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Abstract: The rise in the need to make decisions in the educational system based on data has led 

to the application of sophisticated data analysis methods like Partial Least Squares Structural 

Equation Modelling (PLS-SEM) and Artificial Intelligence (AI). Nevertheless, their joint use is not 

yet widespread, especially in resource-limited scenarios. This paper suggests and illustrates a 

unified methodological framework of applying PLS-SEM and AI via a simulation-based method. 

The explanatory modelling and machine learning (Random Forest) of synthetic data to represent 

key educational constructs were performed using PLS-SEM and machine learning, respectively. 

The results of the PLS-SEM showed that there were strong correlations between constructs 

(satisfaction, student engagement, and institutional support) that described 54% of the variance 

in academic performance. The AI model had a better predictive accuracy (R2 = 0.71), as compared 

to the PLS-SEM model. The integration had complementary and consistent results. The research 

shows that the combination of PLS-SEM and AI increases the explanatory and predictive power. 

The framework is specifically applicable to resource-limited settings and provides viable advice 

to education researchers. 

Keywords: artificial intelligence, education research, PLS-SEM, predictive analytics, resource-

constrained contexts, simulation 

 

 

INTRODUCTION 

 

The growing movement toward using data-driven decision-making in the education sector has 

served to drive the uptake of sophisticated analytical tools that are able to encompass a variety of 
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relationships and produce insights that can be put into action. Out of these methods, Partial Least 

Squares Structural Equation Modelling (PLS-SEM) and Artificial Intelligence (AI) have become 

widely used methods of analysing educational data. PLS-SEM is known to provide the capability 

of modelling latent constructs and testing theoretical relationships, whereas AI methods are good 

at predictive modelling and pattern recognition (Hair et al., 2019; Richter & Tudoran,  2024; 

Zawacki-Richter et al., 2019). Although these methods have their own advantages, they are mostly 

used in isolation and their ability to give detailed information with both explanatory and predictive 

capabilities is curtailed (Ayad, 2025; Oji and Alordiah, 2024; Magasi, 2025). 

 

In the field of education research, it is important to analyse the relationships between constructs 

like student engagement, student satisfaction, institutional support and academic performance to 

enhance the learning process and policy making (Enokela et al., 2026). The flexibility of PLS-

SEM and limited distributional assumptions as well as its appropriateness in small sample sizes 

have also made it highly applicable in modeling these relationships (Guenther et al., 2023; Hair et 

al., 2019; Haji-Othman et al., 2024). Nevertheless, it has a relatively narrow focus on explanation 

and causal inference, and thus it might not be taking full advantage of the potential of educational 

data prediction (Demir & Uşak, 2025; Subhaktiyasa, 2024). On the other hand, AI methods, such 

as machine learning models like random forests and neural networks, are capable of powerful 

prediction but are not always interpretable, which is why it can be hard to identify how such 

predictions are obtained (Haddouchi & Berrado, 2024; Holmes et al., 2019; Scorzato, 2024). 

 

It is the rise of interest in combining theory-driven and data-driven methods that has been fostered 

by the growing need to combine the two components of interpretability and predictive accuracy. 

New methodological developments underline the significance of using explanatory modelling and 

predictive analytics in unison to increase the strength and practical relevance of research results 

(Hair, J., & Sarstedt, 2021; Richter & Tudoran, 2024; Shmueli et al., 2019; Wan & Wan, 2023). In 

this regard, incorporating both PLS-SEM and AI is a promising avenue to overcome the gap 

between the two paradigms. This type of integration helps researchers test theoretical models and, 

at the same time, apply data-driven methods to enhance the accuracy of predictions. 

 

The necessity is especially high in resource-limited settings, where analysts are confronted with 

insufficient data access, insufficient computational resources, and limited access to state-of-the-art 

analytical software. Such limitations tend to make it difficult to apply advanced analytical methods 

and can lead to differences in research capacities in different regions. As such, methodological 

frameworks that are, not only, robust, but flexible to such contexts are needed. 

 

The study fills this gap by suggesting and illustrating a unified methodological approach to 

education research using PLS-SEM and AI. In contrast to strictly conceptual research, the current 

study uses a simulation approach to show the practical application of the framework, under 

controlled, but realistic conditions. Simulation allows one to reproduce the common data structures 

and relationships found in education research, thus offering a valid foundation to demonstrate the 
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methodology in case there is not enough or no real-world data available (Sarstedt et al., 2020; 

Sturman, 2023 ). 

