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Preface  

Recently, due to the development of the internet and mobile devices, such 
as smartphones and tablets, it has been easy to share information and 
communicate across the globe. Especially social media and crowdsourcing 
have significantly contributed to various traditional and new industries, 
such as manufacturing, social good, agriculture, healthcare, tourism, 
disaster management, education, crime control, and cultural heritage, as 
efficient and effective platforms for individuals and organizations to share 
information and communicate with each other. 

Social media is defined as online platforms that allow users to 
communicate with each other, share information and knowledge, and 
express their opinions on various topics, regardless of their physical 
locations, in real time. Social media users can use texts, images, videos, and 
URLs to create content and communicate with each other as well as create 
their personal profiles. Over the last couple of years, social media platforms 
have been used not only for individual users but also for communities and 
enterprises for marketing and business purposes. Types of social media 
include social networking sites, blogs, photo-sharing sites, video-sharing 
sites, instant messaging, podcasts, and virtual worlds as well as social 
media users can use their computers and mobile devices. Popular social 
media platforms are Twitter, Facebook, Instagram, YouTube, Yelp, and 
LinkedIn and they have been widely used as powerful platforms for 
crowdsourcing recently. 

Crowdsourcing is defined as a sourcing model in which individuals and/ 
or organizations obtain goods, services, ideas, and finances from a large 
group of online users through an open call. Crowdsourcing is also 
considered a way to use the Internet to outsource work to a crowd, 
either paid or unpaid. It has been widely used for individuals and 
organizations to have collective knowledge and skills as well as create 
global communities to achieve the common goals. Especially, it 
contributes to create encyclopedias, fund projects, and address real- 
world complex problems, which traditional approaches struggle to 
solve. Crowdsourcing is based on the wisdom of crowds, which is the 
process of considering the collective opinion of a group of individuals, 
rather than a single expert to answer a question, as well as requires a 
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diversity of opinions, independence, decentralization, and aggregation. 
While outsourcing is commissioned from a specific and named group, 
crowdsourcing comes from a less specific and more public group. 
Compared to outsourcing, it is known that the advantages of 
crowdsourcing include improved profits, speed, quality, flexibility, 
scalability, and diversity. It is demonstrated that proper utilization of 
non-expert human beings can reduce the overall cost of hiring the experts 
while maintaining quality. 

Types of crowdsourcing include collecting information, labor markets, 
collaborative creation, and smartest in the crowd and their popular 
examples are online commerce websites’ reviews, Amazon Mechanical 
Turk, Wikipedia, and online contests, respectively. In addition, 
crowdfunding is one of the example of crowdsourcing, which is the 
collective effort of individuals who network and pool their money, 
usually via the Internet, to support efforts initiated by other people or 
organizations. Crowdfunding includes disaster relief, start-up company 
funding, free software development, and scientific research that supports 
individuals, non-profit organizations, start-ups, and small companies. 
Popular crowdfunding websites are GoFundMe and Kickstarter. 

Social media can be used as an efficient and effective platform for 
crowdsourcing. Through social media platforms, individuals and 
organizations can use knowledge and opinions that are collected from the 
crowd in real time and can be supported to make decisions. For example, 
social media platforms, especially online communities, can be used for idea 
generation and brainstorming. Social media platforms including online 
communities also enable individuals and/or organizations to use online 
polls and surveys, which are necessary for crowdsourcing. Social media 
platforms can be used for collecting various contents, including texts, 
photos, and videos, which are generated by online users and used for 
marketing and/or business as well. In addition, social media platforms can 
be a powerful source for crowdfunding. 

In this book, we have discussed the concept of social media and 
crowdsourcing as well as their analytical aspects. We have also explored 
their contributions to the real world, such as social good, agriculture, 
healthcare, tourism, disaster management, education, crime control, 
and cultural heritage. In addition, we discussed ethical issues in 
crowdsourcing and future scopes and challenges for policy makers 
who use social media and crowdsourced opinions. Due to the limited 
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scope of this book, some concepts and procedures have been introduced 
without theoretical explanations. 

We would like to thank all the authors of this book for their valuable 
contributions. We hope that this book will provide practical knowledge 
and valuable insights to readers. In addition, we hope this book will 
contribute to the development of this research area.   
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Support Vector Machine Kernel 
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Sulaiman O. Abdulsalam1, Rafiu A. Ganiyu2,  
Elijah O. Omidiora2, Stephen O. Olabiyisi2,  
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1Department of Computer Science, Kwara State University, Malete, 
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2Department of Computer Science and Engineering, Ladoke Akintola 
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3Department of Electrical Engineering and Computer Science, 
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7.1 INTRODUCTION 

Data mining, when applied to academic domain brings innovative 
methodologies, techniques, and technologies to the development of the 
student learning. In order to acquire an improved understanding of 
the undergraduates’ educational process, the most recent advancement 
offers helpful tools for analyzing and interpreting large data sets em-
ploying knowledge discovery techniques. Today’s academic institutions 
function in a challenging and competitive world. Academic institutions 
experience many problems, such as assessing and comparing, ensuring 
excellent education, devising methods for measuring student progress, 
and envisioning the future. These establishments must enhance student 
preventative strategies in order to address difficulties students face 
throughout their schooling (Albreiki et al., 2021). 
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Education is one of society’s most important pillars. It controls students’ 
character and intellect. The present educational scheme may not be ade-
quate to meet society’s changing and dynamic needs. One of the most 
significant features of the new educational paradigm is the skill to forecast 
student performance in advance. Because students are the primary sta-
keholders in educational systems, academic institutions can meet the 
changing needs of society by evaluating student data and emerging various 
predictions based on it. Furthermore, the outcomes of predictions can be 
useful in developing approaches to advance educational quality. A higher- 
quality education aids in the development of skilled and distinctive 
students. This lets you analyze academic information. Utilizing machine 
learning techniques, student achievement classifiers analyze information of 
students. Many academic achievement classifiers exist. Both the research and 
treatment communities have considered students achievement predictive 
models. Academic achievement predictions scientists suggest semesters, 
GPA, CGPA, and pass/fail courses (Zaffar et al., 2022). 

