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Abstract

:

Effective and efficient use of information and communication technology (ICT) systems in the administration of educational organisations is crucial to optimise their performance. Earlier research on the identification and analysis of ICT users’ satisfaction with administration tasks in education is limited and inconclusive, as they focus on using ICT for nonadministrative tasks. To address this gap, this study employs Artificial Intelligence (AI) and machine learning (ML) in conjunction with a survey technique to predict the satisfaction of ICT users. In doing so, it provides an insight into the key factors that impact users’ satisfaction with the ICT administrative systems. The results reveal that AI and ML models predict ICT user satisfaction with an accuracy of 94%, and identify the specific ICT features, such as usability, privacy, security, and Information Technology (IT) support as key determinants of satisfaction. The ability to predict user satisfaction is important as it allows organisations to make data-driven decisions on improving their ICT systems to better meet the needs and expectations of users, maximising labour effort while minimising resources, and identifying potential issues earlier. The findings of this study have important implications for the use of ML in improving the administration of educational institutions and providing valuable insights for decision-makers and developers.
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1. Introduction


ICT encompasses a wide range of computer and communication hardware and software that are used to create, store, transmit, interpret, and alter data in various formats [1,2]. ICT is widely used in various fields including health [3], transportation [4], and education [5]. In recent years, the use of ICT in education has been increasing. Studies such as the one by Robinson and Zaitun [6] have examined the use of ICT tools by English language teachers and their impact on students’ acquisition of English language competency and the quality of their learning experience. Additionally, Fernández-Gutiérrez et al. [7] explored the impact of using ICT in schools on students’ academic outcomes in compulsory secondary education, specifically in the subjects of mathematics, reading, and science. However, the use of ICT systems in educational organisations for administration tasks is an area that has received little attention in the literature [8,9].



ICT systems have the potential to enhance the administration process in educational organisations. By providing different tools and technologies, ICT systems can attract and motivate all members of the organisation, regardless of their role, to become more engaged in their daily administration tasks [10]. One of the key benefits of using ICT systems in administration is the ability to improve communication and information transactions within the organisation. These systems can provide a secure and reliable medium for sharing and exchanging information, which can improve the efficiency and effectiveness of the administration process [11]. Additionally, ICT systems can enable better decision making by providing easy access to data and analytics and help the organisation to be more responsive to the changing needs of the workforce and the stakeholders. Furthermore, ICT systems can enable more automation and streamline the administration process, which saves time and resources [12].



Currently, there is a wide range of ICT systems available for use in the administration process of educational organisations. For instance, in Saudi Arabia, over 15 ICT systems or applications are currently in use, such as Noor, Faris, and Madrasati. However, the variety of these systems can lead to issues of inconsistency, security, and privacy among users [13]. Despite the development of these ICT systems, user satisfaction guarantee remains a challenge. Therefore, there is a crucial need for a method to predict user satisfaction before developing or implementing such systems. By predicting user satisfaction, decision-makers and managers can gain a better understanding of the needs of the users and develop systems that effectively meet those needs. This approach can help to improve the effectiveness and efficiency of the administration process in educational organisations [14].



ML algorithms are gaining increasing attention for their ability to find valuable insights and learn about user’s needs. These algorithms use statistical techniques to enable computer systems to “learn” from data and make predictions or decisions. They have the ability to identify patterns and insights in large and complex datasets, which makes them useful in various fields such as healthcare, finance, and education [15]. Motivated by the success of ML in predictions for different applications, the objective of this study is to utilise ML models to predict the ICT systems users’ satisfaction within educational institutions. This can help decision-makers take the correct actions in terms of developing or imposing a new ICT system. This, in turn, can lead to more effective and efficient administration processes within educational organisations, as the ICT systems will be better aligned with the needs and aspirations of the users [14].



While previous research has explored the use of ICT in various educational contexts globally, this study seeks to provide new insights by focusing on the administrative applications of ICT within educational institutions in Saudi Arabia, a context that has been less examined. Despite the presence of similar cases internationally, this research contributes unique perspectives by examining the confluence of ICT with administrative efficiency in a region characterised by rapid technological adoption and specific cultural and systemic educational nuances. Furthermore, this study introduces an innovative predictive model using machine learning algorithms tailored to the unique dataset derived from Saudi educational institutions, thereby contributing novel methodological advancements to the field. Our paper contributes to the following research outcomes:




	
Addressing the gaps in earlier research on identifying and analysing ICT user satisfaction for administration tasks in educational businesses, which has been limited and inconclusive.



	
Providing insights into the key factors that impact user satisfaction in ICT administrative (business) systems.



	
Enabling organisations to make data-driven decisions to improve their ICT systems, better meet user needs and expectations, maximise labour efforts while minimising resources, and identify potential issues earlier.









2. Related Work


This section summarises the literature related to the adoption of ICT in educational organisations especially for administration tasks. Then, it discusses the ML applications in this domain of ICT adoption.



2.1. ICT for Administration Tasks in Educational Organisations


The extensive availability of computers has not only enhanced access to information but has also facilitated communication with others and the creation of new knowledge and cultural artefacts [16]. The study of the effects of ICT and technology on education, curriculum, classroom, and students has been an ongoing area of research for over 20 years [2,17,18].



On the other hand, the literature on the use of ICT in educational organisations for administration purposes is still limited. Studies such as Khalid and Nyvang [19] have aimed to explore the barriers to ICT adoption experienced by stakeholders in educational administration in rural Bangladesh and identify ways to overcome these barriers to facilitate the transformation process. Another study by Qureshi and Abro [20] examined the influence and effectiveness of ICT in administration, and it found that ICT was not as effective as expected due to the lack of appropriate resources, particularly in the form of a management information system with training and monitoring mechanisms. Additionally, Hayes [21] inspected the ways in which teachers are using ICT in their classroom administration practices and found that ICT is mainly being used to support and supplement existing practices. Moreover, these factors are summarised as factors that influenced the users and their attitudes toward the ICT systems [22]. Despite the potential advantages of using ICT for administration tasks in educational organisations, its effectiveness remains under-researched.



