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ABSTRACT 

The colleges of education in Nigeria are significant components of higher education ecosystem saddled with training 

future teachers whom are the nation builders. However, a growing concern suggests poor or very little progress in 

teaching and learning with computer and other ICT tools. This appears to be too abrupt and challenging for most 

colleges of education in developing countries as teachers and students have little or no access to appropriate devices 

that could facilitate an effective teaching and learning. Therefore, accurate prediction of this trend is vital to make 

informed decisions. Although, accurate measures to make prediction on computer-based learning among teachers 

are limited in north eastern Nigeria, Machine learning (ML) models due to their nonlinearity and accurate prediction 

capabilities were employed for this purpose, including Adaptive Neuro Fuzzy Inference System (ANFIS), Gaussian 

Process Regression (GPR), Support vector regression (SVM), Boosted Regression Tree (BRT), and conventional 

Multiple Linear Regression (MLR) models. Ensemble models were then applied to improve performance. 

Questionnaires were purposefully distributed during Advanced digital awareness programme for tertiary institutions 

(ADAPTI) training for north east colleges of education lecturers, 80 lecturers from different institutions filled the 

questionnaire. The results obtained showed that ANFIS led to better prediction performance with MAD = 0.0798, 

MSE = 0.0166, RMSE = 0.1288, BIAS = -0.0045 and NSE = 0.6959 in the testing phased.  The result of the 

proposed ensembles approaches showed an improved performance over single models up to 17% in the testing 

phase. The general results implied that with the exception of MLR, all the applied models could be successfully 

employed to predict the CBL among teachers in Nigeria.   

Keywords: Computer based learning, Modelling, Machine learning, Colleges of Education.  

 

1. INTRODUCTION 

In today’s globalized world, the presentation of the most recent innovative progress has pushed to introduction of 

novel, innovative teaching approaches. They around the world swing towards an information based society has seen 

the portion of computer being an ICTs tool in education getting to be continuously basic, Generation of information 

and knowledge is creating at a quickened pace and ICTs serve as a transmission belt in this time, dispersal and 

sharing of information [1]. Computers are continuously more inescapable, influencing different aspects of our 

societal and work lives, as well as a few of our time-out endeavors. As more employments comprise of human-
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computer interaction, computer aptitudes and information have ended up more clearly related with both work-related 

and person fulfillment.  

Innovation in education includes learning in, learning with, and learning through the utilize of educational 

technologies. It is coordinates in education through investigate, online evaluation, and making website. It is sensible, 

hence, to contend that teachers satisfactorily prepared in and by the utilize of instructive technology would perform 

superior in their utilize, or apply them more promptly, than one not satisfactorily prepared or one not prepared at all. 

These positive comes about suggest a future for instruction that may well be more significant on the off chance that 

teach keep up their commitment to saddling developing innovation for instruction [2]. 

The educating and learning process has been changed by the coming together of a extend of high-tech, instructional, 

and educational advancements in present day periods [3]. In the 21st century, education and ICT are interrelated and 

interdependent ingredients of economic development. The ICT tools that are particularly useful in education include 

radio, television, mobile phones and computers[5]. Education is the process of transferring skills and information to 

an individual in order to increase his/her competencies. Meanwhile, ICT is the application of electronic devices for 

storing, processing and interpreting data into useful information [6].  The education sector plays a key role in 

information and knowledge production hence the need to ensure that teachers and pupils are not left behind [7]. 

Teachers should be able to adapt technology into the teaching and learning process [3].  

Technology-enhanced learning (TEL) and computer-based learning (CBL) research focuses on how technologies 

can add value to teaching and learning processes. Today’s learners have access to increasingly powerful and 

affordable handheld computing devices, including smart phones, games, consoles and tablets. They can share, 

interact and immerse themselves online with others through the use of social networks and virtual worlds. They can 

also create identities and user-generated resources that potentially have a virtual worldwide audience enabled by the 

Internet. Learners‟ activities can be captured in real time and feedback processes automated with increasing 

precision through learning analytics [8]. 

Truly, teachers need to be empowered and trained for the benefit of the entire education system. As a demonstration 

of this fact, the Australian government is reported to have allocated considerable funds ($2.4 b) with the intent to 

reach the Digital Education Revolution (Ng, 2011). Similarly, the Ireland government is known to have put in place 

a good number of policies intending to pick up the professional development of teachers all the way through their 

careers which impacted positively on classroom practices, methodology and students’ outcomes [9]. Indeed, a study 

conducted in Denmark, Finland and Norway underlined considerable efforts of these countries to endorse digital 

literacy and attain required readiness for the information age [10]. 

This happens while computers were identified as gadgets that may enable teachers to fulfill their needs for learning, 

training and empowerment. It is in this regard, that computer literacy and investment in ICT were ascertained to 

serve not only in teacher training but also to enrich the educational outcomes. That being, in Malaysia, aside 

motivation, teachers have been equipped with ICT tools and skills  [11].  

 In Africa, a study conducted in Zimbabwe concluded that some educational challenges can be progressively 

alleviated if teachers’ capacity building is taken among top priorities [12]. Moreover, a study that captured Ghana, 

Kenya and Rwanda has shown the high government commitment to invest in ICT and their use at different levels of 

education [11]. In the particular context of Rwanda, efforts to equip secondary schools with computers were 

documented by [13] and the Ministry of Youth and ICT (2012)[14]. However, despite these efforts in computer 

provision some challenges are yet to be fixed. For instance, three distinct studies reported that computer and Internet 

are still underutilized and yet the level educational resources and teacher training are yet to be pronounced 

satisfactory [11]. In fact, various studies have confirmed that successful integration of ICT in education, skills 

acquisition and transfer can only be assured if teachers are also involved as key players [15]. 

Computer-based learning (CBL) has frequently been heralded as a purveyor of multiple educational opportunities, 

but these have mostly been studied at a descriptive level, Given the huge investments in the field, very little progress 

can be observed regarding curricular implementation and replacement of traditional learning formats [16]. 

Therefore, the aim of this study is to investigate the determinant factors that affects computer-based learning and 

teaching (CBL) for the development of education in developing countries with special attention to Nigerian higher 

education particularly colleges of education, using four AI models, i.e., Boosted Regression Tree (BRT), Gaussian 

Process Regression (GPR), support vector machine (SVM). Artificial neural inference system (ANFIS), and multi 

linear regression (MLR) to obtained more accurate results. Research study have shown that distinctive approaches 

may give disparate results for a particular problem [17]. In this way, outputs from the study AI models (BRT, GPR, 

SVM, ANFIS, and MLR) may likely create results with small error fluctuation compared to other classical models 

utilized in teaching and Learning space [18]. Additionally, the study comes about will help schools’ directors, 
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instruction authority, and other partners in Nigeria especially, and other developing countries in understanding the 

variables responsible for judicious development of CBL and send successful CBL for maintainable instruction. 