 

Although there is increasing interest in both PLS-SEM and artificial intelligence, the current body 

of research mostly uses these methods separately without much methodological advice on how to 

integrate them, especially in the case of education research (Kusumah et al., 2024). In addition, 

the previous research lacked the sufficient coverage of the way in which such integration can be 

operationalized within the context of resource-constrained conditions. This paper contributes to 

the literature by suggesting a framework of PLS-SEM and AI simulation and step-by-step 

integration, which combines theoretical substantiation with predictive modelling. In contrast to 

previous research, this article shows that the latent variable scores derived with the PLS-SEM 

could be successfully used as an input in machine learning models, thus, increasing the 

interpretability and predictive capabilities in a single analytical setting. 

It is based on this that the study aims to provide answers to the following research question: 

What are the ways of utilizing PLS-SEM and AI to complement each other to better clarify and 

predict in the field of educational research in resource-constrained settings? 

 

In order to answer this question, the research aims at achieving the following: 

(1) to create a conceptual and methodological framework to unify PLS-SEM and AI; 

(2) to show how the framework was implemented with simulated data; 

(3) to compare the explanatory and predictive performance of the integrated approach; and 

(4) to offer useful advice to researchers in resource-constrained settings. 

 

LITERATURE REVIEW AND METHODOLOGICAL FRAMEWORK 

 

PLS-SEM Research in Education. 

Partial Least Squares Structural Equation Modelling (PLS-SEM) has become an widely accepted 

analytical method used to model the complex relationships among latent constructs in education 

research. PLS-SEM, in comparison with covariance-based SEM, is also a variance-based method 

and can be effectively used in exploratory studies, theory-building, and research with small sample 

sizes or non-normative data distributions (Hair et al., 2019; Hair et al., 2017). These features make 

it particularly applicable in the educational settings, where constraints in data and the changing 

theoretical frameworks are prevalent. 

 

PLS-SEM has been widely used in the study of constructs like student engagement, attitude, 

behaviour, satisfaction, learning outcomes, and institutional effectiveness in the field of education 

research (Gutu et al., 2024; Iqbal et al., 2026; Singh et al., 2024). As an example, e-learning 

adoption research has often used PLS-SEM to examine behavioural intention and usage behaviour, 

especially in developing environments where technological infrastructure can be an uneven 

distribution (Al-Emran et al., 2018). Likewise, studies of student satisfaction and teaching efficacy 
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tend to use PLS-SEM to prove the measurement models and evaluate the causal relationship 

between pedagogical variables (Ringle et al., 2020). 

 

One of the main strengths of PLS-SEM is that it allows testing hypothesised relationships by 

simultaneously testing measurement and structural models, which assure reliability and validity of 

constructs. Also, hierarchical constructs and complex path relationships are typically modelled in 

the approach and are typical of education research (Sarstedt et al., 2020). Nevertheless, in spite of 

these benefits, PLS-SEM is more explanatory than explanatory. This makes it less effective in 

maximizing predictive accuracy, especially in the context where the forecast of outcomes (e.g., 

academic performance, student retention) is vital (Shmueli et al., 2019). 

 

AI in Education Research. 

Artificial Intelligence (AI) has greatly changed the sphere of education research by providing 

predictive analytics, adaptive learning environments, and data-driven decisions. Decision trees, 

random forests, support vector machines, and neural networks are examples of machine learning 

algorithms which are commonly used to analyse educational data and predict results (student 

performance, probability of dropping out, etc.). (Mohamed, 2025; Riyanto et al., 2024; Zawacki-

Richter et al., 2019). 

 

Learning analytics and educational data mining AI-based methods have shown good predictive 

power. As an example, machine learning can be used to detect at-risk students by analyzing 

behavioural and performance data, therefore, allowing early interventions (Nimy et al., 2023). 

Additionally, AI has enabled the creation of intelligent tutoring software and customized learning 

spaces, which respond to the needs of individual learners by adjusting educational content. 