ICT systems can facilitate different administration tasks such as communication with different layers in the education sector, assigning marks, circulating new roles or announcements, and attendance monitoring. Different applications and services are currently in use. However, there is no unified framework for the requirement of these ICT systems [23]. Another study about using ICT in schools was conducted in Saudi Arabia. The study aims to improve the utilisation of ICT in schools in the Kingdom of Saudi Arabia by employing a set of strategies. The study focuses on the use of ICT for practical, educational support such as school administration, teaching management, and the preparation of worksheets for student assignments, which is known as supportive ICT use [13]. According to the literature, there is a limitation in the communication between the ICT users and the decision-makers. Moreover, the ICT systems used in education are mainly used for simple tasks such as assigning grades and recording absences. However, the users are still not satisfied with this variety of ICT systems and that has been mentioned in the previous studies. ICT systems can be more powerful tools in educational organisations precisely in the administration tasks [18,24].




2.2. User Satisfaction with ICT Systems


According to the International Organisation for Standardisation (ISO), user satisfaction is defined as “a person’s perception of the degree to which the user’s requirements have been fulfilled” [25]. Users’ satisfaction is often associated with user gratification and can be used as an indicator of the effectiveness of a product or system. In educational organisations, when students, teachers, and staff are satisfied with such tools and systems that they are using, it indicates that these technological tools are meeting their needs and facilitating the accomplishment of their objectives [26].



In the context of ICT, user satisfaction refers to the degree to which individuals or organisations that use ICT tools and systems are satisfied with the features, functionality, and overall performance of those tools and systems. Measuring user satisfaction can help organisations identify areas where their ICT tools and systems may be not meeting the required standards and make improvements to better meet the needs of users. It can also provide valuable feedback on features that are functioning as intended and help guide decisions about future investments in ICT. Overall, user satisfaction is an important concept in the design and evaluation of ICT technologies, as it provides insights into how well an ICT system is meeting the needs of its users and can help guide decisions about future improvements [27].



The satisfaction rate of users with ICT systems in educational institutions serves as an indicator that can offer meaningful insights to stakeholders and decision-makers. This measurement can facilitate the comprehension of users’ needs and preferences and enable an understanding of the factors contributing to their satisfaction. Moreover, stakeholders and decision-makers can identify the underlying issues faced by users in utilising ICT systems by analysing their satisfaction. An illustrative study comparing two secondary schools in China and Canada found that although both schools had comparable ownership and access to ICT devices, the use of ICT for learning and teaching differed substantially between the two. Chinese students relied more on classroom learning, and their teachers did not incorporate and promote ICT outside of the classroom, resulting in limited accessibility to ICT, which substantially affected the participants’ satisfaction [28]. This example highlighted how the analysis of user satisfaction can provide valuable insights into the challenges confronted by users in utilising ICT systems in educational institutions, which can be used by decision-makers to identify areas for improvement to enhance user satisfaction. Another study investigated ICT practices in Malaysian universities, finding that infrastructure, support services, and faculty attitudes significantly contribute to ICT satisfaction in higher education [29].



Furthermore, a multilevel analysis on institutionalised ICT use in primary education was conducted, indicating that school-level factors such as leadership and vision play a significant role in shaping ICT satisfaction [30]. Additionally, a study examined the factors influencing cloud service usage in Malaysian higher education during the COVID-19 pandemic, highlighting the importance of accessibility and reliability for user satisfaction [31]. These studies underscore how user satisfaction analysis can unveil challenges faced by users in utilising ICT systems, enabling decision-makers to identify areas for enhancement to boost satisfaction.




2.3. Machine Learning Models for ICT


ML models have been proven to be highly effective for various applications, including those related to education. These models can identify patterns and trends in data that may not be immediately apparent to human researchers, making them valuable tools for analysis and prediction [32].



Table 1 summarises the most commonly used models in the literature. For example, different algorithms are utilised to predict the student’s academic success, including Random Forest (RF), Support Vector Machine (SVM), Gradient boosting, Decision Tree (DT), Logistic Regression (LR), Linear Regression, Extreme Gradient Boosting (XGBoost), and Artificial Neural Networks (ANNs). They achieved 97% accuracy using XGBoost [33]. Another variant of tree-based algorithms, the Gradient Boosting Machine (GBM), has been used to predict students’ academic performance in Brazil. With the ability to process enormous amounts of data quickly, the GBM was able to accurately predict student performance based on a variety of factors [34].



RF, a tree-based model, along with SVM, is used for comparison with an ANN model in predicting users’ satisfaction regarding massive open online courses based on their purchase experiences.



The results show that SVM and RF had a higher accuracy rate in predicting customer satisfaction compared with the ANN [35]. The success of SVM for classifications is also demonstrated in predicting mental health problems among higher education students. In the study, they used Linear Regression, LR, DT, SVM, Naïve Bayes (NB), k-Nearest Neighbours (KNN), RF, and ANN. Their results show that the SVM algorithm achieved the highest accuracy rate at 96% [36]. Moreover, the attitude of university students towards ICT and mobile technology in India and Hungary is evaluated using ML techniques. The ICT users’ attitude was measured using five levels. Four ML classifiers were used, including an ANN, SVM, KNN, and Discriminant. The results show that the SVM outperformed the other classifiers in predicting students’ attitudes with an accuracy of 98.1% for Hungarian students and 96.6% for Indian students [37].



Neural network models, particularly ANNs with various architectures, have also been successful in academic applications. For example, ANNs were found to be the most effective algorithm, achieving a 75% accuracy rate in identifying slow learners among high school students. The evaluation included models such as NB, Sequential Minimal Optimisation, and tree-based models [39]. Another proposed ANN model for predicting users’ satisfaction in educational organisations during emergency remote learning due to the COVID-19 pandemic in Hong Kong was compared with DT, RF, vanilla ANN, XGBoost, and SVM. The results show that their model achieved 70% accuracy [40]. An investigation paper employed ML to predict students’ success based on final exam scores. Additionally, ML was utilised to forecast students’ satisfaction with their teachers and courses. The authors identified five factors influencing the prediction of student satisfaction and concluded that course attributes had the most significant impact compared with other factors [41]. Overall, ML models have the potential to revolutionise the field of ICT in education by providing valuable insights and predictions that can benefit students, educators and managers alike.



As demonstrated by previous studies [32,33,36,37,40], the integration of ML techniques to predict users’ satisfaction can enhance the decision-making process by enabling stakeholders to understand users’ needs and preferences better and subsequently improve the design, implementation, and maintenance of ICT systems. However, the integration of ML models towards predicting user satisfaction with ICT systems for administration tasks, especially in Saudi education systems, is still unknown. Hence, to fill this gap, this study aims to analyse users’ satisfaction towards Saudi ICT systems in educational organisations for administration tasks.





