split 

or agglomerative technique in hierarchical clustering algorithms. Data are partitioned into a certain number of 

clusters by minimizing an objective cost function in partitional clustering algorithms. 

For specific kinds of information, clustering algorithms have been developed. Continuous values are 

used to represent numerical data, whereas categorical data, which is a subset of discrete data, can only have a 

finite number of values. Many real-world applications use categorical data, such as name, gender, and 

educational level. Both numerical and category values were present in the mixed datasets. Real-world data is 

frequently of various sorts. Medical data, for example, includes categorical and numerical values such as age, 

height, weight, and salary, as well as categorical and numerical values such as nationality, gender, employment, 

https://creativecommons.org/licenses/by-sa/4.0/
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education [5], marital status, and chest pain type [6]. When a dataset comprises both numerical and categorical 

variables, the issue of determining the similarity of two data becomes more complicated [7]. Splitting the 

numeric and categorical elements of a mixed dataset and finding the Euclidean distance between two data 

points for numeric characteristics and the Hamming distance for categorical features is a simple technique for 

solving the similarity problem [8]. 

For clustering mixed data, several techniques have been developed. To cluster heterogeneous data, 

Huang [9] presented the well-known k-prototypes technique, which merged the k-means and k-modes 

approaches. The k-prototypes algorithm was improved in [10] by incorporating attribute influence and 

enhancing the cluster center representation. The unsupervised feature learning (UFL) approach was developed 

by Lam et al. [11] by combining the fuzzy adaptive resonance theory (ART) with the UFL. The approach Kay-

means for mixed large data sets (KAMILA) introduced by Foss et al. [12] can directly deal with multiple types 

of attributes and requires fewer parameters. Chen and He [13] used the principle of density clustering to present 

a self-adaptive peak density clustering technique. Most mixed data clustering algorithms have two main goals: 

to develop new approaches to construct novel measures of similarity between mixed characteristics and to 

cluster data using previous or new strategies to obtain a local optimum result. 

This paper proposes an efficient clustering algorithm for mixed numerical and categorical data based 

on re-clustering and cluster validation called reclust. The proposed method contains three important processes: 

initial clustering, validation, and re-clustering. The initial clustering process uses four traditional clustering 

algorithms such as expectation-maximization (EM), hierarchical cluster (HC), k-means (KM), and self-

organizing map (SOM). The validation process evaluates the clustering result. The re-clustering process re-

clusters the incorrectly clustered data. The validation and the re-clustering process is an iterative process [14]. 

It improves the quality of cluster results. 

The remaining part of this research paper is as follows: section 2 describes the research background 

including different clustering methods for numerical and categorical data and also explains clustering 

algorithms used in research. Then, the proposed methodology is explained in section 3. The performance of 

the proposed work is analyzed in section 4-the conclusion and the future work of this research work are 

provided in section 5. 

 

 

2. RESEARCH BACKGROUND 

2.1.  Mixed data clustering 

Clustering mixed data is a difficult process that is rarely accomplished using well-known clustering 

algorithms developed for a certain type of data. It is common knowledge that converting one type to another is 

insufficient since it may result in data loss [15]. For clustering mixed datasets, Que et al. [16] suggest a 

similarity measurement using entropy-based weighting. An automatic categorization technique is used to 

convert numerical data into category data. The relevance of various attributes is then denoted using an entropy-

based weighting technique. 

Li et al. [17] offer a mixed data clustering technique with a noise-filtered distribution centroid and an 

iterative weight modification strategy. It defines a noise-filtered distribution centroid for categorical attributes. 

By integrating the mean and noise-filtered distribution centroid, this method displays the cluster centre with 

mixed properties. The frequency of occurrences for each potential value of the categorical attributes in a cluster 

is more accurately recorded by the noise-filtered distribution centroid. 

Jia and Cheung [18] show how to cluster data using soft subspace clustering with both numerical and 

categorical features. The model is based on the definition of object-cluster similarity and is attribute-weighted. 

Using a uniform weighting approach for numerical and categorical qualities, the attribute-to-cluster 

contribution is measured by accounting for both inter-cluster difference and intra-cluster similarity. 