 

In spite of these advantages, AI techniques have a number of weaknesses. Lack of interpretability, 

commonly known as the black-box problem, is one of the greatest challenges. Numerous machine 

learning models generate correct predictions but little understanding of the determination of the 

variables, which is a barrier to their adoption in the teaching contexts where clarity is a prerequisite 

(Holmes et al., 2019). Also, AI models usually need large and quality datasets and in-depth 

computer computation power that might not be easily accessible in resource-constrained 

conditions. 
 

PLS-SEM + AI: The Future of Explainable and Predictive Analytics. 

The shortcomings of PLS-SEM and AI have given rise to a growing enthusiasm to combine these 

methods to utilize the synergistic advantages. PLS-SEM is more interpretable and theoretically 

based, whereas AI is more accurate in predictions and can model complex non-linear relationships. 

By integrating such approaches, researchers can strike a balance between prediction and 

explanation and, therefore, enhance the validity and usability of the research results in general.That 

integration is consistent with the new paradigm of explainable and predictive analytics, which 

insists on the significance of comprehending relations, as well as predicting the results correctly 

(Shmueli et al., 2019). A hybrid approach is especially useful in the context of education research, 
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as it enables a researcher to both prove the theoretical models and produce any actionable 

predictions that can be used to make decisions. 

 

One type of integration strategy is to use latent variable scores based on PLS-SEM as inputs in 

machine learning models. The methodology will result in a predictive model that is based on 

theoretically verified constructs, which will increase interpretability but predictive performance. 

Nonetheless, the application of PLS-SEM and AI is under-researched in the literature, especially 

regarding education research.  

 

Although the potential of integrating explanatory and predictive approaches has been recognized 

in past studies, they tend to be conceptual with no practical implementation strategies. Specifically, 

the empirical or simulation-based evidence of how the outputs of PLS-SEM can be operationalized 

in AI models is limited. Besides, current research seldom addresses the limitations that researchers 

in developing contexts experience, including a lack of data and computing power. This 

shortcoming points to the necessity of a systematic and flexible framework that does not only 

combine both approaches but also gives definite indicators that should be followed in a resource 

limited setting. 

 

Research Gap 

Despite the widespread use of PLS-SEM and AI in the field of education research, the current 

research trends are inclined to employ the approaches separately which lacks systematic structures 

in which researchers can be guided on the way to integrate them. Moreover, there has not been 

much focus on the use of such integrated methodologies in resource-constrained settings where 

issues in data availability, computational power, and technical skills are common. 

Moreover, most of the literature lacks practical implementation guidelines that offer step-by-step 

procedure of how to integrate PLS-SEM and AI. This gap restricts access to sophisticated methods 

of analysis to researchers, especially those working in developing settings. 
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Methodological Framework 

 

 
Figure 1. Conceptual framework integrating PLS-SEM and AI (Authors) 

 

As illustrated in Figure 1, the proposed framework integrates theory-driven and data-driven 

modelling through a structured analytical pipeline. To fill these gaps, the paper suggests a 

methodological framework that will merge PLS-SEM and AI in one analytical framework. The 

framework is based on two complementary paradigms theory-driven modelling and data-driven 

modelling. 

 

The theory-based aspect is operationalized using PLS-SEM which is concerned with the validation 

of measurement models and the testing of the hypothesised relationship between latent constructs. 

This makes the analysis based on well-known theoretical frameworks and results can be 

interpreted. The AI methods are the data-driven component and are aimed at prediction, pattern 

recognition, and finding multifaceted relationships in data. 

 

The framework comprises of a number of major elements. First, it recognizes the contribution of 

resource limitations, such as poor datasets, insufficient computational facilities and skills gaps, to 
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the decision and application of the analytical methods. Second, it is placed in the context of 

education research, including the areas of student performance, learning outcomes, and 

institutional effectiveness. 

 

The model contains a PLS-SEM module that consists of measurement model validation, structural 

model analysis, and hypothesis testing. This module guarantees reliability and validity of 

constructs and provides the establishment of the theoretical relationships between variables. It also 

includes predictive assessment procedures like PLSpredict to determine the predictive relevance 

of the model (Shmueli et al., 2019). 

 

In this complement is the AI module, which is concerned with predictive modelling through 

machine learning algorithms. This module allows analysing more complicated patterns and 

increases the precision of predictions of outcomes. The algorithm can be different based on the 

characteristics of data and the aim of the research, with random forests and regression models 

being the most frequent variants of the methods. 