In EDM (educational data mining), the goal of developing computer 
models for academics is not simply to obtain optimal precision of predic-
tion, but additionally to aid instructional authorities in evaluating academic 
achievement. Learners are a society’s most important asset, and the 
primary objective of every academic institution is to provide them with a 
higher educational attainment. Moreover, great education contributes to the 
development of talented and unique students. Models for predicting student 
achievement facilitate the examination of data collected, utilizing numerous 
data mining techniques. The creation of models for predicting student 
achievement has required considerable time and effort. There are two 
methods for developing standardized testing prediction models. The first 
technique is supervised, but the second is unsupervised. Classification is a 
form of supervised learning methodology. The parameter out of which we 
want to infer whether or not a student passed or failed was provided ex-
plicitly as the input vector in the clearly indicate. Therefore, we decided to 
use the classification approach in a model that predicts students’ grades 
(Guo et al., 2015). 

Evaluating students’ work helps teachers and other educators draw useful 
conclusions and make necessary adjustments so that they can better serve 
students and the evolving needs of society. When trying to improve forecast 
accuracy and create actionable plans for raising students’ academic per-
formance, the attributes chosen for use in making those predictions are 
crucial. The literature suggests that present methods have pros and cons 
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when it comes to determining ideal attributes for machine learning models 
utilized to predict student performance (Zaffar et al., 2022). 

The performance of four Support Vector Machine (SVM) kernel 
functions, polynomial function (PF), linear function (LF), radial basis 
function (RBF), and sigmoid function (SF), are investigated using the 
grid search method, with the objective of determining the best kernel 
function, using students’ educational data set obtained from the Department 
of Computer Science in Nigerian universities in the north-central region 
from 2009 to 2014. 

7.2 RELATED WORKS 

Students’ performance prediction model using Iterative Dichotomiser 
3 (ID3) and C4.5 classification algorithms in a Nigerian University was 
developed. The data set used contained students’ academic records such as 
gender, SSCE grade, age, post/Unified Tertiary Matriculation Examination 
(UMTE) scores, and the first-year student grade. From the result of their 
work, ID3 algorithm outperforms the C4.5 with respect to identification of 
significant attributes that contributed greatly to the determination of stu-
dents’ academic performance (Afeni 2019). 

An artificial neural network (ANN) is utilized to analyze and forecast 
students’ CGPAs based on their socioeconomic level and entrance exam 
scores for undergraduate education at a Chinese institution. Through the 
use of confusion matrix, error histogram, regression analysis, and mean 
square error, ANN performance was examined. ANN attained an accuracy 
of 84.8 percent and an Area under the curve (AUC) of 0.86. Despite this, 
ANN performed badly in identifying undergraduates due to their gender 
and produced a high rate of false negatives as a result of a high imbalanced 
ratio data sample (Lau et al., 2019). 

A log‐data segmentation approach was suggested for determining 
student disengagement in introductory programming programs by 
identifying individuals who really remain focused with programming 
lectures. During a 90-minute examination of 39 beginning-level com-
puter program learners, the research employed a way to predict 
undergraduate withdrawals utilizing the virtual terminal connection 
input sequence, outliers classification, and an unsupervised machine 
learning methodology (Oeda & Hashimoto, 2017). 
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A classification model for predicting critical courses that affects student’s 
performance using ID3 decision tree initiation algorithm was developed 
(Altujjar et al., 2016). The researcher model was built using 100 records of 
feminine students in the King Saud University, Information Technology 
Department. Their result divulged those dependable predictions are 
attained due to the performance of scholars in the second year progresses 
and also discovered significant courses that help as pointers of scholar 
academic performance. 

Employing a Waikato Environment for Knowledge Analysis (WEKA) 
information mining application, a comprehensive review of classification 
models, Nave Bayes (NB), a Bayesian network, Instance-based learning 
with parameter k (IBk) approach, a slow predictor, and Classification 
and Regression Tree (CART), a tree-based technique, was conducted 
using the true positive rate, false positive rate, and productivity accuracy. 
They utilized the educational data of 385 individuals with seven 
parameters (sex, age, entrance method, city of residence, denomination, 
200-level CGPA, and final examination) from the Computer Science 
Department and Technology at LAUTECH. In contrast to NB and 
CART, which had performance levels of 64 percent and 62 percent, 
separately, IBk was capable of making predictions for all stages of edu-
cation with a highest accuracy of 86 percent. Furthermore, the outcomes 
of the performance analysis revealed that Naïve Bayes, Instant Based, as 
well as CART had comparable results. They discovered that IBk provided 
the performance accuracy (PA) with the smallest normality test and also 
performed the greatest with increased true positive rating (TPR) inten-
sity (Ayinde et al., 2015). 

The influence of the quality for predicting the academic performance of 
first college freshmen premised on their degree relatives and previous 
educational attainment was suggested. They examined the data of 1,500 
computer science majors at Babcock Nigerian University between 2001 
and 2010. In developing a prediction model, ten learning algorithms 
(five classification tree methods: Random Forest, J48, Decision tree [dt], 
REPTree, and decision tree trunk, and five supervised learning procedures: 
OneR, JRip, PART, ZeroR, and Classification model) and a multilayered 
perceptual were utilized. Utilizing the tenfold cross-validation (10-FCV) 
and retention approaches, the accuracy, confusion matrix, and computa-
tional efficiency of the produced models were measured. It was discovered 
that the Random tree method outperformed other strategies employed in 
their research (Kuyoro et al., 2013). 
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An improved SVM feature selection algorithm is widely employed for 
the large‐scale email dataset. Particle swarm optimization (PSO) procedure 
was employed for finding the optimal parameters values and also for 
obtaining optimal feature subset. The result of this learning revealed that 
the improved SVM procedure generated a classification accuracy while 
the standalone SVM produced an accuracy of 68 percent in 6.33 seconds 
for e-mail data set of 1,000. In addition, with the use of 3,000 e-mail data 
set, the optimized SVM and standalone SVM yielded classification accu-
racy and computation time of 91 percent, 0.60 second and 47 percent, and 
60 seconds, respectively. Likewise, using 6,000 e-mail data set, 93 percent, 
0.20 second and 18 percent, 92 seconds were achieved for augmented SVM 
method and standalone SVM individually. The researchers argued that the 
experimental results acquired establish that for each rise in data set 
dimensions, there is constantly a lessening in the classification of SVM 
classifier with a significant rise in computational time. This study con-
cluded that the optimized SVM technique outperformed the standalone 
SVM with respect to classification accuracy and time consumption in the 
face of huge e-mail data set (Oludare et al., 2014). 