Moreover, the ponder outfit demonstrate will serve as inspiration for analysts to grasp AI procedures for 

investigation purposes due to its unwavering quality, adaptability, and exactness in making forecast over other 

relapse models [19], [20]. 

 

2. MATERIALS AND METHODS 

In this area, the theoretical framework of the paper is developed with the review of conventional technology 

acceptance model (TAM), computer-based learning technology features, challenges, different teacher’s views and 

the ways it used for it. 

2.1.1. Computer Based Learning (CBL) 
Computer-based learning still falls brief of giving teachers and students with numerous wealthy openings to carry 

out scientific study and research in what named its setting of discovery-the beginning and advancement of ideas-and 

its setting of justification-the gathering and building up of the legitimacy and unwavering quality of logical prove 

[21]. Computer-based learning situations (CBL) are getting to be more prevalent in the classroom and have been 

utilized to assist understudies learn almost challenging subjects. CBL can serve a variety of capacities within the 

classroom, extending from expanding the efficiency of students’ lesson work to acting as mental accomplices to 

cultivate learning [22]. 

Computer-based learning has three components: software, hardware and ‘underware’, the instructional method that 

supports its improvement. The last mentioned is the foremost imperative, as the approach embraced will impact the 

creation of computer-based learning materials and decide the way in which students engaged in with subject matter. 

Instructors are dependable for the quality of their courses and have a crucial part in helping to create the foremost 

fitting electronic learning exercises that will encourage understudies to obtain the information and skills 

fundamental for clinical hone. Subsequently, they ought to have a mindfulness of what contributes to educationally 

effective, computer-based learning materials. 

2.1.2. Behavioral Intention to Use (BI) 

According to the theory of reasoned action (TRA), most behaviors are under volitional control and are predictable 

from behavioral intentions. Therefore, a person’s intention to perform or not to perform a particular activity is the 

immediate predictor of actual action [23]. Intention and the effort to conduct a particular activity are inseparable, 

which is why the likelihood of using a system will increase with the strong intention of the users to use a system 

[24]. Behavioral intention captures motivational factors that influence a behavior. These factors are “indications of 

how hard are people planning to try and how much effort they are planning to exert in order to perform the 

behavior” [25]. Therefore, understanding the factors affecting behavioral intention to use web-based learning system 

also enhances the understanding the actual system usage among blue-collar workers. 

2.1.3.  Attitude toward technology Use (ATT) 

According to the TRA, attitude, along with subjective norms, determine behavioral intention [26]. Attitude toward a 

behavior can be defined as a “person’s judgment that performing the behavior is good or bad, that he (or she) is in 

favor of or against performing the behavior” [27]:[26]. It is assumed that one would hold a positive attitude toward a 

behavior, if it is expected to introduce beneficial outcomes when performed. Similar to TRA, TAM, which used 

TRA as a theoretical basis for determining relations among actual technology use, behavioral intention, attitude 

toward use, perceived usefulness, and perceived ease of use, is based on the assumption that, along with perceived 

usefulness, attitude toward use is decisive on behavioral intention to use the technology [28]:[29]. In the literature, 

several studies revealed the positive relation between attitude toward use and behavioral intention to use e-learning 

systems [30]. 

2.1.4.  Perceived Usefulness (PU) 

Perceived usefulness refers to the ‘‘degree to which a person believes that using a particular system would enhance 

his or her performance” [31]. TAM posits that attitude toward use is predicted by both perceived ease of use and 

perceived usefulness. Further, both attitude toward system usage and perceived usefulness are predictors of intention 

to use the system [31]. Among the factors, perceived usefulness is found to be a most significant predictor of 

intention to use [31]. On the other hand, it explored that attitude toward the system usage does not fully transfer the 

effects of both perceived usefulness and perceived ease of use on behavioral intention to use. Therefore, a revised 

TAM, which asserts that both perceived usefulness and perceived ease of use predict behavioral intention to use in 

voluntary situations, is recommended. Performance improvement can be considered as the important part of 

usefulness perception. As the users perceive that the system improves their performance, then accordingly they may 
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intend to use the system. Thus, for the usage of the web-based learning system, perceived usefulness becomes 

important. Further, the significant effect of perceived usefulness on behavioral intention to use is confirmed by 

many studies [30]. 

2.1.5.  Perceived Ease of Use (PEOU) 

Perceived ease of use can be defined as ‘‘the degree to which a person believes that using a particular system would 

be free of effort” [31]. TAM proposes that perceived ease of use predicts both perceived usefulness and attitude 

toward use [31]. The relation between perception of usefulness and ease of use can be explained as follows: If the 

system usage is easy, then for the potential users learning time is minimized. This may be the potential reason to 

increase the system usefulness perception if we assume other factors are the same [32]:. In the literature, the positive 

effect of perceived ease of use on perceived usefulness is confirmed with the studies related with e-learning 

[33];[30]. 

2.1.6.  Perceived Content Quality (FC) 

Perceived content quality can be defined as the extent to which learning contents are designed to fit workers’ needs 

[33]. In this study, the variables used for measuring perceived content quality are related with the various types of 

valuable information gathered that are needed for potential users of web-based learning systems. It is expected that, 

as the perception about content quality increases, potential users perceive the system as being more useful, and thus, 

potential users adopt the system. Further, in the post implementation stage of the e-learning system, quality of 

information content has a significant effect on satisfaction, together with representational quality of information, 

service quality on interaction, perceived usefulness, and perceived ease of use. Several studies also confirm the 

significant effect of perceived content quality on the perceived usefulness of e-learning systems [34]:[35]. [33] 

found that instructor characteristics, teaching materials, and perceived ease of use affect perceived usefulness of e-

learning among students; [34] explored the significant effect of perceived quality in terms of information, service, 

and system on satisfaction and, thereby, e-learning continuance intention; [36] found that information quality, 

perceived ease of use, and subjective norms enhance perceived usefulness of web-based learning systems positively. 

