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Abstract
Background: A high level of wellness is vital to produce a well-balanced and
competent graduate. Despite the importance of wellness to the attainment of
high productivity, limited attention is directed towards predicting the academic
performance of students with regards to wellness markers. This study aims
to ascertain the association between wellness and academic achievement of
undergraduate students. Methods: A total of 250 undergraduate students
drawn from various faculties in one of the public universities in Malaysia
participated in the study. The wellness Lifestyle inventory which evaluates an
initial rating of a person’s present attempt to remain healthy and assessed
nine major areas namely; health-related fitness, nutrition, avoiding chemical
dependency, stress management, personal hygiene and health, disease
prevention, emotional well-being, personal safety and environmental health
protection was used as a tool for determining the wellness status of the
students whilst their CGPA was utilized as a measure for their academic
achievement. K-means clustering analysis was used to group the students into
high grades students (HGS) and low grades students (LGS) through their CGPA.
A Logistic Regression Model (LR) is developed to classify the students based
on their wellness status markers. Findings: An excellent classification accuracy
of 99 to 100 % was obtained from the LR model for both training and testing,
respectively. Moreover, analysis of variance demonstrated that the HGS and
LGS differ in their effort to stay healthy with respect to certain markers p <
0.05. Applications: To ensure better academic grades, some wellness status
elements need to be accentuated amongst undergraduate students.
Keywords:Wellness status; undergraduate student; academic performance;
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1 Introduction
It is generally believed that partaking in physical exercise enhances the quality of life of an individual. However, the advent of technology
coupled with changes in lifestyles, have demonstrated that fitness alone could not always be enough to lower the risk of ailments and ensure
better health. Some lifestyles habit such as smoking, drinking toomuch alcohol, excessive stress as well as eating various foods that are high in
saturated fat could pose a risk for cardiovascular disorder and other chronic diseases (1,2). Although, many people are aware of their unhealthy
lifestyle behaviors, nonetheless, they often seem to contend with life as long as they remain free from symptoms or illness. Changes in this
category of people are not considered until major health problems are incurred. Therefore, it is worth to highlight that the current lifestyle
habits dictate the health as well as the well-being of tomorrow. Consequently, the wellness of an individual could to a large extent determine
his or her productivity in any performance-based activity (3).

Predicting students’ performances have received several attentions from different researchers globally due to its relative importance in
understanding the factors that could affect the students learning hitherto their final grades. One of the commonly used methods of predicting
the student’s performances is the machine learning-based supervised technique. The supervised learning method of machine learning is
essentially a technique used to predict numerical or categorical indicators with respect to a set of predefined parameters or variables (4).
To date, the application of machine learning methods towards the prediction of students’ academic performances, dropout rates, course
registration, grades as well as learning techniques has gained wider recognition for over a decade.

In a very recent study, Anusha et al., (5) applied a different machine learning algorithms i.e k nearest neighbor (k-NN), Decision Tree,
Random Forest and a conventional linear regression model to predict undergraduate computer science students’ performances. A set of
historical data for a total of four years which constitutes theory marks, term test marks, viva as well as practical marks for each student was
used to predict the students’ GPA. It was demonstrated from the results that the conventional linear regression was able to provide a good
prediction of the student’s GPA with an overall R2 of 94%. The authors concluded that the developed model could help the students to be fully
engaged towards improving their academic performances by virtue of their historical record of performances.

Kardan et al., (6) carried out a study to investigate the students’ course selection and identify the potential elements that affect students’
satisfaction with regards to the online course they preferred. The data of 714 online graduate courses from 16 academic terms were used
to predict the students’ final number of registrations in every course after the add and drop period using an Artificial Neural Network
(ANN) algorithm. It was shown from the initial finding that the network was able to provide a prediction rate of 90%. However, after
some optimization, it was observed that the prediction ability of the network increased to 92%. It was concluded from the study that some
influential factors specifically course characteristics, instructor characteristics, course difficulty, students workload, course grade, course type
with regards to compulsory or elective, time of the course, number of clashes of the course with other courses and final examination time
could predict the selection of a particular course by the students.