An optimization of RBF kernel parameters to attain maximum accu-
racy value in nonlinear multiclass SVM classifier for the recognition of 
images of Indonesian Batik data set with geometric decorative patterns. 
The researcher applied grid search method with cross-validation (CV) 
process to optimize a range of values of parameters C (Cost) and 
γ (Gamma) of SVM-RBF kernel. Additionally, the discrete wavelet 
transform (DWT) algorithm was used for feature extraction and the 
extracted feature data set was employed for training and testing sets. The 
experimental result produced a maximum accuracy value for the Batik 
data set when using the constraints C = 27 and γ = 2–15. The researcher 
concluded that the obtained optimal values and reduced variety of 
constraint principles can be utilized as a reference for numerary image 
recognition with qualities keeping geometric enhancing patterns with 
SVM-RBF kernel classification (Budiman, 2019). 

Afeni et al. (2019) developed a students’ performance prediction model 
using ID3 and C4.5 classification procedures at a Nigerian university. 
The data set used contained students’ academic records such as gender, 
SSCE grade, age, post/UMTE scores, and the first-year student grade. 
From the result of their work, ID3 algorithm outperforms the C4.5 with 
respect to identification of significant attributes that contributed greatly 
to the determination of students’ academic performance. 
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Lau et al. (2019) utilized the ANN to analyze and evaluate the in-
dividuals’ cumulative grade point average based on their social economic 
level and entry-standardized test scores for undergraduate studies at a 
Chinese institution. Through using a prediction model, multiple 
regressions, inaccuracy distribution, and root-mean-square average, the 
functionality of ANN was examined. ANN achieved an accuracy rate of 
85 percent and an AUC of 0.90. Nevertheless, the performance of ANN 
was poor in categorizing scholars with respect to their gender and 
achieved a high false negative rate result due to a high imbalance ratio 
data sample. 

In light of assessing standardized testing data, Oeda and Hashimoto 
(2017) suggested utilizing a file segmentation technique to predict learner 
dropouts in introductory training. This approach might be necessary for 
universal screening, especially for individuals who struggle with compu-
tational training. During such a 90-minute examination of 39 beginning 
programmers, the researchers used UNIX command input records to 
develop a technique for anticipating learner attrition by applying feature 
extraction to clustering records with an unsupervised learning approach. 

Altujjar et al. (2016) developed a classification model for envisaging 
critical courses that affects student’s performance using ID3 decision tree 
induction algorithm. The researcher model was built using 100 records 
of feminine students in the King Saud University, Information 
Technology Department. Their result divulged that dependable predic-
tions are attained due to the performance of scholars in the second year 
progresses and also discovered important developments that serve as 
pointers of student academic performance. 

Ayinde et al. (2015) performed a comparative analysis of three clas-
sifiers, Naïve Bayes, a Bayesian network, IBk procedure, a lazy classifier, 
and CART, a decision tree procedure in terms of true positive rate, false 
positive rate, and performance accuracy in mining students’ educational 
data using WEKA data mining software. They used 385 students’ aca-
demic records, with seven attributes each (gender, age, admission mode, 
state of origin, religion, 200 level CGPA, and students’ final grade), of the 
Computer Science and Engineering, Department at LAUTECH. Their 
results revealed that IBk was able to expect for all the classes of grades 
with an overall performance rate of 86 percent, unlike NB and CART 
with a performance rate of 64 percent and 62 percent, respectively. The 
average TPR for NB, IBk, and CART was 55.4 percent, 79.4 percent, and 
59 percent, consecutively; the average FPR was 58 percent, 42 percent, 
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and 66 percent; and the average PA score was 59 percent, 82 percent, and 
69 percent. They concluded that IBk gave the PA with the lowermost 
insignificant hypothesis and also performs best with increasing value 
of TPR. 

The best method for predicting the hypothetical success of first-year 
postsecondary students based on their family history and past academic 
achievements was discovered by Kuyoro et al. (2013). They analyzed 
information from 1,500 CS majors at Nigeria’s Babcock University from 
2001 to 2010. Ten classification methods (five classification tree methods: 
Random Forest, J48, Random tree, REPTree, and Decision root, and five 
supervised learning algorithms: OneR, JRip, PART, ZeroR, and Decision 
tree) and a multilayered perceptual were utilized in generating classifi-
cation techniques. The resulting models were verified both 10-FCV and 
retention methods to estimate of average accuracy, confusion matrices 
and computational efficiency. Results exhibited that the Random tree 
method achieved improved than the others tested. 

Oyedele et al. (2010) predicted students’ performance with the 
K-means clustering procedure integrated with the deterministic model 
based on the data set of a private institution in Nigeria. A total number 
of 79 students that offered nine courses each in a semester was sampled 
and a scheme for examining students’ outcomes-based clustering analysis 
and utilized statistical processes to position their scores’ information 
conferring to the degree of performance was demonstrated. 

Ayinde et al. (2013) applied Naïve Bayes and Decision Stump procedures 
in predicting the scholars’ concluding year mark at Ladoke Akintola 
University of Technology, Ogbomoso, Nigeria. A total of 473 students 
comparing 10 attributes namely, gender, age, admission mode, faith, 
pre-degree grade, scholar enrolment number, origin,  200-level CGPA, 
500-level GPA, and students’ final grades were used. The outcomes of 
their study divulged that the Naïve Bayes with an average precision of 
77 percent performed better than the decision stump algorithm with an 
average precision of 57 percent. 