3. Research Problem Formulation


Figure 1 visualises the problem to be considered in this research. It can be formulated as follows:



Given the following:




	
L number of attributes related to staff’s view about ICT systems aspects in an educational organisation



	
X, where X is a vector of length L, represents the factors.








The aim is as follows:




	
Find   F ( X )   that is a model to map X to Y where   Y ∈ [ 0 , 1 ]   that shows the user satisfaction indicator.



	
Decide the most influential factors that affect the user satisfaction.








This problem is important in order to find a model that can predict user satisfaction to help the IT department in the Ministry of Education by providing a framework to predict and plan for better systems. This can lead to improving the efficiency of the ICT systems and increase their usage in educational organisations. Identifying key importance factors can offer deeper insights into the critical aspects of systems that warrant consideration.



Hence, this study addresses the following research questions (RQs):




	
RQ1: What is the distribution of users’ satisfaction towards ICT systems at educational organisations in Saudi Arabia?



	
RQ2: How can ML models aid in predicting users’ satisfaction towards ICT systems at educational organisations in Saudi Arabia?



	
RQ3: What factors influence users’ satisfaction toward ICT systems at educational organisations in Saudi Arabia?









4. Methodology


This study employs a quantitative research methodology to investigate user satisfaction with ICT systems in educational organisations in Saudi Arabia. Figure 2 illustrates the structured approach taken in this study. It has three main phases: (1) dataset collection, (2) prediction calculation, and (3) prediction analysis.



4.1. Dataset Collection


To obtain a more targeted evaluation of users’ satisfaction, this study adopted a questionnaire survey targeting educational organisations in Saudi Arabia. The survey link and QR code were distributed through social media platforms, where many users are active. Additionally, communication was established with the Ministry of Education in Saudi Arabia to seek cooperation in distributing the questionnaire to the targeted participants. Given that Arabic is the main language in Saudi Arabia, the survey questions were provided in both English and Arabic to facilitate easier and more convenient participation.



The study commenced with an informed consent process, wherein participants were presented with a consent form outlining the research objectives and confirming that participants were above 18 years of age. This process is essential to ensure that participants are fully informed about the nature of the study and voluntarily participate. Informed consent is a fundamental ethical requirement in any research study, as it helps protect participants’ rights while establishing trust between researchers and participants. Moreover, anonymity was a key requirement in the study design, ensuring that the survey maintained participants’ privacy and confidentiality.



The survey encompassed various factors related to the use of ICT in educational organisations in Saudi Arabia for administrative purposes. After reviewing the relevant literature, the questionnaire was structured into five sections, as shown in Table 2. The questions aimed to capture factors affecting ICT users’ satisfaction, including IT support, privacy, security, and communication, in addition to demographic information about the participants. Specific areas covered by the questions included the adequacy of IT support, the effectiveness of security measures, the ease of use of ICT systems, and the efficiency of communication facilitated by ICT. All measurements in the survey were based on Likert scales, with responses initially captured on a 5-point scale. To address potential class imbalances that could affect the ML models, the responses were recoded into a 3-point scale: ‘Strongly Agree’ and ‘Agree’ were combined into ‘Yes’; ‘Strongly Disagree’ and ‘Disagree’ were combined into ‘No’; and ‘Neutral’ was retained as ‘I do not know’.



The survey contains various factors about using ICT at educational organisations in Saudi Arabia for administration purposes. After sorting and analysing the relevant literature, the questionnaire is designed with five parts, as it is shown in Table 2. The questions in the questionnaire reflect factors that affect the ICT users’ satisfaction, such as the IT support provided, privacy, security, and communication. Appendix A discusses the details of the survey.



Dataset Validity and Reliability Measures


In order to evaluate the distribution of participant responses regarding the factors influencing their satisfaction with the usage of ICT, it is important to measure the validity and reliability of the study instrument. This step is crucial in ensuring the quality and accuracy of the research findings. In this study, three commonly used measures were employed to evaluate the validity and reliability of the research instrument. These measures are (1) Cronbach’s Alpha, (2) Split-Half Method, and (3) Exploratory Factor Analysis.




	
Cronbach’s Alpha: Cronbach’s alpha is a widely recognised statistical measure for evaluating the internal consistency reliability of a research instrument. It gauges the degree of inter-relatedness among the items on the instrument, ensuring that they collectively produce consistent outcomes. In this study, Cronbach’s alpha was computed as part of the initial analysis to ascertain the dataset’s consistency and validity. The value obtained for the survey instrument was 0.894, significantly surpassing the commonly accepted threshold of 0.7, indicating a high level of internal consistency [42,43].



	
Split-Half Method: To further validate the reliability of the survey, the Split-Half Method was utilised, resulting in a reliability coefficient of 0.86. This corroborates the internal consistency of the survey items, reinforcing the reliability of the instrument [44].



	
Exploratory Factor Analysis: This analysis was conducted to assess the construct validity of the survey. It verified the aggregation of the survey items into coherent factors, consistent with the theoretical constructs being measured. The Kaiser–Meyer–Olkin measure of sampling adequacy was determined to be 0.82, and the Bartlett’s Test of Sphericity was significant (p < 0.001), indicating the suitability of the data for factor analysis [45,46].








These comprehensive validity and reliability measures collectively bolster the robustness of the survey instrument and enhance the credibility of the research findings related to the factors influencing participants’ satisfaction with ICT usage.





4.2. Prediction Calculation


This phase of the study entails predicting ICT user satisfaction, utilising the dataset collected from the previous phase. This is performed through the implementation of various ML algorithms. The users’ satisfaction prediction is the target feature in this study, it is denoted by   ( Y )   which is the dependent variable and the estimated value of Y is denoted by    Y ^   . Different models are fed with the encoded values of the captured measurements to calculate the prediction. These factors are shown in Table 3.



The dataset is split into training and validation sets with a training size of 80% and a validation size of 20%. Before building the ML models, the data are normalised using minimum maximum normalisation to scale the features to a range of 0 to 1. This is performed separately for both the training and validation sets. The ML models included are Random Forest (RF), CatBoost Classifier (CBC), Decision Tree (DT), k-Nearest Neighbors (KNN), Support Vector Machine (SVM), Ridge Classifier (RC), Logistic Regression (LR), Gaussian Process Classifier (GBC), Naïve Bayes (NB), and Artificial Neural Networks (ANNs).