Amrieh et al., (7) employed a data mining technique through which educational related data that comprised of demographic features
specifically gender andnationality, academic background elements comprising of educational level, grade level and section, behavioral features
including raising hands in class, visited resources, parents answering survey as well as satisfaction towards the school are utilized to forecast
the academic performance of the students. Different machine learning models i.e. ANN, Naïve Beyers and Decision Tree are used to achieve
the purpose of the study. Moreover, ensembles algorithms specifically bagging boosting and Random Forest were applied to improve the
efficacy of the model. A strong association between the students learning behavior and their academic achievement were observed in the
study. The accuracy of the model while considering the behavioral features was shown to be 22% higher improvement as opposed to the
accuracy observed when the feature is eliminated. The model was shown to improve by 26% through the application of ensemble boosting
technique and the model was tested against new incoming students in which an overall accuracy of 80% was obtained. It was postulated by
the researchers that the method employed proved reliable in predicting student’s academic performance.

Arsad et al., (8)developed a predictive model of engineering students’ performances using ANN. Features comprising of subjects selection
at semester three namely; digital systems, signals and system II, material science, mathematics II as well as English I were used as the input
parameterswhilst theCGPAwas used as the output parameter. Two separatemodels for undergraduate and diploma studentswere established.
It was shown from the findings that the ANN algorithm was able to provide a good prediction of the students’ academic performance with
an R2 of 97% and 92% for both degree and diploma students respectively. In a different study, Ibrahim et al., (9)predicted students’ academic
performance in an undergraduate program.Demographic information of the student is used as the input variable while the CGPAwas utilized
as the predictor variable. The authors developed three different models employing Logistic Regression, ANN as well as Neuro-Fuzzy. It was
demonstrated that the Neuro-Fuzzy model outperformed all the two models. The authors concluded that the choosing parameters were
effective in forecasting the student’s achievement.

In an earlier study, Oladokun et al., (10) predicted the likelihood of engineering students to be considered for admission into a university.
Several indicators that could influence the performance of the students were considered such as level subject’s scores, subject combination,
matriculation examination scores, age on admission, parental background and gender. The aforesaid variables were trained on ANN as input
variables whilst the grade of the students was used as the output parameter. It was shown from the findings that a prediction rate of up to
70% was attained. In another perspective, Romero et al., (11) predicted computer science students’ final performance through the utilization
of the student’s participation data in an online discussion forum. Different data mining approaches were employed in developing the model.
Conventional classifiers and clustering techniquewere compared in their efficacy of predicting the probability of the students passing or failing
a course to the data obtained from the forum usage. It was shown from the results that the application of clustering technique is effective in
predicting the students’ performance as compared to the other tested classifiers.
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It could be observed from the various studies mentioned above that the prediction of students’ performances was duly considered by
several researchers. However, many of such studies focused on engineering or computer science-based students and no consideration were
given to the other arts or social sciences students. Moreover, the studies mainly considered only classroom-related parameters only a few
studies incorporated some demographic information of the students. It has also been noticed that no study has thus far attempted to look
into the wellness markers attributed to the students. It is important to note that for students to attain a high level of academic achievement
especially in a higher institution of learning, it is imperative to maintain a healthy lifestyle. The efforts of the students to pay attention to the
wellness elements as well as make the necessary adjustment towards reaching a high standard of wellness, could to a large extent determine
their academic performances. As such, the present study is aimed at predicting the academic performance of students frommultiple programs
through the utilization of their wellness status markers as well as Logistic Regression and k-means clustering algorithms.

The present paper is organized into five main headings.

1. The study participants which constitutes the number of the students involved in the study as well as their respective faculties
2. The instruments utilized for data collection.
3. The reliability as well as the power analysis carried out to establish the validity and the reliability of the study coupled with the

determination of the adequate number of participants required to achieve a stable result.
4. The process of developing the k-means as well as the logistic regression algorithms are then explained. Finally,
5. The discussion of the main findings followed by a conclusion as well as recommendations is presented.