2.1.7.  User Satisfaction (US) 

The Wixom and Todd (WT) model involves a combination of user satisfaction (US) and technology acceptance, 

which are the two primary research streams for investigating the perception of information system success [37]. 

Within the WT model, US comprises object-based beliefs (information quality [IQ] and system quality [SysQ]) and 

object-based attitudes (information satisfaction and system satisfaction). 

2.1.8.  Social influence (SI) 

Social norm also known as Social Influence, is defined as “the person’s perception that most people who are 

important to him or her think he or she should or should not perform the behaviour in question” [38]. In other words, 

SN refers to the social pressure coming from external environment which surrounds the individuals and may affect 

their perceptions and behaviours of engaging in a certain action. SN was included in many theories such as TRA, 

TPB, DTPB and TAM2 and is similar to social influence in UTAUT; and image in IDT. 

 SN was studied in some research as an antecedent of BI and in other studies as an antecedent PU. However, as 

mentioned by  [29] the influence of SN is very complex. SN was found to be an important determinant of behaviour 

in TRA and TPB, and directly and significantly related to the behavioural intention ([29]; [32]. The direct effect of 

SN on BI is justified from the fact that people may be influenced by the opinion of others and thus involved in 

certain behaviour even if they don’t want to. [32] argue that the effect of SN occurs only in mandatory environments 

and has less influence in a voluntary environment. 

According to [39], SN is decomposed into two groups and usually determined by peer and superior influences. In 

the context of e-learning technologies, student’s decision to adopt and accept such technologies is usually influenced 

by other colleagues/students and superior’s/lecturers pressures [40]. However, there are inconsistencies in the 

findings when studying the direct impact of SN on BI. For example, while some scholars found a significant 

influence of SN on BI such as [40]; [41] others failed to find any influence.  [28] omitted the SN construct from the 

original TAM due to theoretical and measurement problems, however SN was added later in TAM2 due to its 

importance in explaining the external influence of others on the behaviour of an individual. Therefore, based on the 

inconsistencies of the above findings and the importance of SN in establishing behavioural intention towards 

adoption and acceptance of a technology and its impact on PU, and in an attempt to overcome the limitation of TAM 

in measuring the influence of social environments [32]. 

2.1.9.  Actual usage (AU) 

Actual usage of Information and Communication Technologies (ICTs) in light of Education Information 

Frameworks proceeds to stimulate interest for inquire about. Within the developed world, colleges are investing in 
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Instruction Information Framework ventures to perform both education and management functions more effectively 

whereas reducing costs in terms of time, material resources and money [42]. Actual system utilize alludes to ‘how 

often’ and the volume of framework utilize (‘how much’) by the user [28] [29]; [42]; [43] [44]. Davis declares that 

one’s behavioral intention impacts real framework utilization. This is often due to internalization as well as 

recognizable proof and may impact behavioral deliberate directly via compliance. It is advance contended that once 

conclusion clients of the framework are not educated or taught almost the require or significance, this will 

significantly impact their behavioral intention to utilize and consequently, there will be actual use. 

2.1.10.  Perceived enjoyment (PE) 

Agreeing to [45], Perceived Enjoyment (PE) is the center of media entertainment experience, and it can be found in 

numerous ways depending on the user’s preparation and capacity to suspend incredulity to engage. PE has been 

affirmed that it has an imperative part in user technology acknowledgment and has extraordinary implications [28]. 

Too, PE is based on the user experience such as “how the individual felt around the involvement, what it implied to 

them, whether it was important to them, and whether it sat comfortably with their other values and goals.” [46]. This 

study would include PE as a noteworthy indicator of behavior intention, and recommend aesthetic, flow, and social 

presence as extra variables of clarifying PE within the portable interactive media utilization [47].  PE is defined as 

“the extent to which the activity of using computers is perceived to be enjoyable in its own right, apart from any 

performance consequences that may be anticipated” [31]. PE is referred to as an intrinsic motivation variable such as 

the doing of an activity for satisfactions rather than for some outcomes or results. In contrast, extrinsic motivation, 

such as PU is a construct that measures how user’s productivity and effectiveness have been improved by using the 

product [48]. [31] found that usefulness and enjoyment were significant determinants of behavioral intention. 

2.1.11.  Perceived System Quality (SQ) 

System quality may be defined as the “desired characteristics of the information system that produces the 

information” [49]. Response time, reliability, convenience of access, flexibility of system, and system accessibility 

are some of the measures of system quality. If potential users encounter security problems or any system 

interruption while using the system, they may abstain from making any mistakes. 

This withdrawal may cause a decrease in the perception of ease of use of the system. This in turn may affect 

behavioral intention to use the system and the system user’s satisfaction [49]. Several studies have also explored the 

significant effect of perceived system quality on perceived ease of use. Ong et al. (2004) have explored the 

importance of developing an e-learning system that ensures e-learners that they are free of privacy and security 

threats; Wang (2009) find that service quality, system quality, and self-efficacy have positive effects on perceived 

ease of use. Therefore, we hypothesize as follows: 

 2.2 Technology Acceptance Models 

A quite number of study models have been offered and used to explain different user groups’ sentiments, and 

behaviour towards computer-based systems usage, these models comprise of; revised  model of “Information 

Systems Success” which highlight the importance of independent variable in information systems research; updated 

Fishbein, et al. [23] “theory of reasoned action (TRA)”, which describes users’ action from psychological point of 

view; Davis [29] “technology acceptance model (TAM)”; [32] [29] “ technology acceptance model 2 (TAM2), is 

diverse from the first TAM as the more up to date demonstrate does not incorporate the component of ‘attitude’ in 

spite of it is regarded as a go between for the effect of perceived of usefulness and perceived ease of use. Moreover, 

TAM2 presents an extended demonstrate of the initial TAM which joins other hypothetical builds counting 

experience, social impact forms (subjective norm, voluntariness and image), cognitive instrumental process (job 

relevance, yield quality, and result demonstrability) [51].”  [52] “theory of planned behavior (TPB)”; created the 

demonstrate known as the theory of planned behavior (TPB) not to foresee, but to get it human behavior. Individuals 

make choices through a really complicated process. However, when there's expectation to lock in in behavior, there 

are three major factors at play that can be identified. The first is the state of mind toward locks in in a behavior. The 

second is how others are likely to see the behavior, known as the subjective norm. The third is how much control a 

subject accepts they have in engaging in a behavior, something else known as perceived behavior control [29] 

extended “unified theory of acceptance and use of technology (UTAUT2)”; and (McSWEENEY, & Smith 2007) 

updated “innovation diffusion theory (IDT)” for technologies adoption. 