	
RF is an ensemble learning method that constructs multiple decision trees at training time and outputs the class that is the mode of the classes (classification) or the mean prediction (regression) of the individual trees. We used an RF model with 100 trees and the ‘entropy’ criterion to measure the quality of a split.



	
CBC, advantageous for its handling of categorical data, is utilised with default parameters but with a specific focus on depth optimisation (depth = 6) to ensure model complexity was balanced against its predictive accuracy.



	
The DT model is used with the default parameters. The entropy function was used for determining the best split at each node, aiming to maximise information gain.



	
KNN is a nonparametric classification algorithm that classifies a new instance based on its closest neighbours in the training dataset. In this study, the ‘brute’ method is employed with three neighbours in the KNN model. The ‘brute’ algorithm calculates distances between all pairs of data points, which is particularly suitable for small datasets. Interestingly, the accuracy of this model reached its peak performance when utilising three neighbours; any deviation from this number resulted in noticeably lower classification results.



	
SVM is a binary classification algorithm that finds a hyperplane in a high-dimensional space that maximally separates the two classes. We used an SVM model with a radial basis function kernel and a regularisation parameter of 1.0. This kernel is commonly used in SVMs for nonlinear classification problems, while the regularisation parameter controls the balance between model complexity and error.



	
The RC model is employed primarily for its efficiency and simplicity, with an alpha parameter of 1.0 to control model complexity through regularisation.



	
LR is applied with an L2 penalty and a regularisation strength of 1.0, providing a solid foundation for modelling binary outcomes and examining the influence of individual predictors.



	
The GPC model is chosen for its flexibility and nonparametric nature, using a default radial basis function kernel. This model excels in providing probabilistic predictions, which are invaluable for understanding prediction confidence levels.



	
NB is a probabilistic classification algorithm that uses Bayes’ theorem to predict the probability of a target variable. The used implementation for the NB is with a variance smoothing parameter of 1   ×   10  − 8    . The variance smoothing parameter is used to avoid probabilities of zero in cases where the variance of the predictors is zero.



	
An ANN model is a type of neural network that consists of multiple layers of interconnected nodes; it has the potential to learn complex nonlinear relationships between input and output variables. This model is used with three hidden layers of ten nodes each, as well as the ‘tanh’ activation function. Also, in this model, the batch size is 32, with early stopping and the ‘Adam’ solver with an ‘adaptive’ learning rate.








All models were trained and validated using 5-fold cross-validation, and their performance was evaluated based on various metrics, including accuracy, precision, recall, and F1-score. The best-performing model was selected based on its overall performance and its ability to balance between precision and recall [47].




4.3. Prediction Analysis


This stage is dedicated to identifying the factors that influence user satisfaction by analysing the predictions made in the previous stage. It is important to emphasise that the phases of this study are interconnected. The data collected in Section 4.1 form the basis for the predictions and subsequent analysis in Section 4.2 and Section 4.3.



In this phase, the SHapley Additive exPlanations (SHAP) algorithm is utilised to elucidate the importance of various input factors in determining the predicted level of satisfaction. SHAP provides an interpretable model that quantifies the contribution of each feature to the predicted outcome. This interpretability is crucial for identifying the key factors that drive user satisfaction. By understanding these factors, we can gain insights into how to enhance user satisfaction and improve the overall user experience.



The SHAP algorithm offers both global and local interpretability:




	
Global Interpretability: This provides an overview of the importance of each feature across all predictions. It helps in understanding the overall impact of different features on user satisfaction.



	
Local Interpretability: This offers insights into the contribution of each feature to individual predictions. It enables a detailed analysis of how specific features influence the satisfaction level of individual users.








The application of the SHAP algorithm in this study allows for a comprehensive analysis of the factors affecting user satisfaction with ICT systems in educational organisations. By identifying these factors, we can inform decision-making processes and implement targeted interventions to improve user satisfaction.





5. Results and Discussion


This section is devoted to discussing the results of the data collection and prediction process. Specifically, The study’s results shed light on users’ satisfaction towards ICT systems in Saudi Arabia and the factors that drive this satisfaction. The use of ML models proved effective in predicting users’ satisfaction levels, and the study’s findings highlight the importance of several key factors, including infrastructure, IT support, communication, and training. The following sections provide a detailed discussion of these findings and their implications for improving the overall user experience of ICT systems at educational organisations in Saudi Arabia.



5.1. Distribution of User Satisfaction


This section directly addresses RQ1 by providing empirical data on user satisfaction. The research study received a total of 1721 responses. In order to ensure that the data collected was of high quality and accurately reflected the research objectives, a comprehensive process was employed to assess the validity of the responses. This involved a thorough review of the responses, which included checking for completeness, accuracy, and relevance. Following this assessment, a total of 1273 responses were deemed to be suitable for inclusion in the analysis, while 448 responses were excluded based on predetermined inclusion criteria. The exclusion reasons included incomplete or partial responses, or responses that did not meet the study’s eligibility criteria, such as participants not meeting age or geographical requirements, and responses that contained invalid or inconsistent data. In total, 605 are satisfied with the current ICT systems and 668 are not satisfied. Ensuring a balanced distribution within a dataset is crucial, as it significantly influences the performance of predictive models [48]. This study observes a nearly equitable distribution among participants, with the satisfaction rates being approximately equal, indicative of a 50:50 split.



Table 4 displays the distribution of participants based on their gender, education level, and job position. The sample consists of 1273 individuals, with 51% male, 48% female, and 1% preferring not to say. The majority of participants hold a bachelor’s degree (56%), followed by a master’s degree (16%) and secondary school (12%). The data indicate that teachers constitute the highest participation rate (59%), followed by the ’other’ category (11%), administrative assistants (17%), school deputy headmasters (5%), and principals (8%). These findings highlight the significance of teachers as the largest group of participants and the need to consider their perspectives in interpreting the study’s results. The distribution of participants by gender, education level, and job position provides important insights for researchers and practitioners in the education field.