For data with heterogeneous features, D’Urso and Massari [19] suggest a fuzzy clustering model. 

Different sorts of variables, or qualities, can be considered using the clustering model. This result is obtained 

by using a weighting system to combine the dissimilarity measurements for each attribute, yielding a distance 

measure for several attributes. During the optimization phase, the weights are computed objectively. The 

weights in the clustering findings represent the importance of each attribute type. Rodriguez et al. [20] suggest 

a multipartition clustering process that combines Bayesian network factorization and the variational Bayes 

framework to efficiently handle mixed data. 

 

 

2.2.  K-means clustering algorithm 

Let X=x 1,x 2,...,x n be a data collection in a d-dimensional Euclidean space Rd, and A=a 1,a 2,...,a c 

be the c cluster centres, with d ik=x i-a k as its euclidean norm. Let U= ik _(nc), where _ik is a binary variable 

(i.e., _ik 0,1) that indicates whether the data point xi belongs to the kth cluster, k=1,2,...,c. By minimizing the 
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k-means objective function, the k-means clustering method is iterated via the updating equations for cluster 

centres and memberships [12]: J(U, A) = ∑ ∑ μik‖xi − ak‖2c
k=1

n
i=1  as ak = ∑ μik

n
i=1 xij ∑ μik

n
i=1⁄  and μik =

{
1 if ‖xi − ak‖2 − min

1≤k≤c
‖xi − ak‖2

0 Otherwise
 

 
 

2.3.  Hierarchical clustering 

In Algorithm 1 describe the hierarchical clustering pseudocode. Methods that use hierarchical 

clustering build a hierarchy of clusters that are arranged from top to bottom (or bottom to up). The hierarchical 

algorithms require both of the following to build clusters: 

- Similarity matrix–this is created by determining how similar each pair of mixed data values are. The shape 

of the clusters is influenced by the similarity measure used to generate the similarity matrix. 

- Linkage criterion–this establishes the distance between sets of observations as a function of pairwise 

distances. 

 

Algorithm 1. Hierarchical clustering pseudocode 
C = {Ci – {xi} | xi ϵ D} 

∆ = {δ(xi, xj); xi, xj ϵ D} 

Repeat 

 Find the closest pair of clusters Ci, Cj ϵ C 

 Cij = Ci U Cj 

 C = C \ {{ Ci} U {Cj}} U {Cij} 

 Update distance matrix ∆ to reflect new clustering 

Until |C| = k   

 

2.4.  Expectation maximization 
 

The EM algorithm in Algorithm 2 finds maximum likelihood parameter estimates in probabilistic 

models. The iterative technique of expectation maximisation (EM) alternates between two steps: expectation 

(E) and maximum (M). To cluster data, EM employs the finite Gaussian mixtures model, which iteratively 

estimates a set of parameters until the desired convergence value is obtained. Each of the K probability 

distributions in the mixture corresponds to a single cluster. A membership probability is assigned to each 

instance by each cluster [21].  

 

Algorithm 2. EM clustering pseudocode 
1. Initialize estimates for 𝜃 ≔ 𝜋, 𝜇1, 𝜎1,𝜇2, 𝜎2 

2. (Expectation) Compute the responsibilities for each data point 

𝛾𝑖 =
𝜋𝜑(𝑥𝑖; 𝜇2,𝜎2)

(1 − 𝜋)𝜑(𝑥𝑖; 𝜇1, 𝜎1) + 𝜋𝜑(𝑥𝑖; 𝜇2, 𝜎2)
 

3. (Maximization) Update the estimates for the parameters using the maximum likelihood 

estimator formula. All sums are taken across the data indexed by i and are just 

means/standard deviations weighted by the responsibilities ℽ 

𝜇2 =
∑ 𝛾𝑖𝑥𝑖

∑ 𝛾𝑖

𝜎2 =
∑ 𝛾𝑖(𝑥𝑖 − 𝜇2)2

∑ 𝛾𝑖

𝜋 =
1

𝑛
∑ 𝛾𝑖 

4. Repeat steps 2 and 3 until the parameters converge to a local optimum. 
 

2.5.  Self organization map 

The SOM algorithm in Algorithm 3 is a classic unsupervised learning neural network model that 

clusters input data with similarities. It employs an unsupervised learning methodology and used a competitive 

learning algorithm to train its network. In order to minimise complex issues for straightforward interpretation, 

SOM is utilised for clustering and mapping (or dimensionality reduction) procedures to map multidimensional 

data onto lower-dimensional spaces. The input layer and the output layer are the two layers that make up SOM. 