The above-mentioned models are useful, and widely used by information communication technology systems 

scholars to explain users’ technology adoption behaviours in different IT settings (e.g., see  [54], [55], [28]). 

However, some scholars (e.g., see [56], [57] criticized the use of conventional models. The authors argued that the 

approach is “time consuming, bias in nature, and sometimes produced inaccurate results”, especially, in studies that 

involve human behaviour, and emotions compared to AI-based models such as “boosted regression tree” (BRT), 
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“Gaussian process regression” (GPR), “support vector machine” (SVM), “adaptive neuro fuzzy inference system” 

(ANFIS), and “Multi linear regression” (MLR). 

2.3 AI Structure Models 

 2.3.1 ANFIS Model 

As shown in Figure 1, the study ANFIS structure comprises of five layers: (i) the fuzzifying layer, which transports 

the inputs values and determines their membership functions; (ii) the implication layer, which generates the firing 

strengths for the network rules; (iii) the normalizing layer which normalized the calculated firing strengths of each 

of the study inputs in order to have a balance firing strengths amongst the inputs; (iv) the defuzzifying layer which is 

responsible for taken the normalized values of the study parameters to the fifth layer; and (v) the aggregation layer, 

which is the final layer is responsible for the return of final outcome (i.e., prediction result), in this case the 

predicted influence of the study inputs on m-banking system attractiveness. [58] in their study argued that “ANFIS 

is one of the best techniques among machine learning (ML) methods, and can produce valid results in studies that 

involves human feeling and emotions such as Internet of Things” (IoT). The authors stressed that accuracy of an 

ANFIS model largely depends on its input parameters, and may outperform other ML models (e.g., GPR, and BRT) 

in hybrid regression problems. The green color represents the number layers, while light pink represents the inputs 

parameters, the light blue and yellow colors represents the hidden layers, and dark green is the output of the model. 

 
Figure 1. Structure of ANFIS Model 

 2.3.2. Gaussian Process Regression (GPR) Model 

The study GPR model is offered in Figure 2, consisting of two major components; the estimation component, and 

the gaussian regression component, where U denote the gaussian elements (GU), while Y denote the outcome (i.e., 

targeted output), and K and 0 represent the covariance and mean of the study variables (i.e., autonomous and reliant 

variables of (x and y)), as shown in Figure 2. 

 
Figure 2. Structure of GPR Model 
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2.3.3 Support Vector Regression (SVR)  

Based on SVM concept, the SVR model was developed to be used for non-linear regression issues. Contrary to 

several other black box forecasting methods, SVR as one of the SVM based methods, consider operational risk as 

the objective function to be minimized instead of minimizing the error between computed and observed values. In 

SVR, at first, a linear regression is fitted on the data and then the outputs go through a non-linear kernel to catch the 

non-linear pattern of the data. Given a set of training data {(𝑥𝑖,𝑑𝑖)}𝑁 𝑖 (d𝑖 is the actual value, xi  represents the input 

vector and N is the data number), the SVR function is generally given as [59]: 

𝑦 = 𝑓(𝑥) = 𝑤𝜑 (𝑥𝑖 ) +𝑏 

where φ(xi) is mapped non-linearly from input vector x, which indicates feature spaces. By minimizing the objective 

function and assigning positive values for the slack parameters of ξ and ξ*, regression parameters b and w may be 

determined.  

 

where 
2

1
∥ w ∥2 implies weights vector norm and C represents regularized constant, which 1 2 ∥ 𝑤 ∥ 2 determine the 

arrangement between the regularized term and the empirical error. ε is the tube size, which is equivalent to accuracy 

approximation positioned within the training data points. By defining Lagrange multipliers αi and αi*, dual 

quadratic optimization problem could be resulted from the mentioned optimization problem. After dealing with the 

quadratic optimization problem, vector w can be determined as [59] 

𝑤∗ = ∑ 𝑁 𝑖 = 1 (𝛼𝑖 ― 𝛼 ∗ 𝑖 ) 𝜑 (𝑥𝑖) 
Finally, SVR is given as [59]: 

𝑓 (𝑥,𝛼𝑖,𝛼 ∗ 𝑖) = Σ𝑁𝑖 = 1(𝛼𝑖 ― 𝛼 ∗𝑖 )𝐾(𝑥,𝑥𝑖) + 𝑏 

K (xi, xj) is the kernel function into feature space which performs the non-linear mapping and b is bias term. 

Gaussian Radial Basis Function (RBF) is the one commonly used kernel function, 

given as:                       𝑘 (𝑥1, 𝑥2) = 𝑒𝑥𝑝 ( ― 𝛾‖𝑥1 ― 𝑥2‖2)  

                                       where, γ is the kernel parameter. 

2.3.4 BRT Model  

The study BRT model contains three hierarchies as shown in Figure 3: an input regression ladder, normalization 

regression ladder, and output ladder. The study input values were inputted into the input ladder which transported 

them to the normalization ladder for weights adjustment, then to the output ladder for predictions. The red lines and 

dots indicate the margin of errors in the model regression process. Figure 3 depicts the diagram of the study BRT 

model. 

 
Figure 3. Structure of BRT model 
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2.3.5 Multi-linear regression (MLR)  
Multi-linear regression (MLR) is the commonest linear method employed by modelers in predicting different 

variables as used in different field of study in science, engineering, health science and social sciences. It aids in 

understanding the linear relationship between the predictor and the input variables [60]. It explores the interaction 

between the variables and describes the relationship between them by keeping the independent variables fixed and 

varying one. (Nourani, et al., 2020), can correlate the n regressor variables and the dependent variable y:  

                          y= b_0+ b_1 x_1+ b_2 x_2+ b_3 x_3+⋯+ b_i x_i+ξ 

In the above Equation, x_i represents value of the i^th predictor, bi stands for coefficient of the i^th predictor, b_0 is 

the constant of regression and ξ is the error term. 

2.4 Data Normalization, Models Validation and performance Comparisons 

The consider information normalization strategy, models’ approval and execution assessments indices were 

advertised within the taking after subsections. 