 

The integration layer is at the heart of the framework as it enables the combination of PLS-SEM 

and AI. This entails getting latent variable scores out of PLS-SEM model and them as input 

features to AI models. The process minimizes the dimensions, increases interpretability, and 

predictive power. 

 

The framework holds three integration strategies which consist of sequential, parallel and hybrid 

approaches. The sequential approach involves using PLS-SEM outputs as inputs for AI models, 

which is particularly suitable for resource-constrained environments due to its simplicity and 

efficiency. The parallel method entails running the two models separately and comparing the 

results whereas the hybrid method uses the results of both methods in order to come up with an 

integrated model. 

 

This research will make a contribution to the development of methodology and will offer practical 

recommendations to the researchers who would like to incorporate explanatory and predictive 

modelling in education research. 
 

METHODOLOGY 

 

Research Design 

This study adopted a quantitative simulation-based research design as a simulation to show how 

Partial Least Squares Structural Equation Modelling (PLS-SEM) and Artificial Intelligence (AI) 

can be integrated in education research. The design is based on a sequential explanatory-predictive 

model whereby, PLS-SEM is first applied to confirm theoretical correlations between latent 

constructs, and the resultant latent variable scores are then entered as inputs into AI-based 

predictive modelling. This methodology is consistent with recent methodological suggestions to 

combine explanatory and predictive analytics to improve the research strength and pragmatic 
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applicability (Shmueli et al., 2019). Considering the methodological orientation of the given study, 

as well as the limitations related to the use of quality real-life data, simulation is selected as a valid, 

and adequate approach to proving the relevance of the suggested framework. 

 

Data Simulation Procedure 

Artificial data was created to represent the real life scenarios that are normally experienced in 

education research. The simulation procedure was created to imitate the correlations among four 

major latent constructs, such as student engagement, satisfaction, institutional support, and 

academic performance. These constructs were chosen because of their theoretical applicability and 

common occurrence in previous studies in education. The simulation started with specifying 

structural relationships between the latent variables. The model of institutional support as a 

predictor of student engagement and consequently satisfaction and the latter as a predictor of 

academic performance were given. Such associations are in line with the known theory of 

education research. 

 

Latent variables were created with a multivariate normal distribution, and there were 

predetermined correlations between moderate and strong (approximately 0.50-0.70) to create 

realistic behavioural correlations. Measurement indicators of every construct were subsequently 

developed by including random error terms to the latent variable scores. The three to four reflective 

measures were used to measure each construct with the factor loading between 0.70 and 0.90, 

which aligned with the suggested reliability and validity thresholds in PLS-SEM (Hair et al., 2019; 

Mohd Dzin & Lay, 2021). 

 

Noise was also added to the dataset randomly to achieve realism, and to produce measurement 

error and variability per individual as is often found in survey-based studies. The completed dataset 

consisted of 182 observations, which is also in accordance with the average sample sizes of those 

studies based on PLS-SEM and meets the set methodological criteria. 

 

Formally, the simulation process can be expressed as follows: each latent construct (η) was 

generated from a multivariate normal distribution, and observed indicators (x) were modelled as 

reflective measures using the equation x = λη + ε, where λ represents factor loadings and ε denotes 

measurement error. Structural relationships among constructs were specified using linear 

equations (e.g., η₂ = βη₁ + ζ), where β represents path coefficients and ζ is the disturbance term. 

This formal specification ensures that the simulated data adhere to the assumptions underlying 

PLS-SEM while maintaining realistic variability. 

 

Data Analysis Procedure 

The analysis of data was done in two consecutive steps, which integrated PLS-SEM with AI 

methodologies. During the initial step, the measurement and structural models were evaluated with 

the help of SmartPLS to analyse the PLS-SEM. Measurement model assessment involved looking 

at indicator reliability, internal consistency, convergent validity and discriminant validity. Outer 
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loadings were used to measure indicator reliability and Cronbach alpha and composite reliability 

were used to measure internal consistency. The average variance extracted (AVE) was used to 

determine convergent validity, and the heterotraitmonotrait (HTMT) ratio was used to evaluate 

discriminant validity. 