The SOM merges the clustering and projection operations (reduce the dimensionality of information).  

 

Algorithm 3. Self organization map 
1. Initialize the weight wj, neighborhood parameter Np, k = 0, and learning rate =1.0; 
2. Select random vector x from input data 

3. Compute and select the winning neuron i.e Best Matching Unit based on a distance measure 

and neighborhood function. The empirical index of the winning neurons is determined as 

follows: 

i(x) = arg min
1≤j≤d

‖x − wj‖ 

4. Update the weight vector of winning neurons 

  wi(k + 1) = {
wi(k) + μ[x(k) − wi(k)] iNp(k)

wi(k) iNp(k)
 

5. Update the parameters 

6. Repeat Steps 2, 3, and 4 until the stopping criteria are met. 
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3. PROPOSED METHOD 

This section explains the proposed clustering algorithm for mixed numerical and categorical data [22] 

based on re-clustering and cluster validation called reclust. The proposed method contains three important 

processes: initial clustering, validation, and re-clustering. The initial clustering process uses four traditional 

clustering algorithms such as EM, HC, KM, and SOM. The validation process evaluates the clustering result. 

The re-clustering process re-clusters the incorrectly clustered data. The validation and the re-clustering process 

is an iterative process. It improves the quality of cluster results. 

Let D be the mixed dataset consisting of n instances, indicates as {d1, d2, …, dn}. The dataset D has 

ac categorical attributes and au numerical attributes. Then di(1 ≤ i ≤ n) can be denoted as [di
c, di

u] with di
c =

[di1
c , di2

c , … , di,ac

c ] and di
u = [di1

u , di2
u , … , di,au

u ]. Cluster the dataset D into k clusters C= {C1, C2, …., Ck}. Ci ∩

Cj = ∅, ⋃ Ci = C(i, j = 1,2, … , k, i ≠ j).k
i=1  Algorithm 4 explains the reclust clustering algorithm. 

 

Algorithm 4. Reclust 
Input: Dataset D = { d1, d2, …, dn}, Number of Cluster k 

Output: Clustering Result 

1. Initial Clustering 

 1a. EMcls = Apply EM(D, k) 

 1b. HCcls = Apply HC(D, k)  

 1c. KMcls = Apply KM(D, k) 

 1d. SOMcls = Apply SOM(D, k) 

2. Cluster Validation 

 2a. EMeval = evaluateCluster(EMcls, D) 

 2b. HCeval = evaluateCluster(HCcls, D) 

 2c. KMeval = evaluateCluster(KMcls, D) 

 2d. SOMcls = evaluateCluster(SOMcls, D) 

 2e. minCls = Min (EMeval, HCeval, KMeval, SOMeval) 

 2f. incorrectD = incorrectlyClusteredData(D) 

3. Reclustering 

 3a. While (the stop criterion is not met) 

 3b. recls= Cluster incorrectD using minCls 

 3c. reclsEval = evaluateCluster (recls) 

 3d. subD = incorrectlyClusteredData(incorrectD) 

 3e. incorrect =subD 

 3f. End While 

 

In this algorithm, step 1 applies four traditional clustering algorithms. Step 2 evaluates the cluster 

results. The evaluateCluster uses classes to cluster evaluation method. It builds clustering after ignoring the 

class attribute. It then allocates classes to the clusters during the test phase, depending on the majority value of 

the class feature within each cluster. The classification error is then calculated based on this assignment. Step 

2e finds the minimum error value of four traditional clustering algorithms. Step 2f extracts the incorrectly 

clustered data from the evaluation results. Step 3 is an iterative re-clustering, which clusters the incorrect data 

and evaluates the clustering result. The stop criterion for the re-clustering step is either a minimum error value 

or a minimum number of instances in incorrect clustered data. 
 