2 Materials and Methods
2.1 Participants
The participants of the present study comprised of a total number of 250 undergraduate students aged (20 ±0.76). A probability sampling
technique is applied to recruit the samples of the present study. This sampling is deemed appropriate as every individual within the
study population has an equal chance of being selected (12). The students are from Universiti Malaysia Terengganu drawn from various
faculties consisting of Economics, PolicyManagement,MaritimeManagement, Accounting,Marketing, FinancialMathematics, Food Science,
Computer Science, Biodiversity as well as Chemical Science. A total of 56 respondents were male students while 194 students were female.
A total of 164 (65.6%) respondents were Malays, 27 (10.8%) respondents were Chinese, 43 (17.2%) respondents were Indians and 16 (6.4%)
respondents were from other racial groups. Before the commencement of data collection in this study, the students were informed about the
purpose of the research and informed consent was obtained. It is worth noting that the study was revised and approved by the departmental
committee (UMT/PPAL/500-28 JILD 2-2019).

2.2 Instruments for data collection

The principal instruments for data collection were the wellness lifestyle Questionnaire (WLQ), curled from (13,14). This instrument is
considered apt in the present study due to its relative validity in measuring the wellness lifestyle of individuals within the specified age.
The instrument comprises of 36 items. Responses are recorded on a 5-point Likert scale, from strongly agree (1) to strongly disagree (5).
The 36 questions are grouped to contribute to 9 categories which can be further broken down into three categories of self that include
“Excellence”, “Good” and “Need Improvement”. The categories include “health-related fitness”, “nutrition”, “avoiding chemical dependency”,
“stress management”, “personal hygiene”, “disease prevention”, “emotional well-being”, “personal safety” as well as “environmental health and
protection”. The CGPA of the students were collected and utilized as an indicator of their academic achievement.

2.3 Internal Consistency Reliability and Power analysis
A reliability testing was carried out prior to the commencement of full analysis in the present study. The internal consistency reliability was
conducted to examine the consistency of the responses on the items of the instrument. A Cronbach’s alpha coefficient was employed to
examine the degree of consistency amongst the items and to ensure that the items are evaluating a single construct (unidimensional) and the
student’s responses are independent of each other (15,16). It is worth noting that the coefficient values of the items demonstrated a satisfactory
value ranging from 0.79 to 0.89. Moreover, a priori power analysis using G*Power was conducted to determine the sample necessary to draw a
meaningful conclusion in the study. A power analysis of multivariate analysis with a power equivalent to 0.95 and alpha of 0.05 suggested that
a sample size of 150 respondents would be sufficient to detect amedium effect size of 0.25. Similarly, power analysis for the analysis of variance
with a power equivalent to 0.80 and an alpha of 0.05 revealed that a sample size of 200 respondents would be effective to identify a medium
effect size of 0.05 (17). Therefore, a sample size of 250 would be adequate to avoid the problem of Type II error in the current investigation.

2.4 Data Analysis

2.4.1 Data Preprocessing
Before the commencement of the full analysis in this investigation, the data were checked to ensure that it is free from any typing errors or
missing information. After the cleaning was completed, the Shapiro-Wilk test was used to ascertain the distribution as well as the skewness
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of the data gathered. It was observed that the data was normally distributed based on the nine elements being investigated. However, the
data was observed to be skewed towards female respondents. This skewness is considered normal due to the comparatively higher number
of female students in the university as compared to the males. Moreover, the data is normalized by calculating the z score in order to ensure
that all the features possessed the same scale. The z score is determined using the following equation:

x′ = (x−µ)/σ (1)

Where: x′= mean whilst σ = standard deviation.

2.4.2 The k-means Clustering Algorithm
Clustering is amongst the most common exploratory data analysis method that is often employed to obtain an intuition on the structure
of a given dataset. Cluster analysis has been documented to be useful in identifying the feature’s subgroups or samples based on certain
observation (18,19). A k-means clustering algorithm is essentially a type of cluster analysis that iteratively attempt to segregate a dataset into a
k- predefined distinct as well as non-overlapping subgroups known as clusters such that each data point is assigned to only one group. In this
process, the algorithm tries to make the inter-cluster data points as homogenous as possible whilst keeping the clusters as heterogeneous as
possible. The k-means algorithm is selected in the present study due to its efficacy to cater for linearity relationship within the dataset since
the time complexity of the k-means algorithm is linear i.e. O(n). Moreover, k-means clustering is shown to be effective when prior knowledge
of k is established i.e. a predetermined number of clusters (20,21).