Akinola et al. (2012) utilized the ANN to advance a data mining model 
for performance of computer science students’ prediction in computer 
programming development taken at the 200 level using their pre- 
qualification ordinary level results and their results obtained in 100-level 
mathematics and physics courses. Two hundred records of scholars in 
the Computer Science Department, University of Ibadan, were used for 
the study and it was discovered that a previous background knowledge of 
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mathematics and physics were vital in instruction for a scholar excelling 
in computer programming. 

Minaei-Bidgoli’s (2003) research attempted a method to predict stu-
dents’ final evaluation by classifying them based on extracted features 
from recorded information in a teaching web-based system. An ensemble 
of classifiers was designed, implemented, and evaluated on an online 
programmed data set at Michigan State University (USA), relating to 
2002 data. Conclusions from a methodological viewpoint show that the 
use of multiple classifiers resulted in a major upsurge in classification 
accuracy (as research in ensemble methods confirms) and that this 
method could be extremely helpful in recognizing scholars at risk early 
on, particularly in large classes, and allowing the teacher to deliver timely 
advising. 

Barker et al. (2004) studied the problem in a perspective of classifying 
student graduation performance from numerous demographic, academic, 
and attitudinal variables. They used neural networks and SVM algorithms 
over data from the first-year advising center of the University of Oklahoma 
(USA), composed via a review assumed to all inbound freshmen. An overall 
conclusion of this study is the lack of area information about the data set 
and that underprivileged outcomes (one-third of the students were mis-
classified) are not the fault of the algorithm. Delivering a pessimistic view, 
the authors realized that it may be difficult to capture appropriate and 
suitable information about student completion. 

Herzog (2005) research was more specific as it measured the influence of 
high college training, first-year academic performance, multi-institute en-
rollment, and economic aid sustenance on second-year determination. A 
methodology was developed using multinomial logistic regression. The 
recognized scholar data system included data on scholar demographics, 
academics, economic support, and student on-campus jobs data, as well as 
the institution’s payroll system. The findings show the importance of 
looking at risk issues from both a dropout and a transfer-out viewpoint, 
while taking into account the possibility that a scholar might be enrolled at 
added institution at the same time. When evaluating freshmen retention, the 
findings show that first-year mathematics knowledge, math strength of the 
acknowledged major, concurrent enrollment at extra higher education 
institutions, and second-year economic aid suggestions are all important 
factors to consider. Furthermore, middle-income undergraduates with more 
unmet needs are more probable to drop out, while educationally well- 
prepared freshers with unmet needs are more probable to move. 
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Herzog (2006), in further research, took another perspective on pre-
dicting retaining and graduation time using decision trees, neural net-
works, and logistic regression. Like previous research, data from the 
institutional student information system was used, together with parent 
income data, and a system to identify transfer-out students. The analysis 
revealed that when analyzing the generalization ability of numerous data 
mining procedures to regression models, the complexities of the data set 
utilized and the primary objective may greatly guide the selection of an 
evaluation method. Decision tree algorithm and neural networks can 
help analysts discover which qualities improve prediction performance 
when interacting with huge amounts of information. 

Romero et al. (2008) compared various data mining approaches for 
classifying scholars based on their Moodle “e-learning system” use 
information and concluding characters in their individual programs. The 
methodology relied on a particular mining tool to make data mining 
technique setup and execution simpler for instructors. The data included 
students’ usage log in a web-based program of seven Moodle programs 
in the University of Córdoba (Spain) and the final marks obtained. The 
algorithms used were neural networks and genetic and decision trees. 
When preprocessing tasks (discretization and rebalancing data) were 
applied, some algorithms improved their classification efficiency, while 
others did not. A classification algorithm intended for pedagogical usage 
must be exact and straightforward for instructors to be beneficial for 
strategic planning. 

Dekker et al. (2009) research aimed to predict which electrical en-
gineering scholars would drop out after their initial semester and to define 
success factors unique to that program. Over the years 2000 to 2009, data 
was collected on 648 Eindhoven University of Technology freshman stu-
dents (Netherlands). A Bayesian classifier, logistical algorithm, principal 
classifier, and decision tree model were examined. The OneR predictor 
also functioned as a measure and estimator of variable predictiveness. 
Decision trees have valuable insights with accuracies between 75 and 
80 percent, according to experimental results. Conclusions delve into 
showing ways of further improvement in prediction without having to 
collect additional data about the students. 

Zhang et al. (2010) wanted to recognize potential difficulties as primary 
as conceivable and to trail with involvement decisions to improve student 
retention. For that purpose, a system was built, including data mining 
techniques, using Naïve Bayes, SVM, and decision trees algorithms. This 
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system monitored and analyzed student academic behavior with the aim to 
provide a basis for efficient intervention strategies. The data used was from 
the university system of the Thames Valley University (UK). The main 
conclusions were that Naïve Bayes attained the maximum prediction 
accuracy outperforming decision trees and SVM. 

Socio-demographic factors (such as gender, age, ethnicity, employment 
position, educational attainment, and disability) and the learning en-
vironment were investigated by Kovacic’s (2010) research. From 2006 to 
2009, 450 scholars at the Open Polytechnic of Wellington (New Zealand) 
were included in the data set. The strategy involved a combination of 
cross-tabulation analysis (situational tables), feature selection, and pre-
diction using four distinct kinds of decision trees. The most important 
criteria between successful and unsuccessful students were found to be 
students’ race and their participation in a particular program. After 
making some methodological considerations, we found that the CART 
model achieved the highest accuracy (60.5 percent total) in our classi-
fication task. 