5.2. Predictive Power of ML Models


This subsection tackles RQ2, demonstrating the utility of ML in forecasting user satisfaction. The performance of various algorithms is evaluated using accuracy, precision, recall, and F1-score [49]. Table 5 shows the performance of various machine learning algorithms in predicting ICT users’ satisfaction with the administration of educational institutions. The results in the above table are ranked based on the accuracy rate. However, it is important to note that accuracy alone does not always provide a complete picture of the model’s performance [50]. The highest accuracy score is achieved by the RF algorithm, followed by CBC and DT. The RF algorithm performs better than any other algorithm. RF is a useful algorithm in prediction studies [51]. In this study, the RF algorithm archives a 95% accuracy rate in ICT users’ satisfaction prediction. This is the highest score in this study. Also, RF archives a high rate in other measurements like precision, recall, and F1-score (Ho et al., 2021 [40]). This indicates its ability to balance precision and recall, which is in line with previous studies that reported the effectiveness of this algorithm in predicting user satisfaction [52].



Moreover, the SVM algorithm achieved high scores, which is consistent with previous studies that have found SVM to be effective in identifying users’ satisfaction [33,53]. The F1-score is a measure of the algorithm’s ability to balance precision and recall. Precision measures the number of correct positive predictions out of all positive predictions, while recall measures the number of correct positive predictions out of all actual positive instances. The RF algorithm’s superior F1-score suggests that it accurately identifies both true positives and true negatives [49]. Table 5 above shows that RF has the highest F1-score (94.468%), while NB has the lowest F1-score (88.703%). For the precision metric, which measures the proportion of true positives among all positive predictions, we can see that CBC has the lowest precision score (92.500%), while RF has the highest precision score (94.068%). In contrast, DT has the lowest precision score (89.600%) [54].



Overall, the ’black box’ nature of ML models makes it difficult to understand how they make predictions and create issues in fields such as healthcare and finance. Explainable Artificial Intelligence (XAI) refers to the technique that enhances the interpretability of ML models, allowing users to understand why the model generates certain predictions and identify biases or errors [55] XAI methods range from simpler techniques such as feature importance analysis and decision trees to more complex methods such as LIME and SHAP [56]. In this study, SHAP is used to explain the model, revealing the hidden factors influencing ICT users’ satisfaction.




5.3. Factors Influencing User Satisfaction


This section delves into the analysis of factors that affect user satisfaction, drawing on the data analysis and ML model insights. This section answers RQ3 by identifying and discussing the significant determinants of satisfaction.



The key factors that impact user satisfaction with ICT systems in educational settings include the quality of infrastructure, the effectiveness of IT support, the clarity of communication, and the availability and quality of training.



The data are used to evaluate the effectiveness of existing infrastructure and inform the decision making regarding future infrastructure improvements. Figure 3 presents the results of a survey conducted on participants regarding infrastructure measurements; the questions are discussed in Table A2. The survey consists of five questions, with the corresponding responses being ’Yes’, ’No’, or ’I do not know’. The table displays the percentage distribution of responses for each question. For instance, for the first question, 48.08% of respondents answered ’Yes’, while 31.97% responded with ’No’, and 19.87% indicated ’I do not know’. The table provides valuable insights into the participants’ perceptions regarding infrastructure measurements, revealing the percentage distribution of responses for each question. Infrastructure has a strong relationship with the usage of ICT systems [57]. The reliable and strong infrastructure can attract and make the users’ experience better [58]. These measurements reflect the elements that should be in the infrastructure [1].



Training is enabling ICT users to acquire the knowledge and skills necessary to effectively use ICT systems in their daily tasks and improve the outcome efficiency. Training programs are helping users to learn by doing and applying ICT systems in real-world scenarios and enhancing their skills and knowledge [59]. In addition, training is a powerful tool that is used to increase ICT users’ convenience. Training enables users to use ICT systems more effectively in a wider range of tasks, find creative solutions to complex problems, and increase their overall productivity and efficiency. As the users receive more training, this makes them engage more in using ICT [60]. Training is crucial for keeping ICT users up to date with the latest advancements and changes in ICT systems. As technology is rapidly evolving, it is helping users to stay informed and educated about the latest trends and innovations. Additionally, training improves the users’ trust in ICT systems and therefore it will be used increasingly.



This study examined the training measurement based on enough training and previous experiences, as explained in Table A3. Based on the survey results that are shown in Figure 4, the current training is not matching the users’ needs. Only about 16% think they received enough training, while around 62% of the participants answered they did not receive enough training on using ICT. A further 22% answered they did not receive any kind of training about using ICT systems to perform their duties.



Training contributes to the experience of ICT users as they learn to perform and apply the ICT systems in their daily tasks professionally. Based on the survey measurements regarding previous experiences and training, around 51% of the ICT users in Saudi Arabia answered their previous experiences did not help them use ICT systems. This highlights the effective training programs that must be tailored to the needs of ICT users [61]. Training programs that are based on hands-on applications and that offer opportunities for continuous learning and feedback are more effective. This is encouraging the ICT users can adapt their previous experience [22].



ICT systems act as a way for users and stakeholders to talk with a wide variety of other workers. This process of communication improves teamwork among users and stakeholders, reduces confusion, and boosts user engagement [62]. Figure 5 shows the results of studying how communication works in this context, with the related questions discussed in Table A5. About 64% of the people surveyed think that the current ICT systems in Saudi Arabia do not let them share their suggestions or questions. Also, around 16% are not sure if the existing ICT systems allow them to give any feedback or suggestions. The outcomes from studying communication suggest that 66% of ICT users in Saudi Arabia are not confident about using ICT systems for talking to others. Only 21% of the people taking part agreed that ICT systems have helped them communicate better.



Without trustworthy ways to communicate, users cannot share what they need from ICT systems. This affects how happy they are and makes them rely less on ICT systems for their everyday tasks, like talking to others [63]. Moreover, communication problems affect how efficiently users can work because the current ICT systems are not a dependable method for talking to others. This means users spend more time on communication by using alternatives that might not be reliable.



5.3.1. Correlation Analysis


Correlation analysis is a widely used statistical technique for examining the relationship between two continuous variables, such as satisfaction and its associated factors. A positive correlation indicates that an increase in the value of one variable is associated with an increase in the value of the other variable. In addition, it helps in assessing the reliability and validity of the dataset. Moreover, in this paper, the correlation test is used to understand the relationship between input features and the target variable. The results reveal that satisfaction had a strong positive correlation with usability (0.57), previous experience (0.48), security (0.45), privacy (0.41), training (0.36), and communication (0.31). Additionally, weak positive correlations were observed between satisfaction and other features, as depicted in Figure 6. These findings suggest that improving these features could increase user satisfaction and provide insights for designing better systems.