In the present study, a standard k-means clustering algorithm is applied to group the students based on their CGPA grades. The CGPA
grade is set at 2 clusters (k = 2).The evaluation process is carried out bymeans of a silhouette-based quality estimation technique. It is worth to
highlight that a maximum number of 300 iterations with 15 re-runs were used. The initialization was set at random whilst the class centroids
were estimated in order to normalize the observations from the initially aligned points to stimulate the efficacy as well as the effectiveness of
the clustering (22). Consequently, every single point is assigned to a particular cluster whilst each cluster centroid is updated simultaneously.
Euclidean distance was used as a distancemetric of portioning the two clusters formed i.e. high-grade students (HGS) and low-grade students
(LGS). The analysis was implemented via Orange-Canvas version 3.24.0 for Windows.

2.4.3 Development of the Logistic Regression Model
Logistic regression (LR) is one of the popular machine learning algorithms often employed for classification problems. LR is coined for
the function used at the core of the method (the logistic function). The logistic function, also known as the sigmoid function, was primarily
developed by statisticians in a view to ascertaining the properties of population growth in ecology which was deemed rapidly growing towards
the threshold of the carrying capacity of the environment. The logistic function is an S-shaped curve that can take any real-valued number
and map it into a value between 0 and 1. For more detail information about the LR algorithm, the readers are encouraged to refer to the
following literature (23–25).

The LR classifier is utilized in the present study to classify the HGS and LGS based on their scores in the wellness status elements. It is
worth to mention that the LR is robust in classifying two distinct sets of clusters and hence motivate the selection of the algorithm for this
study (26,27). The dataset that consists of 250 observations was split into the 70:30 ratio for training and testing purposes (26,27). The responses
on thewellness status elements (health-related fitness, nutrition, avoiding chemical dependency, stressmanagement, personal hygiene, disease
prevention, emotional well-being, personal safety as well as environmental health and protection) were used as the independent variables
whilst the cluster determined i.e. HGS and LGS were treated as the dependent variables. In the training stage, the five-fold cross-validation
technique was utilized. The regularization types used for the algorithm is the Ridge(L2) and the c was set at 1.

The efficacy of the model in classifying the classes of the students based on the elements investigated was evaluated through Classification
accuracy (CA), Area under the curve (AUC), Precision, Recall as well as F1. The CA is importantly the ratio between the true identified
observation versus the entire observation. The AUC measures the overall accuracy of the quantitative analysis; the higher the accuracy the
more value is close to 1 and vice versa (28). The precision computes the number of actual positive predictions over the entire sets of positive
predictions. The Recall otherwise known as sensitivity is the ratio of the accurately predicted positive observations with respect to all the
observations in true class. Conversely, the F1 is the weighted mean of both the Precision and Recall which signifies that its score considers
both false positives as well as false negatives. The mathematical expressions of the said evaluation metrics are given as follows:

CA = (T P+T N)/(T P+T N +FP+FN) (2)

PREC = T P/(T P+FP) (3)

RECALL = T P/(T P+FN) (4)

F1 = 2 ∗ (Recall ∗Precision)/(Recall +Precsion) (5)
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AUC =
∫ b

a f (x)dx (6)

Whereas, TP and TN stand for true positive and true negative (the number of positive and negative observations accurately predicted). The
FP and FN are false positives and false negative (the number of positive and negative samples incorrectly predicted). The AUC between the
two points could be determined by means of definite integral between the two points as shown in equation 6.

3 Results
Figure 1 represents the classes identified by the k-means clustering algorithm.TheCGPA grades of the students enabled the classes formation.
It could be observed from the figure that somewhat clear demarcations are formed separating the HGS and LGS.

Fig 1. Clusters forms through k-means algorithm

Table 1 demonstrates the performance of the model developed in the present study. From the table, the classification accuracy (CA), the
area under the curve (AUC), the Precision, Recall as well as the F1 parameters are shown for both the training and test dataset. The CA for
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both the training and tests are 99 and 100% respectively whilst the AUC which is essentially the measure ofseparability of the model that
ranges from 0 (no separation ability) to 1 high (separation ability). A precision of 97% and 100% for training and testing is displayed which
revealed the ratio of correctly predicted positive observations to the total predicted positive observations. A Recall or otherwise sensitivity
of the model which measures the ratio of correctly predicted positive observations to all observations in actual class is shown to be 97 and
100% for training and testing. Moreover, the F1 score which is the weighted average of Precision and Recall that takes both false positives
and false negatives into account is found to be also 97 and 100% for training and testing respectively. Overall, based on the model parameters
evaluated in the present study, it is tempting to postulate that the performance of the model developed is rather excellent and therefore, the
wellness related markers considered in the study could potentially predict the CGPA grades level of the undergraduate students.