 

4. EXPERIMENTAL RESULT 

This section evaluates the performance of the proposed work through experiments. Three publicly 

available data sets and students' data with seven questionnaires are used to analyze the cluster results. Table 1 

shows the summary of the dataset used for experiments. The following metrics are used to evaluate the 

clustering results: rand index (RI), precision (Pre), and recall (Rec). These evaluation metrics are computed 

using the classes to cluster assignment (CCA) table shown in Table 2. 

Let D={D1, D2, D3,…, Dn} be the dataset contains n number of instances, C={C1, C2, …,Ck} 

denotes set of k clusters generated from D using clustering algorithm and P = {P1, P2, …, Pc}denotes set of c 

true classes of D. In table 2, aij represents the number of common instances between Pi and Cj i.e aij = |Pi ∩ 

Cj|. SPi and SCj denote the number of instances in Pi and Cj.  

The evaluation metrics are computed as shown in: 
 

𝑃𝑢𝑟𝑖𝑡𝑦 =
1

𝑛
∑ max

𝑐
|𝑎𝑘𝑐|𝑘   

 

𝐴𝑅𝐼 =
∑ (

𝑎𝑖𝑗
2

)−[∑ (
𝑆𝑃𝑖

2
) ∑ (

𝑆𝐶𝑗
2

)𝑗𝑖 ] (𝑛
2)⁄𝑖𝑗

1

2
[∑ (

𝑆𝑃𝑖
2

)+∑ (
𝑆𝐶𝑗

2
)𝑗𝑖 ]−[∑ (

𝑆𝑃𝑖
2

) ∑ (
𝑆𝐶𝑗

2
)𝑗𝑖 ] (𝑛

2)⁄
  

 

here (𝑛
2
) = 𝑛(𝑛 − 1) 2⁄ , 
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𝑁𝑀𝐼 =  
∑ ∑ 𝑎𝑖𝑗 log(

𝑎𝑖𝑗∗𝑛

𝑆𝑃𝑖∗𝑆𝐶𝑗
)𝑘

𝑗=1
𝑐
𝑖=1

√∑ 𝑆𝑃𝑖 log(
𝑆𝑃𝑖

𝑛
) ∑ 𝑆𝐶𝑗𝑙𝑜𝑔(

𝑆𝐶𝑗
𝑛

)𝑘
𝑗=1

𝑐
𝑖=1

  

 
 

𝑃𝑟𝑒 =
1

𝑐
∑

max
𝑘

𝑎𝑘𝑖

𝑆𝑃𝑖

𝑐
𝑖=1 S  

 

𝑅𝑒𝑐 =
1

𝑘
∑

max
𝑐

𝑎𝑐𝑖

𝑆𝐶𝑖

𝑘
𝑖=1   

 

In this experiment, the number of clusters to be found was equal to the number of classes in the data 

set i.e., c = k. Larger values of RI, Pre, and Rec indicate better clustering results. Table 3 shows the Classes for 

Cluster Assignment for the emotional intelligence dataset. Most of the classes are correctly clustered. 

Tables 4-9 shows CCA for EPQ, GSE, EHQ, PNA, RSE [23], SDS datasets. Table 10 shows the 

comparison of evaluation metrics for different datasets. The metrics RI, Precision, and Recall is compared with 

ABC-K-Prototypes [24], CCS-K-Prototypes [1], and Multi-view K-Prototype [25]. Table 11 and Figure 1 

shows the Rand Index comparison. Table 12 and Figure 2 depict the precision comparison. Table 13 and Figure 

3 depicts the recall comparison. 
 

 

Table 1. Dataset summary 
Dataset Type Dataset # 

Instances 

# Numerical 

Features 

# Categorical 

Features 

# 

Classes 

Student Info with Question 

Response 

Emotional Intelligence (EIQ) 1000 2 11 3 

Eysenck Personality (EPQ) 1000 2 11 3 

General Self Efficacy (GSE) 1000 2 11 2 

Emotional Happiness (EHQ) 1000 2 11 3 

Positive /Negative Attitude 

(PNA) 

1000 2 11 3 

Self Esteem(RSE) 1000 2 11 3 

Self Determination (SDS) 1000 2 11 2 

Medical Heart 293 7 6 5 

Dermatology 358 1 33 6 

Credit Card Credit 653 6 9 2 

 

 

Table 2. Classes to cluster assignment table 
 C1 C2 …. Ck Sum 

P1 

P2 

⁞ 

Pc 

a11 

a21 

⁞ 

ac1 

a12 

a22 

⁞ 

ac2 

…. 