2.5 Data Normalization  

To ensure all variables have the same treatment and to eliminate their dimensional discrepancy, data Normalization 

is usually applied for AI-based modelling [62]:[63]. Normalization of consider inputs rearranges arithmetic 

calculations in “AI-based modelling and simulation, which in turn decreases results processing time, and increments 

models’ exactness. Therefore, data for this study were normalized using Maximum (Max) and Minimum (Min) 

normalization formula is given by  

min

min

NN

NN
N

mac

normalised



                         eq. (1) 

Where Nmin, & Nmax represent the input, minimum and maximum observed values, respectively. 

2.6 Performance comparison and models validation  

The most reason for utilizing AI models for relapse issues is to get solid and accurate results, which are more often 

than not difficult to realize utilizing ordinary approaches without deep understanding and past information of the 

concept. But, owing to overfitting issues in several AI models, performance of the models at the testing stage isn't 

continuously consistent with the preparing stage performance, making it troublesome in case not incomprehensible 

for researchers to get redress comes about for covered up datasets. This and other reasons require the needs for 

models’ approval to overcome the overfitting issues. There are diverse sorts of validation strategies (e.g., leave-one-

out approval, k-fold cross-validation, and holdout validation etc.). In this way, this inquire about utilized the k-fold 

cross-validation utilizing five regression problems appraisal measurements (to be specific Nash-Sutcliffe 

effectiveness (NSE)= (R2), i.e., coefficient of assurance/determinant, root mean square error (RMSE), mean absolute 

error (MAE), mean absolute deviation (MAD),  
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Table 1: Data Descriptive Statistics 

Variable  Minimum Maximum Mean 

Std. 

Deviation Kurtosis Skewness 

Gender 1 2 1.35 0.48 -1.63 0.64 

Age 3 4 4.00 0.36 2.04 -2.00 

LE 1 3 2.15 0.73 -1.08 -0.24 

YTE 1 3 2.30 0.72 -0.91 -0.52 

PE 19 25 22.10 1.83 -0.89 0.10 

ATT 24 38 30.90 3.43 0.36 -0.15 

PU 6 25 20.75 4.14 6.15 -2.30 

PEOU 9 20 15.90 2.40 1.85 -0.83 

SQ 10 20 15.95 2.50 1.24 -0.90 

US 12 20 17.05 2.31 -0.86 -0.44 

FC 11 20 14.3 2.04 1.44  1.09 

SI 13 19 15.85 1.60 -0.78  0.18 

AU 6 15 10.40 2.21 -0.24  0.08 

BI 12   20  16.45  2.00  -0.10  0.02 

 

The statistical description of the data presented in Table 1 shows the variation of the independent variables towards 

the dependent variable. Considering standard deviation (SD) it can be seen that ATT shows a very wide deflection 

from the SD of BI up to 3.43. This indicates how attitudes of students in the higher institute of learning take 

different dimension when it comes to application of technology especially in Africa. Figure 4 shows the general 

procedure involved in the study 
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Figure 4: Flowchart of the general procedure applied for the study 

 

3. RESULTS AND DISCUSSION 

As the study involves applying two input feature selections to determine the most dominants variables, application 

of BRT, GPR, SVM, ANFIS and MLR models for CBL prediction and performance improvement standalone 

models using SAE, WAE and NNE. Thus, the results of the study are provided accordingly. 

3.1 Sensitivity Examination Results  

For prediction that involve the application of any AI based model, selection of the most preferable or appropriate 

inputs is of paramount significance. Failure to do so, may lead to underfitting/overfitting which in turns results in 

incorrect and less accurate results [64]. However, all natural processes contain both linear and nonlinear aspects 

[63], sticking to one aspect may amalgamate error due to other aspect and vice-verse. Consequently, in order to take 

care of all the possible phenomena of the system, this study employs the services of correlation coefficient (CC) and 

mutual information (MI) as linear and nonlinear input feature selection techniques, respectively. The CC and MI 

have provided promising results in the selection of dominant inputs in several studies including [65]. The results of 

the applied variables selection techniques are shown in Table 2. 
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Table 2: Variables ranking based on linear and nonlinear sensitivity analysis 

Variable 

CC 

value Rank Variable 

MI 

value Rank 

Gender -0.0176 8 Gender 0.0639 13 

Age -0.2586 13 Age 0.1043 1 

LE -0.2031 11 LE 0.0643 12 

YTE -0.0101 7 YTE 0.0736 7 

PE -0.0541 9 PE 0.0811 4 

ATT -0.2218 12 ATT 0.0802 5 

PU 0.3295 1 PU 0.0725 9 

PEOU 0.1686 3 PEOU 0.0728 8 

SQ 0.0289 6 SQ 0.0874 2 

US 0.1353 4 US 0.0692 10 

FC -0.1385 10 FC 0.0867 3 

SI 0.2924 2 SI 0.0666 11 

AU 0.0814 5 AU 0.0779 6 

 

Having selected the models’ dominants inputs parameters (perceived enjoyments, attitude toward technology, 

perceived usefulness, perceived ease of use, system quality, user satisfaction, facilitating conditions, social 

influence, and actual usage) four nonlinear AI-based models (BRT, GPR, SVM, and ANFIS) were developed to 

obtain predictions with regard to factors responsible for computer-based learning (CBL) in developing countries like 

Nigeria. Though, Cronbach alpha was calculated to justify the uniformity level of the study constructs. Nevertheless, 

the sensitivity analysis results were used in selecting the most dominants factors as the approach offers more 

accurate and reliable results than the Cronbach alpha method.  

For CC method, the higher the CC value towards 1, the better the linear correlation between the inputs and output.  

It can be seen from Table 2 that for PU with CC value of 0.3295 is closer to 1, and therefore ranked as the most 

correlated value to BI. This followed by SI, PEOU, US as the 2nd, 3rd, and 4th correlated variables, respectively. With 

respect to MI method which is nonlinear, as shown in Table 2, the order of performance is Age, SQ, FC, and PE 

representing 1st, 2nd, 3rd, and 4th most dominant variables, respectively. Comparing the dominant input variables 

selected by the CC and MI methods, it can be seen that there is no single overlap between the most appropriate 

variables selection. This indicates the uniqueness of each of feature selection method applied and that both linear 

and nonlinear input feature selection will lead to different results. Studies including [65] show that, using both CC 

and MI methods lead to efficient prediction. Thus, in order to ensure accurate and highest performance are achieved, 

all the models were developed on the basis of CC and MI input feature selection methods. However, initial 

examination demonstrated that the first 4 dominant inputs produced better efficiency than when more inputs are 

added, hence, this study consider the first for variables as inputs to every model. Mathematically, the BI was used as 

a function of the first 4 ranked variables as; 

…………………………………………………………….(i) 

……………………………………………………………...(ii) 

Where  represents the BI values of the ith model (BRT, GPR, SVM, ANFIS and MLR),  

and  are variables based on CC and MI, respectively. Figure 5 shows the correlation matrix 

between the output and the selected variables by CC and MI methods.  