5.3.2. Interpreting Model Results with SHAP


The utilisation of SHAP allows the interpretation of the model’s results globally and locally. Figure 7 summarises the interpretations of the RF model’s results. It is clear that usability is the most important feature that affects users’ satisfaction. This result indicates that ICT usage in Saudi educational institutions is highly affected by the systems’ usability. The usability of a system can significantly impact user satisfaction, engagement, and overall effectiveness [62]. A system with good usability allows users to interact with it easily, efficiently, and effectively, leading to a positive user experience and increased usage [62]. It is proved that usability is highly associated with the users’ satisfaction as it reflects their engagement and attitude toward the ICT systems [64]. Hence, developers and decision-makers should give more attention to the usability of such systems.



Infrastructure is an important factor for ICT users’ satisfaction. Based on the analysis it is found that usability, privacy and security are the most important features. Privacy and security concerns impact user attitudes towards using ICT systems. If the system does not guarantee these features, it is more likely to not be used, and users might use alternative solutions, such as third-party systems. In fact, this is a common issue in Saudi educational organisations [1]. It is found that Saudi users maintain social media platforms as the most used communication platform for educational organisations. This can threaten the users’ and organisations’ confidential information [65].



The IT support availability seems to be more important than the hardware maintenance for Saudi users. IT support is also an essential feature that impacts ICT users’ satisfaction with using ICT systems and their trust in the institution providing the system, as shown in Figure 2. Therefore, IT support must also be considered in the design and development of ICT systems in educational institutions. Users rely on IT support to help them navigate technical issues, troubleshoot problems, and ensure that the system operates smoothly. This support helps users overcome technical difficulties and ensures that they can use ICT systems with ease [66]. Having reliable IT support enhances the ICT users’ efficiency, and this leads to reducing the wasting time and effort this attracts more users and satisfies their needs. IT support instructs users and guides them to improve their performance. This is due to the experience the IT support team have [67]. When ICT users do not receive the adequate IT help they need, they are more likely to seek alternative solutions, such as third-party support. For example, if users encounter technical problems and cannot obtain timely and effective support, they may lose valuable work time, leading to frustration and reduced productivity. Furthermore, if users start using unauthorised third-party support, the institution could lose control over the users’ data, leading to a breach of security [68]. The availability of reliable and effective IT support influences user attitudes towards using ICT systems. This has significant implications for users’ satisfaction, productivity, and the organisation’s overall IT infrastructure. The IT support attracts the ICT users to use the systems more often, and consequently, they will start learning and educating themselves to always be up to date with the latest version of the ICT systems [69].



Figure 8 presents a typical user, where IT support is the most important feature that influences the satisfaction of the ICT users in Saudi Arabia educational organisations [70]. The IT support increases the usage of the ICT systems, and this enhances the administration tasks in educational institutions in Saudi Arabia. Next, communication is also affecting ICT users’ satisfaction in Saudi Arabia. This is also shown in Figure 8. The users’ satisfaction is affected when they cannot raise or propose any suggestions to the higher departments. In addition, their suggestions should be treated critically due to their direct interaction with the ICT systems [71].



Figure 9 displays how an ICT user expresses satisfaction with the system. It outlines how various system features contribute to the user’s satisfaction, with security being the most important feature in this instance. This highlights the significance of security as a determinant of user satisfaction and its potential impact on users’ experience. Notably, especially in light of recent information leaks that overshadow ICT systems, the prevalent user concern is their information privacy. Therefore, understanding user preferences regarding security features can help developers create systems that better align with user needs, leading to greater satisfaction and trust in ICT systems [72].



Usability is another feature influencing ICT user satisfaction with the system. The ease of use of ICT systems can influence user engagement, leading to positive or negative experiences. Users’ perceptions of usability depend on factors such as system complexity, user interface design, and accessibility, among others. Therefore, developers should prioritise user-centred design and testing to ensure that ICT systems are intuitive and easy to use. By doing so, developers can increase user satisfaction with ICT systems, leading to improved adoption and user retention [73].



Overall, the prioritisation of these features during the design and development of ICT systems in educational institutions is essential, as it influences users’ satisfaction and their inclination to use the ICT systems, as well as their trust in the institution. Failure to address the users’ concerns may lead to users seeking alternative unauthorised third-party solutions, resulting in significant implications for users’ satisfaction, productivity, and the organisation’s IT infrastructure. Therefore, institutions must ensure that adequate ICT systems and IT support are available to users. This includes timely response to support requests, knowledgeable and skilled support staff, and clear communication regarding system maintenance and upgrades [74]. SHAP is highly useful for identifying which features individually affect the prediction and ICT users’ satisfaction. This tool offers more detailed information about each individual case concerning ICT systems.






6. Conclusions


This study aimed to predict ICT users’ satisfaction in Saudi Arabian educational organisations using ML techniques. The results show that RF and CBC achieved the highest accuracy rate of 94.9% and 94.1%, respectively, followed by DT and KNN with an accuracy rate of 92.9% and 92.2%, respectively. The other algorithms also demonstrated varying degrees of performance, with the lowest accuracy rate of 90.2% achieved by the ANN. Additionally, some algorithms showed higher precision than recall, while others showed the opposite pattern. Overall, RF, CBC, DT, and KNN proved to be effective ML algorithms for predicting ICT users’ satisfaction. LR, which achieved an accuracy rate of 91.4%, was found to be suitable for binary classification tasks like the one evaluated. However, its limitations in terms of linearity and independence between predictor variables need to be considered for future analysis. Also, the limited number of participants makes it hard to obtain a full understanding. Overall, this study highlights the potential of machine learning techniques in predicting ICT users’ satisfaction, informing decision making in higher education departments to enhance the quality of education and users’ experience. In the future, this framework could be used to develop a new tool for predicting users’ satisfaction with ICT systems.