Table 1. Performance of the model parameters
Model Parameters CA AUC Precision Recall F1
Training 99% 1 97% 97% 97%
Test 100% 100% 100% 100% 100%

Figure 2 shows the confusion metrics of the model developed. It could be seen that two misclassifications are observed from the HGS
groups whilst 3 misclassifications are accrued from the LGS group during the training phase of the model i.e. (a). However, no single
misclassification was transpired at the testing phase of the model (b) which further accentuated the robustness of the model in classifying the
grouping of the students excellently.

Fig 2. Confusion metrics of the developed model

Table 2.Descriptive statistics and analysis of variance for the study variables

Wellness Variables
HGS LGS

Sig.
Mean Std Dev+ Mean Std Dev+

CGPA 3.350 0.267 3.247 0.357 0.001*
Health R. Fitness 9.656 2.342 14.452 2.008 0.108
Nutrition 11.127 2.823 14.505 2.273 0.024*
Avoiding Chemical Dependence 18.510 1.693 15.054 2.891 0.001*
Stress Management 14.586 2.562 14.71 2.434 0.595
Personal Hygiene and Health 14.911 2.642 13.527 1.827 0.001*
Disease Prevention 13.669 3.249 15.043 2.216 0.001*
Emotional Well-being 16.389 2.518 14.925 2.369 0.526
Personal Safety 17.535 1.910 14.269 2.193 0.130
Environmental Health Protection 15.363 3.880 14.269 2.081 0.001*

*P<0.05

Table 2 highlights the descriptive statistics and analysis of variance for the variables examined in the current study. It could be observed
that the CGPA of the students is statistically different between the groups.Moreover, it is demonstrated that HGSis better in avoiding chemical
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dependency,maintaining personal hygiene andhealth, and environmental health protectionwhereas the LGS are good in controlling nutrition
and diseases prevention p < 0.05. Conversely, no significant difference was observed between the groups in health-related fitness, stress
management, emotional well-being as well as personal safety.

4 Discussion
The purpose of the present study was to examine the wellness status of undergraduate students and to classify the students based on their
scores on the wellness status markers as well as their academic achievement. The present study employed a non-conventional approach in
assessing the link between wellness status of undergraduate students and the corresponding academic performance. It is worth to mention
that the current study is amongst the first study to consider applying a non-conventional technique in evaluating the wellness status and
academic performance of students. This study is deemed timely due to the relative importance of maintaining healthy life especially amongst
undergraduate students who are often anticipated to excel in their studies irrespective of challenges posed by the school system as well as a
learning process.

The findings from the present study revealed that HGS is characterized by avoiding chemical dependency, sustaining personal hygiene
and health as well as a good habit of environmental health protection (Table 2). Wellness is a framework within which individuals form a
productive and enjoyable life, much of which is developed within the scope of their education process. Avoiding chemical dependency is the
well-being of individuals through self-care and personal security which is closely related to the students’ understanding of their roles within
the university, where they realize that they are responsible for taking care of themselves while dealing with stress in their work and other
related claims (29). Similarly, it has been documented that a good understanding of factors associated to the students’ burnout and stress could
assist the school administration and the other relevant stakeholders in mounting students-wellness initiatives that could aid in promoting
empathy, self-care as well as overall health awareness of the students (30).

Substance abuse and dependence may arise as a result of multiple factors faced by students, including genetic vulnerability, environmental
stress, social pressures, individual personality characteristics, and psychiatric problems. Students providemyriad justifications for using drugs
such as exploring the feelings, pressure from their peers as well as the need to develop a sense of belonging to the group (31). Nonetheless, the
students might likely use drugs to navigate obstacles emanating from schools, occupations, family as well as friends. The feelings of sadness,
anxiety or depression could alsomotivate others to use drugs to overcome the situations.These issues can escalate rapidly particularly amongst
college students. It is pertinent to highlight that preventing any element of addiction could be more advantageous as well as cost-effective as
opposed to treatment measures. Consequently, regular dissemination of information to the students about the negative effects of any drug
abuse could assist in guiding the students to make the necessary adjustment that could lead to a brighter future. It is obvious from the findings
of the present study that the HGS are informed about the risk of chemical dependency which translated to their high score in the variable as
compared to the LGS.