Haroun et al.   ….. Int. J.  Innovative Info. Systems & Tech. Res. 12 (4):1-23, 2024  



12 

 

 
Figure 5: Correlation matrix of the best variables based on CC and MI analyses 

As deduced by Figure 5, all the selected variables based on CC and demonstrated positive correlation to BI with 

0.18, 0.14, 0.10, 0.11, 0.28, 0.13 and 0.33 for PE, SI, FC, US, SQ, PEOU and PU, respectively. This is an indication 

that successful prediction can be achieved by the models developed using the variables. Table 3 presents the results 

of AI and MLR models based on CC. 

3.2 Results of the AI based and MLR methods applied 

This study employed several AI based models including BRT, GPR, SVM and ANFIS to appraise the students’ 

performance based on CBL process in the higher institutions of learning. Conventional MLR was also applied for 

comparison. The models based on their unique approaches were developed after carefully selection of the most 

dominant input variables. The results of the models in training and testing phases are presented in Table 3. 

 

Table 3: Results of the developed single models based on CC screening 

Training       Testing     

Model MAD MSE RMSE BIAS NSE MAD MSE RMSE BIAS NSE 

BRT 0.1057 0.0196 0.1400 0.0164 0.6404 0.1118 0.0184 0.1358 0.0648 0.5717 

GPR 0.0751 0.0112 0.1058 0.0145 0.7404 0.0853 0.0167 0.1292 -0.0048 0.6938 

SVM 0.0742 0.0103 0.1014 0.0184 0.7612 0.0951 0.0191 0.1382 -0.0138 0.6498 

ANFIS 0.0706 0.0114 0.1067 0.0135 0.7653 0.0798 0.0166 0.1288 -0.0045 0.6959 

MLR 0.1600 0.0438 0.2094 -0.0258 0.1960 0.1782 0.0483 0.2198 0.0773 -0.1225 

 

From the results obtained and presented in Table 3, it can be deduced that in the training phase, the AI based models 

outperformed the MLR model with wide margin for all employed statistical indices. This implies that the AI based 

models have efficient performance due to their nonlinear nature compared to MLR model. Amongst the AI models, 

SVM led to better performance with NSE value of 0.7612 followed by GPR = 0.7404, ANFIS = 0.7653 and BRT = 

0.6404. With respect to the testing phase, ANFIS which produced the 3rd most efficient performance in the training 
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phase produced the highest prediction skill. Hence, the order of performance in descending magnitude based on 

NSE criterion is ANFIS = 0.6959, GPR = 0.6938, SVM = 0.6498, BRT = 0.5717 and MLR = -0.1225. This might be 

because in the training phase due to their nonlinear capability, all the AI models can lead to good prediction but in 

the testing phase ANFIS has an upper performance due to its hybrid nature that combines the prediction ability of 

ANN and fuzzy based knowledge. Figure 6 compares the performance of the applied models graphically in training 

and validation phases. 

 
Figure 6: Graphical illustration of the developed model’s performance based on CC screening for (a) training 

phase and (b) testing phase 

The violin plots shown in Figure 6 illustrate graphical performance of the applied models. With violin, the model 

that resembles the actual variable better represents the most accurate performance and vice versa. Hence, it can be 

deduced that in an affirmation to the earlier results in Table 3, MLR model performs poorly in both training and 

testing phases which implies that the uncertainty and nonlinear aspect of the output make it difficult for MLR being 

a linear model to make any significant prediction. The results of the single models based on MI input feature 

selection techniques are presented in Table 4. 

Table 4: Results of the developed single models based on MI screening 

Training       Testing     

Model MAD MSE RMSE BIAS NSE MAD MSE RMSE BIAS NSE 

BRT 0.1199 0.0201 0.1419 0.0134 0.6310 0.1210 0.0229 0.1512 0.0737 0.4689 

GPR 0.0472 0.0088 0.0936 0.0222 0.7967 0.0793 0.0141 0.1187 -0.0074 0.7418 

SVM 0.0881 0.0127 0.1126 0.0331 0.7054 0.1030 0.0172 0.1310 -0.0137 0.6852 

ANFIS 0.0401 0.0086 0.0930 0.0211 0.7992 0.0735 0.0139 0.1180 -0.0070 0.7446 

MLR 0.1518 0.0493 0.2220 -0.0230 0.0960 0.1620 0.0485 0.2202 0.0689 -0.1260 

 

As can be seen in Table 4, the performance of the single AI based and MLR models for MI method is similar to that 

of CC (presented in Table 3). Meaning ANFIS and GPR produced the most outstanding performance in both 

training and testing phases. ANFIS has values 0.0401, 0.0086, 0.0930, 0.0211, 0.7992 and 0.0735, 0.0139, 0.1180, -

0.0070, 0.7446 for MAD, MSE, RMSE, BIAS, NSE in the training and testing phases, respectively. Comparing 

Tables 3 and 4, it can be pointed out that despite the differences in the linear and nonlinear inputs selection 

processes by CC and MI methods, the performance of the individual models is in similar manner. Figure 7 shows 

violin plots comparing the performance of the applied models. 
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Figure 7: Graphical illustration of the developed model’s performance based on MI screening for (a) training 

phase and (b) testing phase 

As can be seen in Figure 7, in both training and testing phases, ANFIS led to higher efficiency with more close 

resemblance with the actual value. This is closely followed by GPR, SVM, BRT and MLR being the least 

performance model. From Tables 3 and 4, Figures 6 and 7, it can be seen that different performances of the models 

are achieved CC and MI methods. To compare the individual contributions of the methods, radar charts are plotted 

in Figure 8 based on the employed statistical performance indicators. 
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Figure 8: Performance comparison of the developed models based on statistical indicators of (a) MAD, (b) 

MSE, (c) RMSE and (d) NSE 

In Figure 8, for the error measures (MAD, MSE, RMSE) the narrower radar indicates the best efficient model, while 

for NSE the wider the radar, the better predicting skill. From the obtained results and presented previously, it can be 

observed the least performing AI based model is BRT considering both CC and MI inputs screening methods. On 

the other hand, if all models are considering MLR becomes the most underperforming model. Looking vividly at 

Figure 7, it can be observed that MAD, MSE and RMSE (Figure 8 (a), (b) and (c)), models produced by MI method 

has narrower radar that those produced by CC method with exception of MLR and BRT. This indicates that the 

uncertainty surrounding of CBL makes it difficult for linear based CC method to have higher performance. But, with 

its ability to deal with nonlinear aspect of the input data, MI led to most efficient performance. However, 

implementation of MI method requires model with great predicting skill, otherwise the results will be inferior as in 

the case of BRT and MLR. Based on NSE (Figure 8 (d)), the performance of the models is similar, with higher 

performance achieved by MI method for ANFIS, SVM and GPR, while CC method provided best performance for 

BRT and MLR. 