Kabakchieva (2012) aims to illustrate the promising importance of data 
mining systems for school administrators in order to enable academic 
institutions run increasingly profitable enrollment campaigns and recruit 
the brightest students. The determination of this study was to advance 
data-mining algorithms that might predict a student’s future abstract 
performance based on their unique set of pre-university, collegiate, and 
post-collegiate experiences. Many different algorithms, including the 
neural networks, OneR rule learning, decision trees, and k-nearest 
neighbor (k-NN) classifiers, were put to the test. The data set used in 
this research is comprised of three years’ worth of admissions data from 
the University of National and Financial System in Sofia. Specifically, the 
outcomes exhibited that the neural network model had the precise 
results, followed by the prediction model and the k-NN model. 
Attributes of data pertaining to students’ university entrance scores and 
the number of unsuccessful attempts on that first university studies are 
two of the most significant criteria in the classification stage. 

Decision tree algorithms, ANNs, naive classification algorithms, 
instance-based learning, regression models, and SVMs were among the 
supervised machine learning algorithms developed by Kotsiantis et al. 
(2004) to expect scholar success at the Hellenic Open University based 
on key demographic variable measure and assignment marks. The per-
centage of correct predictions wide-ranging from 58 percent (when a 
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neural network was utilized) to 65 percent (when only demographic 
variables were included) (when using SVMs). The Naïve Bayes classifier 
proved to be the greatest effective method for expecting student success 
when additional data were included in addition to demographics. 

Students’ risk levels were determined using a combination of neural 
networks, decision trees, and linear discriminant analysis by Vandamme 
et al. (2007). The academic success of first-year scholars at French col-
leges in the kingdom of Belgium was found to be significantly correlated 
with a variety of demographic and personal factors. Students’ academic 
success was best predicted by their level of education, the number of 
hours they spent on mathematics, their financial stability, and their age, 
but not by their gender, their parents’ education or career, or whether or 
not they were married. But none of the three techniques used to foretell 
moot success actually worked. Overall, the classification accuracy of deci-
sion trees was 40.63 percent, that of neural networks was 51.88 percent, and 
that of discriminant analysis was 57.35 percent. 

Secondary student grades were estimated in two groups by Cortez and 
Silva (2008) using a variety of factors including prior academic per-
formance, demographics, social information, and other school-related 
information. To get there, we used a variety of machine learning systems 
like neural networks, random forests, decision trees, and SVMs. When 
taking into account prior grades, they proved to be rather accurate in 
predicting future performance. In certain situations, they incorporated 
socioeconomic factors into their models in addition to demographic 
factors (such as a student’s age, their parents’ occupation, and their level 
of education). There were several factors that Open Polytechnic students 
simply couldn’t get to (for example, previous student grades). 

Predictive model Chi-square automatic interaction detector (CHAID) 
with a seven-class response variable was developed by Ramaswami and 
Bhaskaran 2010) to evaluate students’ performance in Indian higher 
secondary institutions. The model relied on highly impacting predictive 
factors obtained through feature selection. The CHAID prediction model 
was built using data from several different Tamilnadu universities and 
772 student records. Therefore, the CHAID prediction model was used 
to generate a set of rules, and the system’s efficacy was evaluated. 

The Course Registration Planning Model (CRPM) was first proposed 
by Pathom et al. (2008), and its development was proposed by a classifier 
algorithm. The four classifiers that were considered for this task were 
the Bayesian network, C4.5, the decision forest, and the NB tree. 
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Undergraduate enrollments, including GPAs and grades, were used to 
generate the data. 

Lykourentzou et al. (2009) used three algorithms of machine learning and 
individual information to identify e-learning withdrawals. The Municipal 
Tech College of Athens’ Collaborative Communication Institute sponsors 
the e-learning crew (Greece). Feed-forward neural pathways, SVMs, and 
deterministic ensembles fuzzified ARTMAP were in use. On the whole, the 
strategy’s consistency, responsivity, and specificity were significantly com-
parable to those shown in the field. 

The phrases “stop out,” “maintained,” and “transferable” were defined 
by Sujitparapitaya (2006). The determination of this case study was to 
recognize the most important factors that freshmen consider while making 
their final decision. Based on the model, incoming freshmen can choose 
between staying at their current school, transferring to a different post-
secondary institution, or dropping out altogether. The data used came 
from the National Student Clearinghouse, which is widely recognized as an 
authoritative repository for academic credentialing and student perform-
ance statistics across American universities. The algorithms deployed 
included logistic regression, neural networks, and C5.0 (decision tree). In 
terms of predicting first-year retention, the C5.0 rule induction model 
looks to do slightly better than the other two. The findings are noteworthy 
because they show that changes in campus, scholar, and parental values are 
just as important as changes in basic norms and rewards for effective 
retention programs that increase student learning. 

7.3 METHODOLOGY 

7.3.1 Data Acquisition and Description 

The experimental set of data used in this research is a multi-class student 
educational data set obtained from the Department of Computer Science 
in a university in north-central region of Nigeria. The data set is made up 
of records of 153 graduated students with variables sex, age, and their 64 
respective courses offered as the predictor variables and their obtained 
final year grades as the class label. The descriptions of predictor variables 
(sex, age, and students’ scores in different courses offered) and class label 
(final grade obtained at graduation) used in the data sets, the final grade 
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obtained at graduation had five distinct values: (First, Second Upper, 
Second Lower, Third Classes, and Pass). 

The students’ educational data set was first separated into two portions of 
80:20 ratios. Eighty percent of the data went through 10-FCV, while the 
remaining 20 percent served as the validation set and was put through its 
paces in the testing phase. In other words, out of a total of 153 samples, 122 
were used to train/build the four SVM models (with a linear, polynomial, 
radial basis, and sigmoidal SVM Kernel function), and the outstanding 31 
examples were used as a validation test set to determine how well the 
developed hybrid rule extraction method from SVM performed. 