This study is subject to several limitations that should be considered when interpreting the findings. First, the research is centred around educational organisations in Saudi Arabia, thus the generalisability of the results to other geographical or cultural contexts may be limited. Additionally, the conclusions drawn are based on data from a specific array of ICT systems implemented for administrative purposes within these organisations. Therefore, our findings might not be directly transferable to different types of ICT systems or to systems utilised in dissimilar contexts of application. Another constraint relates to the dataset size. The volume of data available after preprocessing was relatively small, which could lead to potential overfitting when training more complex ML models, such as ANNs. This was evident in the lower accuracy observed in the ANN model. It is suggested that future research should investigate these phenomena across diverse cultural and educational landscapes to enhance the robustness of the findings. Moreover, further studies could expand upon the range of ICT systems examined and explore user satisfaction in varying operational environments.
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Appendix A


The questionnaire includes demographic questions about the participants. All measurements in this tool are built based on the Likert scales to measure and count the participants’ responses [75]. The study measurements are built on a 5-point Likert scale. However, to avoid unbalanced classes that could affect the ML Models the measurements are recoded into a 3-point Likert scale. This was carried out as follows: the ‘Strongly Agree’ and ‘Agree’ classes were changed to ‘Yes’. The ‘Strongly Disagree’ and ‘Disagree’ classes were changed to ‘No’. The ‘Neutral’ class was changed to ‘I do not know’. This step helps have balanced classes and be suitable for ML algorithms.



Table A1 describes the measurement fields for the demographic questions. The first field (Q1) pertains to the participant’s gender, with response options of ‘Female’; (coded as 1), ‘Male’ (coded as 2), or ‘Prefer not to say’ (coded as 3). The second field (Q2) asks about the participant’s level of education, with response options ranging from ‘primary degree’ (coded as 1) ‘intermediate degree’ (coded 2), ‘secondary degree’ (coded 3), ‘diploma degree’ (coded 4), ‘bachelor degree’ (coded 5), ‘master degree’ (coded 6), ‘PhD degree’; (coded 7), and ‘other’ (coded 8). The third field (Q3) asks about the participant’s role in the education sector, with response options that include ‘school principal’ (coded as 1), ‘school deputy headmaster’ (coded as 2), ‘teacher’ (coded as 3), ‘administrative assistant’ (coded as 4), and ‘other’ (coded as 5). These fields and their corresponding ranges were carefully chosen to collect key demographic information about the participants that is relevant to the study’s aims. The use of Likert-type category scales enables the participants to provide their responses in a clear and concise manner, allowing for accurate and efficient data collection.





 





Table A1. The demographic measurements.






Table A1. The demographic measurements.





	Fields
	Discerption of the Measurement





	Q1
	What is your gender?



	Q2
	What is your education level?



	Q3
	What is your role?








Table A2 outlines a set of measurements related to the infrastructure, including Q1 to Q5. Q1 measures whether the current ICT systems provided by the Ministry of Education in Saudi Arabia maintain users’ privacy, with response options of ‘Yes’, ‘No’, or ‘I do not know’. Q2 measures the frequency of using third-party software, with response options of ‘Yes, always’, ‘Yes, sometimes’, or ‘No, never’. Q3 examines whether the systems and programs provided by the Ministry of Education have negatively affected participants’ task performance due to Internet connection issues, with response options of ‘Yes, always’, ‘Sometimes’, or ‘No, never’. Q4 assesses whether the systems and programs provided by the Ministry of Education are safe to use. The response options for Q4 are ‘Yes’, ‘No’, or ‘I do not know’. Finally, Q5 investigates whether the systems and programs provided by the Ministry of Education have an easy-to-use interface, with response options of ‘Yes’, ‘No’, or ‘I do not know’. These measurements are designed to provide structured and relevant data for the study’s research questions and objectives. The use of Likert-type category scales in these measurements ensures that the participants’ responses are clear and easy to analyse.



Table A3 shows the measurements related to training on the use of ICT systems provided by the Ministry of Education in Saudi Arabia. Q1 measures the availability and appropriateness of training offered to the participants, with response options of ‘Yes, always’, ‘Yes, sometimes’, or ‘No, never’. Q2 evaluates the adequacy of previous experiences in dealing with the programs and systems provided by the Ministry of Education, with response options of ‘Yes’, ‘No’, or ‘I do not have any previous experience’. These fields were carefully selected to assess the effectiveness of the training programs and the participants’ preparedness in utilising the ICT systems in their daily administration tasks. The use of a Likert scale allows for the recording of responses on multiple levels, facilitating data analysis and the identification of areas for improvement. The responses to these questions provide insights into the effectiveness of the training programs and any gaps that need to be addressed to enhance participants’ proficiency in using ICT systems.
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Table A2. Infrastructure measurements.





	Fields
	Discerption of the Measurement





	Q1
	The currently provided ICT systems maintain the users’ privacy.



	Q2
	You need to use third-party software.



	Q3
	Your performance of tasks has been negatively affected when using the systems and programs provided by the Ministry of Education due to the Internet connection.



	Q4
	The systems and programs provided by the Ministry of Education are safe to use.



	Q5
	The systems and programs provided by the Ministry of Education are characterised by an easy-to-use interface.










 





Table A3. Training measurements.






Table A3. Training measurements.





	Fields
	Discerption of the Measurement





	Q1
	You get enough training to use current ICT systems.



	Q2
	Previous experiences have helped you in dealing with programs and systems provided by the Ministry of Education.








Table A4 lists the measurement fields for questions related to IT support and its effectiveness in the education sector. The first field (Q1) inquiries about whether there is enough IT support available for the current ICT systems provided by the Ministry of Education, with response options of ‘Yes always’ (coded as 1), ‘Yes sometimes’ (coded as 2), or ‘No never’ (coded as 3). The second field (Q2) asks whether the participants’ performance in completing administrative tasks has been negatively affected due to the IT support, with response options of ‘Yes always’ (coded as 1), ‘Yes sometimes’ (coded as 2), or ‘No never’ (coded as 3). The third field (Q3) measures whether the IT support provided has helped the participants solve problems related to the ICT systems, with response options of ‘Yes always’ (coded as 1), ‘Yes sometimes’ (coded as 2), or ‘No never’ (coded as 3). These measurement fields were carefully designed to assess the effectiveness of the IT support provided in the education sector and to gather data on the participants’ experiences with it. The Likert-type category scales used for each question enable the participants to provide nuanced responses that accurately reflect their experiences, allowing for a thorough analysis of the data collected.