3.3 Results of the applied ensemble models 

In view of the achieved results for single models, it can be said that CBL process can be modeled efficiently by the 

application of the employed AI based models. But MLR, as linear model finds it extremely difficult to deal with the 

nonlinear aspect of CBL thereby, producing a poor result. As such, MLR is not recommended for the CBL 

modeling. Despite the good performance exhibited by the AI based models, lots of improvements and performance 

enhancements are needed. For instance, NSE ranged from -∞ to 1, but the highest performance achieved for the 

single model is 0.7446, which is a wide gap to achieve 1. Hence, ensemble models were developed to improve the 

performance of the single models. Studies such as ( Nourani, et al., 2020) indicate that despite the low performance 

of MLR model, it is important to be included in the modeling because the nonlinear AI based models may 

accumulate errors due to linear aspect of the system. In this study, the MLR model performed poorly and its 

inclusion in the ensemble modeling may lead to underperformance of the system. Based on these reasons, 2 different 

models were developed with MLR and without MLR to ascertain the best performance for each of the 3 ensemble 

models. The developed models can be express as: 

…………………………………………………..(iii) 

……………………………….………………….……..(iv) 

Where  and  are models 1 and 2 developed for the ith ensemble model (SAE, WAE and NNE). Table 5 

shows the results of the ensemble models applied for CC method. 
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Table 6: Results of the applied ensemble models based on CC method 

Training         Testing     

Model Approach MAD MSE RMSE BIAS NSE MAD MSE RMSE BIAS NSE 

M1 SAE 0.0957 0.0135 0.1162 0.0377 0.6866 0.1019 0.0195 0.1395 -0.0065 0.6430 

 

WAE 0.0763 0.0113 0.1062 0.0237 0.7378 0.0871 0.0169 0.1298 -0.0012 0.6910 

  NNE 0.0650 0.0108 0.1038 0.0094 0.7495 0.0791 0.0165 0.1284 -0.0031 0.6976 

M2 SAE 0.0807 0.0115 0.1072 0.0278 0.7329 0.0904 0.0172 0.1312 -0.0017 0.6842 

 

WAE 0.0797 0.0113 0.1065 0.0262 0.7364 0.0897 0.0172 0.1310 -0.0023 0.6853 

  NNE 0.0650 0.0108 0.1038 0.0095 0.7495 0.0791 0.0165 0.1284 -0.0032 0.6976 

 

The results of the ensemble method based on CC input screening method show good performance across all the 

applied models for both M1 and M2 with NSE value higher than 0.6. For Ml, NNE produced the best modeling skill 

in the testing phase with 0.0791, 0.0165, 0.1284, -0.0031 and 0.6976 for MAD, MSE, RMSE, BIAS and NSE, 

respectively. WAE closely followed with 0.0871, 0.0169, 0.1298, -0.0012 and 0.6910 for MAD, MSE, RMSE, 

BIAS and NSE in the testing phase, respectively. The least performance is SAE which reduces the performance of 

NNE and WAE by 5% with 0.1019, 0.0195, 0.1395, -0.0065 and 0.6430 for MAD, MSE, RMSE, BIAS and NSE in 

the testing phase, respectively.  

For M2, the performances of the ensemble models are similar to M1, but the SAE performance has been improved. 

The performances of the ensemble models are in descending order as NNE > WAE > SAE with values 0.0791, 

0.0165, 0.1284, -0.0032 and 0.6976 > 0.0897, 0.0172, 0.1310, -0.0023 and 0.6853, 0.0904, 0.0172, 0.1312, -0.0017 

and 0.6842 for MAD, MSE, RMSE, BIAS and NSE in the testing phase, respectively. Comparing M1 and M2 it can 

be seen that; NNE performance remains the same irrespective of whether MLR included or not. This emphasizes the 

importance of AI based models’ application in any process. However, SAE increased in performance by 4% while 

WAE performance decreased by 0.57%. This is because both SAE and WAE are linear models, thus, any addition or 

subtraction in to the system would definitely have impact on the overall results. The performance improvement by 

SAE might be because of the direct averaging process in the model development, the poor performance MLR model 

would linearly and directly reduce the efficiency of the SAE model. Meanwhile, despite being also linear, WAE due 

to weight it possesses that is determined based on merit (performance) has not been impacted directly by the 

negativity of MLR model, thereby resulting to less performance reduction compared to SAE. Figure 9 shows a half 

violin plot of the applied ensemble models for CC method. 

 
Figure 9: Results of the ensemble models based on CC as (a) M1 and (b) M2 
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As seen from Figure 9, contrary to the single models, the 3 ensemble approaches follow closely the behavior of the 

actual BI in both mean and standard deviation. Due to the little difference experience between M1 and M2 (as also 

demonstrated by Table 5), it can be seen that their shape with respect to the actual shape are very identical. 

Although, SAE might be exceptional as the shape better resemble the actual shape due to the increment in 

performance of 4% achieved. While NNE shape remains the same for M1 and M2, a little change in shape can be 

seen for WAE. These results imply that in as much as the modeling processes are well developed, the results 

obtained would be the same whether the performances are appraised based on global statistical indicators or 

graphically. Table 6 presents the results of the ensemble methods based on MI input screening method applied. 