7.3.2 Support Vector Machine (SVM) 

The SVM is an educational method that is founded on the statistical 
learning model (Vapnik, 1995). SVM has gained popularity as a potent 
data mining technology that can be used to address the challenge of 
knowledge extraction (Burges-Christopher, 1998). By making use of 
kernel functions, SVM is able to change input qualities from lower to 
higher dimensions. A wide variety of applications have been utilized, 
such as the forecasting of financial time series (Kim, 2003), marketing 
(Ben-David & Lindenbaum, 1997), face recognition (Chowdhury et al., 
2011), cervical cancer diagnosis, and the classification of gene expression 
data (Das et al., 2020). 

For classification techniques, SVM aims to discover an ideal hyper-
plane that maximizes the margin that accurately distinguishes data 
points as much as feasible and divides class labels to the greatest extent 
practicable, while minimizing the likelihood of mishandling training data 
set and unlabeled testing set. The purpose is to discover a hyperplane 
that maximizes the boundary that meaningfulness information points 
and separates them as much as feasible (Vapnik, 1998). Other training 
instances can’t define binary class bounds. Support vectors are training 
spots near the optimal separation hyperplane. SVM projects nonlinearly 
recoverable information to a higher dimensional space and then looks 
for the linear boundary. SVMs can tackle linear and nonlinear sorting 
issues, but their bid to multi-class challenges is restricted because of its 
one-to-one methodology. This offers SVMs a competitive advantage 
(Sampon et al., 2011). Numerous individuals present a multiclass challenge 
as many problems involve binary classification (one-to-all difficulties) 
(Luts et al., 2010). 
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Provided a training set of instance-label pair x y( , ), i = 1, 2, . . . , mi i
where x Ri

n and y {+1, 1},i SVM identifies an ideal extrication 
hyperplane with the determined boundary by resolving the subsequent 
optimization task: 

w wMin 1
2w b

T
,

(7.1)  

Subject to: y w x b( + ) 1 0i i

where xi is an actual-valued n-dimensional input trajectory and yi is a 
tag that defines the class of xi. An untying hyperplane is achieved 
through an impertinent vector w and a partiality b. 

It is well understood that the burden point of the Lagrange role is 
found to resolve this quadratic equation optimization issue: 

L w b w w y w x b( , , ) = 1
2

( ( . + ) 1)P
T

i

m
i i i

=1
(7.2)  

where the i denotes Lagrange multipliers, hence 0i . The exploration 
for an optimum burden opinion is essential since the Lp necessitate is 
diminished with reverence to the primal variables w and b and exploited 
with reverence to the non-negative double variable i. By distinguishing 
with reverence to w and b, and familiarizing the Karush Kuhn–Tucker 
(KKT) approval for the optimal inhibited function, then Lp is distorted 
to the double Lagrangian L ( )D : 

L y y x xmax ( ) = 1
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(7.3)  

Subject to: i m and y0 = 1, …, = 0i i
m

i i=1

Finding the best hyperplane, a twofold Lagrange L ( )D necessitates 
exploiting with reverence to non-negative i. The answer i for 
the twofold optimization issue describes the constraints w and b of 
the ideal hyperplane. Hence, the ideal hyperplane result function 
f x sgn w x b( ) = ( . + ) can be described as 

f x sgn y x x b( ) = , +
i

m

i i i
=1

(7.4) 
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Small subclass of the Lagrange multipliers α_i is typically superior than 
zero in a normal classification task. These vectors are the most geo-
metrically similar to the ideal hyperplane. The relevant training vectors 
having non-zero i are termed support vectors, as the best verdict 
hyperplane f x b( , , ) depends on them entirely. 

These notions also apply to non-separable cases (linear comprehensive 
SVM). In terms of these new inequality constraints, the task of dis-
covering the hyperplane with the fewest training mistakes (i.e., mini-
mizing constriction error) is expressed as follows: 

w w Cmin 1
2

+
w b

T

i

m
i

, , =1
(7.5)  

Subject to: y w x b( . + ) + 1 0 0i i i i
where C is the non-negative relaxed variables and is a penalized var-

iable on the training error. By analyzing all possible hyperplanes, SVM 
finds the one that results in the fewest blunders during training (that is, 
to retain the limit error as minor as conceivable). 

This optimization model can be solved using the Lagrangian approach, 
which is corresponding to the method used to resolve the optimization 
technique in the independent assortment. The Lagrangian with two 
independent variables must be optimized: 

L y y x xmax ( ) = 1
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=1 =1
(7.6)  

Subject to: C i m and y0 = 1, …, = 0i i
m

i i=1

Finding an optimum hyperplane, a twofold Lagrange L ( )D needs to 
be exploited with reverence to non-negative i under the constraint 

y = 0i
m

i i=1 and Ci0 . The consequence constraint C, which is the 
higher bound on i, is resolute by the user. Lastly, the procedure of best 
hyperplane result function is the same as (7.4). 

The nonlinear SVM plans the training models from the input space 
into a higher-dimensional feature planetary via a plotting purpose . In 
the twofold Lagrange (7.6), the internal products are swapped by the 
kernel function (7.7), and the nonlinear SVM dual Lagrange L ( )D (7.8) 
is related with the linear global instance. 
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x x k x x( ( ) ( )) := ( , )i j i j (7.7) 
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The decision function is obtained in the following form after the 

measures defined in the linear generalized case: 
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By selectively plotting their involvements into high-dimensional feature 
spaces, SVM is able to efficiently execute nonlinear classification thanks 
to the kernel trick. The essential roles that a system should serve have 
been proposed in abundance. The computational efficiency of SVM can 
be enhanced by replacing its fundamental functions with those optimized 
for specific data attributes. 