Table A5 presents the fields and corresponding domains used to collect data on participants’ perceptions of current ICT systems within their education organisation. The first field (Q1) assesses whether the current ICT systems help participants communicate with other members of their organisation, with response options of ‘Yes always’ (coded as 1), ‘Yes sometimes’ (coded as 2), or ‘No never’ (coded as 3). The second field (Q2) examines whether the current ICT systems assist participants in communicating with higher departments, with response options of ‘Yes always’ (coded as 1), ‘Yes sometimes’ (coded as 2), or ‘No never’ (coded as 3). The third field (Q3) measures whether the current ICT systems have increased communication between decision-makers and users, with response options of ‘Yes always’ (coded as 1), ‘Yes sometimes’ (coded as 2), or ‘No never’; (coded as 3). These fields and their corresponding ranges were carefully selected to gauge participants’ attitudes toward the effectiveness of current ICT systems within their education organisation. The use of a Likert-type response format enables participants to provide their perceptions in a straightforward and structured manner, allowing for efficient and accurate data collection.
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Table A4. IT support measurements.





	Fields
	Discerption of the Measurement





	Q1
	Your performance in completing administrative tasks has been negatively affected due to IT support.



	Q2
	Your performance in completing tasks has been negatively affected due to the lack or delay in proper periodic maintenance of equipment, devices and systems provided by the Ministry of Education.










 





Table A5. Communication measurements.






Table A5. Communication measurements.





	Fields
	Discerption of the Measurement





	Q1
	The current ICT systems help you for the internal communication.



	Q2
	The systems and programs provided by the Ministry of Education have helped you for the external communication.








The final question in the survey elicits participants’ overall user satisfaction with the current ICT systems within their education organisation. Participants are asked to rate their satisfaction level using a two-point response scale, with response options of ‘satisfied’ (coded as 1) or ‘not satisfied’ (coded as 2). This question was included to provide a holistic view of participants’ perceptions of the current ICT systems and to help identify areas for improvement. The use of a binary response format enables participants to provide a clear and concise response, while also facilitating efficient data collection and analysis. Overall, this question provides valuable insights into participants’ overall satisfaction with the ICT systems, which can inform future efforts to improve the effectiveness and usability of these systems within educational organisations.
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Figure 1. Conceptual framework summarising the research problem formulation; using the factors resulting from the relationship between various stakeholders and their usage of ICT systems in educational organisations to build a prediction model. 
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Figure 2. An overview of the research methodology. 
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Figure 3. Distribution of Participants’ Responses to Infrastructure Measurements. 
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Figure 4. Distribution of participants’ responses to training measurements. 
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Figure 5. Communication measurements with current ICT systems in education institutions in Saudi Arabia. 
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Figure 6. Correlation heatmap of user satisfaction and factors such as usability, security, and training. 
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Figure 7. Global interpretation of factors affecting ICT users’ satisfaction. 
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Figure 8. Features that affect the degree of satisfaction of typical users in Saudi Arabia educational organisations. 
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Figure 9. The effective features identified using SHAP for user satisfaction. 
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Table 1. Summary of commonly used ML Models in the literature.
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	ML Model
	Application
	Key Findings





	Tree-based models e.g.,

Decision Trees (DT),

Random Forest (RF), Gradient

Boosting Machine

(GBM), Extreme Gradient

Boosting (XGBoost) and others
	Predicting academic success [33].

Predicting academic success

and user satisfaction [35].

Predicting students’ academic

performance [34].
	Demonstrated high accuracy in

predicting outcomes, comparable

to SVM in certain contexts.

Efficient in processing large datasets

to accurately predict performance.



	Support Vector Machine (SVM)
	Predicting academic success,

user satisfaction, and mental health

problems [36,37].
	Achieved high accuracy rates,

outperforming other models in

predicting students’ attitudes.



	Logistic Regression (LR)

and Ridge Classifier (RC)
	Predicting mental health problems [36].

predicting student dropout in a massive

open online courses [38]
	Commonly used alongside

other models for varied

predictive tasks. Simple

and efficient.



	Artificial Neural Networks (ANN)
	Predicting slow learners and user

satisfaction during remote learning [39,40].
	Effective in identifying slow

learners and predicting satisfaction

with varying accuracy.



	k-Nearest Neighbours (KNN)
	Analysing mental health issues among

students [36].
	Accurately used for classifying user

responses.










 





Table 2. The questionnaire direction.
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	Area of Investigation
	Content of Investigation





	Demographics
	Gender, Education level, and Role



	Infrastructure
	Privacy, Third-party, Internet connection,

Security, and Usability



	Training
	Training and Previous experience



	IT support
	IT support and Maintenance



	Communication
	Communication and Suggestions










 





Table 3. The encoded prediction measurements.
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	Variable
	Measurement
	Variable
	Measurement





	   X 1   
	Gender
	   X 8   
	Usability



	   X 2   
	Education level
	   X 9   
	IT support



	   X 3   
	Role
	   X 10   
	Maintenance



	   X 4   
	Privacy
	   X 11   
	Training



	   X 5   
	Third party
	   X 12   
	Previous experience



	   X 6   
	Security
	   X 13   
	Communication



	   X 7   
	Internet connection
	   X 14   
	Suggestion










 





Table 4. Demographic Profile and Role Distribution Among Survey Respondents.






Table 4. Demographic Profile and Role Distribution Among Survey Respondents.





	
Gender

	
Male

	
Female

	
Prefer not to say




	
51%

	
48%

	
1%




	
Education

level

	
Primary

school

	
Intermediate

school

	
Secondary

school

	
Diploma

	
Bachelor

	
Master

	
PhD

	
Other




	
0.32%

	
0.95%

	
11.70%

	
7.77%

	
56.16%

	
16.49%

	
6.12%

	
0.47%




	
Role

	
Principal

	
School Deputy-headmaster

	
Administrative Assistant

	
Teacher

	
Other




	
8%

	
5%

	
17%

	
59%

	
11%











 





Table 5. Performance of machine learning algorithms in predicting ICT users’ satisfaction in relation to the administration of educational institutions in percentage.
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	Algorithm
	Accuracy
	Precision
	Recall
	F1-Score





	1
	RF
	94.902
	94.068
	94.872
	94.468



	2
	CBC
	94.118
	92.500
	94.872
	93.671



	3
	DT
	92.941
	89.600
	95.726
	92.562



	4
	KNN
	92.157
	90.756
	92.308
	91.525



	5
	SVM
	92.157
	92.174
	90.598
	91.379



	6
	RC
	91.765
	90.000
	92.308
	91.139



	7
	LR
	91.373
	89.256
	92.308
	90.756



	8
	GPC
	91.373
	89.916
	91.453
	90.678



	9
	NB
	90.588
	88.430
	91.453
	89.916



	10
	ANN
	90.196
	90.351
	88.034
	89.177
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