Table 7: Results of the applied ensemble models based on CC method 

Training         Testing     

Model Approach MAD MSE RMSE BIAS NSE MAD MSE RMSE BIAS NSE 

M1 SAE 0.1038 0.0175 0.1322 -0.0075 0.6793 0.0895 0.0143 0.1195 0.0438 0.6685 

 

WAE 0.0621 0.0099 0.0997 0.0321 0.7691 0.0873 0.0144 0.1200 -0.0043 0.7360 

  NNE 0.0381 0.0085 0.0919 0.0214 0.8037 0.0734 0.0140 0.1182 -0.0071 0.7437 

M2 SAE 0.0713 0.0110 0.1051 0.0375 0.7436 0.0925 0.0149 0.1220 -0.0037 0.7268 

 

WAE 0.0664 0.0103 0.1017 0.0339 0.7596 0.0897 0.0147 0.1211 -0.0052 0.7312 

  NNE 0.0384 0.0085 0.0921 0.0214 0.8029 0.0734 0.0140 0.1182 -0.0071 0.7439 

 

The results presented in Table 7 show a tremendous improvement of the ensemble methods over single AI based 

methods whereas, with the exception of SAE for M1, all the models produced NSE values over 0.7. For M1, the 

performances of the models in the testing phase in ascending order are SAE < WAE < NNE with values 0.0895, 

0.0143, 0.1195, 0.0438 and 0.6685 < 0.0873, 0.0144, 0.1200, -0.0043 and 0.7360 < 0.0734, 0.0140, 0.1182, -0.0071 

and 0.7437 for MAD, MSE, RMSE, BIAS and NSE, respectively. As seen, NNE produced the best performance 

compared to WAE and SAE models. This is because the nonlinear kernel employed for the modeling constitute both 

linear and nonlinear aspect, thus, the model was able to provide more efficient and promising results. Despite being 

all linear models, thorough investigation of the results will reveal that WAE supersedes SAE in performance up to 

7%. This might be as a result of the weight generated in developing the WAE which makes it more robust and more 

skillful.  

For M2 as shown in Table 6, the performances of the ensemble models are very identical to that of M1, but it can be 

seen that there is distinct performance with respect to SAE. The SAE has a sudden rise in performance from 0.6685 

for M1 to 0.7268 for M2 which has a difference of up to 6% increment. This justifies the application of ensemble 

modeling without MLR due to its poor performance. As SAE takes average of the produced results directly, less 

efficient performing model will negatively affect the results and when all models with great efficiency are used, the 

results will positively change. Comparing Tables 5 and 6 it can be deduced that similar to the single models, 

ensemble models performed better with respect to MI over CC input screening method. This is a proof that ensemble 

models are dependent on the root single models. In other words, the ensemble performance increases with increase 

in performance of the single models, hence, for more accurate and enhanced performance by ensemble models, 

selection of the input of inputs for the single models has to be given a due consideration. This results are in 

agreement with [67] study where the performance of ensemble models was found to have increased with best 

performance single models. Figure 10 compares graphically the performances of the ensemble models based on MI 

with inclusion and exclusion of MLR. 
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Figure 10: Results of the ensemble models based on MI as (a) M1 and (b) M2 

The half violin plots shown in Figure 10 emphasizes the deployment of nonlinear sensitivity analysis over selection 

of input variables based on linear approach as all models have a close fitting to the shape of the actual variable. This 

perhaps is as a result of peoples’ approach towards CBL especially in developing African countries where 

perspectives are hard to predict which make the process very stochastic and tedious to digest. Consequently, the 

underlying process cannot be effectively analyzed using linear models. However, dwelling on fact of inclusion or 

exclusion of the poor performance single MLR, it is obvious from Figure 9 that ensemble models are unperturbed. 

For both M1 and M2 a close resemblance and fitting to the shape of the actual variable can be seen in consideration 

of both the mean and standard deviation. The general comparison of the results of applied models in training and 

validation phases are presented in Figures 11 and 12. 

 
Figure 11: Comparison of general results of the study in the training phase based on (a) CC and (b) MI 
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Figure 12: Comparison of general results of the study in the testing phase based on (a) CC and (b) MI 

As can be seen from Figures 11 and 12, a radar chart was plotted to determine the performance efficiency of all the 

applied models with CC and MI input feature selection techniques. Although the study employed 5 global statistical 

techniques (MAD, MSE, RMSE, BIAS and NSE) to ascertain the modeling performance, RMSE and NSE are 

selected to represent the error term and goodness of fit measure in order not to confuse the reader if measures are 

included. From Figure 10 in the training phase, it can be observed that the SAE, WAE, and NNE surpassed all the 

single models with respect to the RMSE and NSE indicators, although, a slight superiority of ANFIS and SVM 

sometimes can be seen over SAE which is caused by the direct averaging pattern used by the model as poor 

performance single model directly affected the end results. 

Looking at the testing phase from Figure 12, it is apparent that ensemble models led to better performance than the 

single models. SAE, WAE and NNE can all be employed for performance enhancement. However, to have a proper 

and more accurate prediction, measures should be taken to ensure an efficient selection of the single model, and 

when applying the linear ensemble model’s priority should be given to the highest performing single models to 

avoid accumulation of error due to poor performance single models. Irrespective of inclusion or exclusion of poor 

performance single model, NNE is capable of providing performance improvement of the single AI based models. 

 

4.1 CONCLUSIONS 

In this study, determinants of CBL success for maintainable instruction in Nigeria were examined and displayed 

utilizing four artificial intelligence (AI) based models viz: (SVM, GPR, ANFIS, and BRT) and one nonlinear model 

(MLR) were employed to quantify the CBL in north eastern Nigeria, the construct were reduced using sensitivity 

analysis. The ultimate execution comes about for all the four developed AI models indicates a critical relationship 

coefficient between CBL usage and the study parameters (ATT, PE, PU, PEOU, SQ, US, FC, SI, and AU) in 

Nigeria setting. Subsequently, it can be deduced that the proposed demonstrate can be utilized in scientific studies. 

In any case, in spite of the fact that PU are more correlated to BI followed by SI, PEOU, and US were included in 

training and testing of the developed AI models, the study sensitivity analysis comes about showed that PU and 

PEOU have the least CC values compared to other input parameters, hence demonstrating an inconsequential 

relationship between the two variables and CBL acknowledgment and utilization in Nigerian education setting.  

However, the ensemble models developed also proved merit based on the performance of all the developed models. 

Education authorities or stake holders such as ministry of education (MOE), national commission of colleges of 

education (NCCE), national university commission (NUC), national union of polytechnics (NUP), national board of 

technical education (NAPTEB), national examination commission (NECO,), school administrators, and other 

stakeholders in developing nations like Nigeria can use the study findings to provide the necessary resources that 

facilitate CBL usage and deploy efficient and effective use of information and communication technology (ICT) 
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usage to augment the conventional teaching and learning method for sustainable education in Nigerian higher  

education institutions. 
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