…. 

⁞ 

…. 

a1k 

a2k 

⁞ 

ack 

SP1 

SP2 

⁞ 

SPc 

Sum SC1 SC2 …. SCk  
 

Table 3. CCA for emotional intelligence dataset 
CCA Assigned Cluster 

 High Average Low 

Actual Classes High 700 0 0 

Average 15 265 10 

Low 8 0 2 
 

 

 

Table 4. CCA for eysenck personality dataset 
CCA Assigned Cluster 

 Extroversion Psychoticism Neuroticism 

Actual Classes Extroversion 665 0 0 

Psychoticsm 7 25 3 

Neuroticism 20 0 280 

 

 

Table 5. CCA for self efficacy 
CCA Assigned Cluster 

 High Low 

Actual Classes High 960 10 

Low 4 26 

 

 

Table 6. CCA for emotional happiness 
CCA Assigned Cluster 

 Happy Moderately_happy Unhappy 

Actual 

Classes 

Happy 238 12 0 

Moderately_happy 39 692 0 

Unhappy 0 4 15 

 

Table 7. CCA for positive/negative attitude Table 8. CCA for self esteem 
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CCA Assigned Cluster 

 Positive Negative Neutral 

Actual 

Classes 

Positive 756 35 14 

Negative 12 113 0 

Neutral 0 4 66 
 

CCA Assigned Cluster 

 High Normal Low 

Actual Classes High 890 0 16 

Normal 6 52 0 

Low 6 0 30 
 

 

 

Table 9. CCA for self determination 
CCA Assigned Cluster 

 High Low 

Actual Classes High 745 15 

Low 20 220 

 

 

Table 10. Evaluation metrics comparison 
Data Set EIQ EPQ GSE EHQ PNA RSE SDS Heart Dermatology Credit Card 

Purity 0.975 0.97 0.986 0.945 0.935 0.972 0.965 0.724 0.911 0.928 

RI 0.908 0.901 0.821 0.798 0.774 0.838 0.859 0.899 0.865 0.947 

NMI 0.823 0.83 0.606 0.689 0.645 0.715 0.735 0.817 0.886 0.9 

Pre 0.905 0.883 0.928 0.896 0.929 0.904 0.948 0.777 0.919 0.983 

Rec 0.934 0.983 0.859 0.946 0.851 0.88 0.955 0.684 0.936 0.986 

 

 

Table 11. RI comparison 
Dataset ABC-K CCS-K Multi-View Reclust 

Heart 0.667 0.680 0.684 0.899 

Dermatology 0.689 0.694 0.691 0.865 

Credit Card 0.673 0.674 0.695 0.947 

 

 

 
 

Figure 1. Rand index comparison 

 

 

Table 12. Precision comparison 
Dataset ABC-K CCS-K Multi-View Reclust 

Heart 0.658 0.675 0.637 0.777 

Dermatology 0.808 0.812 0.809 0.919 

Credit Card 0.792 0.814 0.810 0.983 

 

 

 
 

Figure 2. Precision comparison 

Table 13. Recall comparison 
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Dataset ABC-K CCS-K Multi-View Reclust 

Heart 0.379 0.388 0.398 0.684 

Dermatology 0.806 0.809 0.807 0.936 

Credit Card 0.795 0.796 0.810 0.986 

 

 

 
 

Figure 3. Recall comparison 

 

 

5. CONCLUSION 

Clustering is a typical data mining technique, and clustering mixed datasets into meaningful groups is 

possible since mixed items are ubiquitous in real-world datasets. This research presents an effective clustering 

approach for grouping mixed numerical and categorical datasets. Furthermore, iterative re-clustering and 

cluster validation enhance the clustering results. In terms of clustering purity, NMI, rand index, precision, and 

recall, the suggested reclust algorithm was tested on several datasets. The results of the experiments confirm 

the reclust algorithm's superior performance. 
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