7.3.2.1 SVM Kernel Functions 

To keep the computational complexity acceptable, SVM systems define dot 
products in terms of a kernel function so that they may be easily calculated in 
terms of the parameters in the innovative feature space k(x,y) (Teukolsky 
et al., 2007). To generalize the optimal hyperplane with the biggest margin 
between two sets, an SVM uses a nonlinear kernel function to translate 
information from an input space to a potentially high-dimensional feature 
space (Chapelle et al., 2002). Kernels aid in the definition of a set of features 
that may be utilized to do a classification operation with ease. To improve 
classification precision, it is important to adjust the appropriate kernel 
parameters in the relevant kernel functions. There are two merits to using the 
kernel function. To begin with, it can be used in conjunction with linear 
classifiers to generate nonlinear decision boundaries. Furthermore, it allows 
classifiers to be applied to data that initially lacks a clear representation in a 
fixed-dimensional vector space (Huang et al., 2014). Generally accepted SVM 
kernel functions include the four possible forms: 
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Linear kernel function: 

K x y x y( , ) =i j i
t

j (7.10)  

Polynomial kernel function: 

K x y yx x r( , ) = ( + ) , > 0i j i
t

j
m (7.11)  

Radial basis/Gaussian kernel function: 

K x y x y p( , ) = exp( ), > 0i j i j
2 (7.12)  

Sigmoid kernel function: 

K x y Tanh yx y r( , ) = ( + ),i i i
t

j (7.13)  

The kernel function is used to introduce nonlinearity and deal with 
arbitrary data structures. In most cases, successful classification results 
require fine-tuning not only the kernel function’s parameters but also the 
other SVM parameters. 

Choosing the right kernel and adjusting the right kernel parameters, as 
well as narrowing down the collection of functions to use, are essential 
steps toward regaining SVM’s classification accuracy (Akay, 2009). 
Therefore, it begs the question, “Which SVM kernel delivers the best 
classification accuracy among various kernels?” Exploring the several 
SVM kernels to find the one with the best classification accuracy for a 
specific task is the only way to get an answer to this topic (Omidiora 
et al., 2014; Ovidiu, 2007). Finding the optimal kernel function and its 
appropriate kernel’s parameters based on the students’ educational data 
set, this study experiments with the four common SVM kernel functions, 
with linear, polynomial, radial basis, and sigmoid purposes. 

7.3.2.2 Factors that Influence SVM Model Prediction Accuracy 

The penalty factor C and the kernel parameters are constraints that have the 
greatest impact on SVM prediction accuracy. The penalty factor C calculates 
the penalty for data with greater deviations than precision . They have an 
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effect on classification accuracy and the capacity of the SVM model to 
generalize. There is, however, no universal formula for enhancing the two 
parameters. The grid search method is the most commonly used technique 
(Chen et al., 2004; Friedrichs & Igel, 2005), where the pair (C, and other 
kernel parameters) are checked, and the CV accuracy of the best one is 
selected. As a result, the grid search method employs a CV procedure to 
increase SVM prediction accuracy. The grid search method was used to 
determine the appropriate kernel’s parameter and best kernel function 
among the four SVM kernel functions investigated in this study. 

7.3.2.3 Applications of SVM Models 

Pattern recognition and image processing are two examples of applica-
tions where SVM has been used (Romon & Christodoulou, 2006). SVM 
has been used in control engineering in recent years. SVM, on the other 
hand, has yet to be widely used in educational science (Huang, 2011).  
Kotsiantis et al. (2003) conducted a study using SVM to predict the 
attrition rate of first-year scholars. The data was gathered through four 
written assignments, one-on-one advising sessions with instructors, and 
comprehensive tests. Scholars at peril of falling out of college were 
classified using the collected data and additional variables (such as 
gender, age, and parent work). The results demonstrated that Support 
Vector Machines (SVM) outperformed neural networks after the third 
training stage, which incorporated data from both the second stage and 
the initially recorded requirements. Individual ordinal data were used in 
this learning by Kotsiantis et al. (2003). Moreover, no education has yet 
been shown on the prediction accuracy and understandability of SVM in 
informative investigations employing students’ educational data set. 

7.3.2.4 SVM Kernel Parameters Optimization Using a Grid Search 
Method 

To specify the best hyperplane with the biggest boundary amongst the 
two classes, SVMs begin by constructing a nonlinear kernel function to 
translate information from the input space into a presumably high- 
dimensional feature space (Chapelle et al., 2002). When using a kernel, 
defining a set of features that facilitates categorization is simplified. 
Optimizing the kernel parameters in the kernel functions can boost 
classification precision. First, the kernel function aids in the creation of 
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nonlinear corresponding points inside the framework of linear classifier 
techniques, which is a great benefit. Second, it lets people classify 
information that doesn’t seem to fit neatly into any predetermined vector 
space. From what I’ve read (Huang et al., 2014), polynomial kernel 
functions, linear kernel functions, radial basis/Gaussian kernel functions, 
and sigmoid kernel functions are the most often used SVM kernel 
functions. 

To confirm that the existing results are reliable and comprehensive for 
making predictions regarding original data, a k-fold CV is used to ran-
domly split the data set into training and independent testing sets. 
Individual k subgroups perform as its own holdout testing set for the 
training model using the remaining k-1 subcategories. Tenfold CV was 
employed for the analysis in this study. CV helps since it lessens the 
impact of data dependence and boosts the credibility of the results. 

In this research, we used a grid exploration to invent the optimal 
kernel function for the SVM and its optimal parameters. Finding the 
optimal values for C, the penalty cost, and the other kernel parameters of 
the SVM may be done quickly and easily using the grid search technique. 
The original grid search was a comprehensive scan of a small region 
of the full hyper-parameter space. The hyper-parameters can be set by 
specifying a minimum value, maximum value, and the desired number of 
steps. Utilizing a CV technique as a performance measured, grid search 
optimizes the SVM parameters (C, degree, and coefficient (r)). The 
objective is to optimize the classifier’s hyper-parameters so that it can 
reliably predict future outcomes. 