It was shown from the study findings that the HGS is attributed to better personal hygiene and health practices as well as a good habit of
environmental health protection control. Personal hygiene is one of the pillars of healthy living of an individual. It constitutes all the personal
elements that could affect the health aswell as thewell-being of an individual. Personal hygiene encompasses regular bathing, washing clothing
and hands, taking care of nails, feet, teeth, personal appearance as well as inculcating the habits of cleanness (32,33). A good practice of personal
hygiene among students is non-trivial owing to the fact that a large number of students spend most of their time in public places, such as
schools, colleges, or universities in direct contact with other people. The transmission of communicable disease to students may lead to the
abscondment from school, which could consequently affect their academic performance (32).

It was apparent from the finding of the present study that the HGS is attributed to a certain degree of environmental health protection
habits. Environmental problems are a global phenomenon that threatens to destabilize that lives of living creatures. Problems such as global
warming, ozone layer destruction, natural damage, loss of biodiversity as well as environmental pollution could seriously militate against
the lives of both present and future generation (29,34). It should be noted that environmental problems could strongly be influenced by
environmental awareness, values as well as attitude of the people within the environment. This has prompted the effort of many countries to
embark on assessing the environmental awareness of their populace with the aim of introducing intervention to mitigate the lingering issues
of environmental hazards (35). It is, therefore, vital for the student to be aware of environmental problems and actively involved in protecting
the environment in order to safeguard the health of the school community and the population at large.

The LGS group were found to be better in controlling nutrition and diseases prevention. This is not surprising because high academic
performance students are mostly focused on achieving higher academic grades even at the expense of keeping a healthy lifestyle. It was
reported in the previous study that a good number of higher academic performance students often neglect taking a nutritious breakfast (36).
Furthermore, the preceding researchers stressed that among the factors which contributed to this problem are students’ time constraints, no
appetite, not liking to eat in the morning or sleeping too late to get up early (37). On the other hand, the finding from the current study has
indicated that both the HGS and LGS groups are similar in wellness attributes of health-related fitness, stress management, emotional well-
being as well as personal safety. This finding has pointed out that the students are informed about the need to avoid stress, exercise regularly
as well as inculcate the habit of personal safety regardless of their academic grades. This finding is also congruent with the previously reported
data that demonstrated students who participate in physical activities are more incline to exhibit a favorable attitude towards both behavioral
as well as cognitive abilities (38).

https://www.indjst.org/ 2953

https://www.indjst.org/


Musa et al. / Indian Journal of Science and Technology 2020;13(29):2947–2955

5 Conclusion
To enhance students’ academic performance, higher institutions of learning have consistently engaged the stakeholders in modifying
programs, introducing new concept as well as initiating a myriad support system to improve academic performance. However, despite these
efforts, students still have both satisfactory and unsatisfactory progress. This study examined the link between wellness status variables and
academic performance of undergraduate students. The findings from the study demonstrated that students with high academic performance
are attributed to some wellness qualities that consist of avoiding chemical dependency, sustaining personal hygiene and health as well as a
good habit of environmental health protection whilst they fell short in nutritional health coupled with disease prevention. It is also apparent
from the study that students are knowledgeable in the aspect of maintaining regular exercise, emotional well-being and personal safety. The
overall findings of the present study accentuated the association between students’ academic performance and wellness status. The findings
of this study provide significant implications for the understanding of undergraduate students’ wellness and its practices. The results from the
study could serve as a foundation for the university to understand students’ overall wellness and its connectionwith academic performance, in
order to be able to design appropriate activities and programs to cater to their needs.Moreover, it is worth tomention that the nonconventional
approach employed in the present study serves useful in systematically highlighting the relationship between the student’s wellness and their
academic performance. It is, therefore, recommended that the approach employed in the current study should be extended to some specific
health care practices related to students’ performances by considering a larger sample including both private and public institutions.
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