When using k-fold CV to select C and, the educational data set for 
students is first partitioned into k subgroups (in this research, k is set to 
10). The remaining k-1 training subsets are used for analysis, while one is 
used as testing input. Then, for each value of C, and other parameters, 
the corresponding CV error for the SVM classifier is computed. A 
number of hyper-parameter clusters are compared, and the one with the 
best CV accurateness (smallest CV error) is picked for full-data set SVM 
training. The linear kernel has a single, crucial optimization parameter 
called C; the RBF kernel has two, called C; and the sigmoid kernel has 
three, called C, and coefficient (r); and the polynomial kernel has four, 
called C, degree, and coefficient (r). Figure 3.3 depicts a flowchart for 
optimizing the parameters of SVM kernels using a grid search. Parameter 
optimization using SVMs does not rely on hard-and-fast sets of 
parameter values. When there are more parameters to choose from, the 
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grid search strategy has a better chance of locating the optimal combi-
nation parameter. Thus, we employed the ranges [C and] = 0.0001 to 
10,000, [degree] = 1 to 5, and [r] = 1 to 10 in this investigation. The 
research design is depicted in Figure 7.1. 

7.4 RESULTS AND DISCUSSION 

The grid search method was used to optimize SVM parameters (C, γ, 
degree, and coefficient (r)) using CV. Various combinations of hyper- 
parameters rate were entered and the one with the top CV precision (or 
the lowest CV error) was designated. The range of values used in 
parameter tuning of each of the four SVM kernel functions (LF, RBF, PF, 
and SF) considered in this research is shown in Table 4.2. In addition, 
Table 4.3 revealed the optimal parameter values of each of the four SVM 
kernel functions after parameter optimization. 

The results obtained in the parameter optimization experimentation on 
the performance of each of the four SVM kernel functions in terms of 
classification accuracy, sensitivity, specificity, number of support vectors, 
and computation time are shown in Tables 4.4 and 4.5. As shown in 
Tables 4.4 and 4.5, the evaluation results of LF, RBF, PF, and SF yielded 
classification accuracies of 79.31, 86.21, 82.76, and 34.5 percent, respectively. 
Also, LF, RBF, PF, and SF recorded sensitivities of 71.12, 75.56, 65.56, and 
22.20 percent, respectively. Moreover, LF, RBF, PF, and SF produced 
specificities of 94.44, 96.34, 95.36, and 74.06 percent, respectively. Likewise, 
the number of support vectors generated for LF, RBF, PF, and SF were 
78, 80, 82, and 121, respectively. Furthermore, LF, RBF, and PF utilized the 
same computation time of 0.03 seconds, while SF executed for 0.06 seconds. 

The findings from the results divulged that the RBF kernel was the best 
in terms of classification accuracy, sensitivity, and specificity. In addition, 
the RBF kernel has the same computation time as that of LF and PF. 
Likewise, RBF generated 80 support vectors, which is the closest to that 
of the LF kernel that produced the least number of support vectors (78). 

FIGURE 7.1 
Framework of the study.    
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From the result of parameter optimization, it can be deduced that the 
RBF kernel outperformed the three other SVM kernel functions and that 
SF performed least in terms of performance evaluation metrics and the 
data set used in this study. 

Additionally, Tables 7.1, 7.2, 7.3, and 7.4 depict the comparative 
analysis of each of the four SVM kernel functions in terms of classifi-
cation accuracy, sensitivity, specificity, number of support vectors, and 
computation time, respectively. 

This study provides a machine learning technique for tuning SVM 
kernel functions using a data set acquired from the education domain 
and also focuses on accurate prediction of learners at peril of dropping out. 
With an 86 percent advantage, RBF-SVM outperforms the three kernel 
functions. 

TABLE 7.1 

Range of Values Used in Setting the Parameters for the SVM Kernel 
Functions    

Parameters Values  

Cost C( ): 0.00001, 0.0001, , 0.1, 1, 10, 100, , 10000
Gamma ( ) 0.00001, 0.0001, , 0.1, 1, 10, 100, , 10000
Coefficient r( ): 1, 2, 3, 4, 5, 6, 7, 8, 9, 10
Degree (°) 1, 2, 3, 4, 5

TABLE 7.2 

Optimal Parameter Values of SVM Kernel Functions 
after Optimization    

SVM Kernel Function Optimal Parameter Values  

Linear Cost C: 10 
Radial Basis Cost C: 100 

Gamma ( ): 0.0001 
Polynomial Cost C: 1 

Gamma ( ): 0.001 
Degree (°): 1 
Coefficient (r): 1 

Sigmoid Cost C: 100 
Gamma ( ): 0.0001 
Coefficient (r): 1   
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7.5 CONCLUSION 

Education institutions should be able to predict their students’ academic 
performance. It is a necessity for educators in any domain of study to 
provide adequate teaching resources which propel a better learning en-
vironment. SVM kernel functions fine-tuning employing grid search 
approach were carried out in this work. The classification accuracies of LF, 
RBF, PF, and SF were 79.31, 86.21, 82.76, and 34.5 percent, respectively, 
based on the evaluation results. In addition, the sensitivities of LF, RBF, 
PF, and SF were 71.12, 75.56, 65.56, and 22.20 percent, respectively. 
Furthermore, the specificities for LF, RBF, PF, and SF were 94.44, 96.34, 
95.36, and 74.06 percent, respectively. Based on the performance measures 
and data set used in this study, the results demonstrated that the RBF 
kernel is more efficient than the three other kernel functions. In the future, 
this research suggests using a hybridized optimization strategy. 

TABLE 7.3 

Computation Time for Tuning SVM Kernel Functions    

SVM Kernel Function Computation Time (Seconds)  

Linear  0.03 
Radial Basis  0.03 
Polynomial  0.03 
Sigmoid  0.06   

TABLE 7.4 

Accuracy, Sensitivity, Specificity, and Amount of Support Vectors of SVM Kernel 
Functions       

SVM Kernel 
Function 

Metrics 

Accuracy 
(Percent) 

Sensitivity 
(Percent) 

Specificity 
(Percent) 

Number of 
Support 
Vectors  

Linear  79.31  71.12  94.44  78 
Radial Basis  86.21  75.56  96.34  80 
Polynomial  82.76  65.56  95.36  82 
Sigmoid  34.5  22.20  74.06  121   
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