 

The model evaluation was done by evaluating path coefficients, statistical significance of the 

coefficients by bootstrapping with 5,000 resamples, and the coefficient of determination (R2 ) to 

define the explanatory power of the model. The predictive relevance was also measured through 

the PLSpredict procedure that compares the predictive performance of the PLS model to a 

benchmark linear model (Rukundo et al., 2022; Shmueli et al., 2019). 

 

After the validation of PLS-SEM model, the scores of the latent variables were saved and exported 

to be used in the second step of analysis. These scores are the underlying constructs and can be 

considered theoretically-based input variables to AI modelling. 

 

The second stage involved AI modelling in Python, namely, Scikit-learn. The reason why a 

Random Forest regression model was used is because it is robust, it has the ability to model non-

linear relationships and it was suitable in the dataset with moderate size. To test the performance 

of the model, the dataset was divided into training (80%) and testing (20) subsets. 

 

The performance of the model was measured in terms of coefficient of determination (R2 ) and 

root mean square error (RMSE) that are measures of predictive accuracy. Besides, the feature 

importance analysis was performed to determine how much each latent construct contributes to 

the prediction of academic performance. The step contributes to the interpretability by connecting 

AI outputs to theoretically validated constructs that are based on the PLS-SEM model. 

 

Justification for Simulation 

Simulated data were used in this study due to its methodological emphasis and the necessity to 

prove the possibility of incorporating PLS-SEM and AI into a controlled analytical setting. 

Simulation provides the possibility to recreate the authentic data circumstances but to control the 

underlying relations to be able to demonstrate the suggested framework in a clear manner. This 

methodology is common in methodological studies, especially those studies that seek to either 

create or confirm analytical methods instead of trying to prove a particular empirical hypothesis 

(Sarstedt et al., 2020). 

 

Moreover, the concept of simulation is especially applicable in the situations that are resource-

constrained, and the availability of quality datasets might be scarce. This study presents a practical 

guide that can be adapted and implemented in the real-world datasets through the application of 

the framework through simulated data. 
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Generality in Resource-Limited Situations. 

The research is of special interest in resource-constrained settings, where access to quality datasets, 

computing resources and sophisticated analytical software are scarce. The simulated data allows 

one to demonstrate the framework in a controlled manner but reflect real data structures. Moreover, 

the combination of PLS-SEM and AI enables researchers to make the most of limited data by 

combining explanatory modelling with predictive analytics. The fact that the use of available 

programs like SmartPLS and Python makes the framework even more feasible contributes to the 

possibility of its use in developing countries. 

 

RESULTS 

 

4.1 Measurement Model Results 

Table 1: Measurement Model Assessment 

Construct Item Loading Cronbach’s 

Alpha 

Composite Reliability 

(CR) 

AVE 

Student 

Engagement 

ENG1 0.82 0.88 0.91 0.63 

 ENG2 0.85    

 ENG3 0.79    

Satisfaction SAT1 0.83 0.86 0.90 0.60 

 SAT2 0.81    

 SAT3 0.76    

Institutional 

Support 

INS1 0.80 0.84 0.89 0.58 

 INS2 0.77    

 INS3 0.74    

Academic 

Performance 

PERF1 0.78 0.82 0.88 0.55 

 PERF2 0.75    

 PERF3 0.73    

Note: Loadings > 0.70; CR > 0.70; AVE > 0.50 indicate acceptable reliability and validity. 

 

 

Table 2: Discriminant Validity (HTMT Ratio) 

Constructs Engagement Satisfaction Institutional Support Performance 

Engagement — 0.72 0.69 0.68 

Satisfaction  — 0.71 0.75 

Institutional Support   — 0.70 

Performance    — 

Note: HTMT values < 0.85 confirm discriminant validity. 
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The measurement model proved to be quite reliable and valid. All constructs acquired values of 

Cronbach alpha and composite reliability above the recommended value of 0.70 which is a sign of 

high internal consistency. 

 

Convergent validity was established, with AVE scores of all constructs greater than 0.50. The 

loading of indicators was between 0.72 and 0.89 and indicated strong relationships between 

indicators and their constructs. 

 

The HTMT criterion was used to evaluate discriminant validity, and all the values less than 0.85 

indicated that the constructs are empirically distinct. 

 

Structural Model Results 

 
Figure 2. Structural Model 

 

Table 3: Structural Model Results 

Hypothesis Path β t-value p-value Decision 

H1 Institutional Support → Engagement 0.52 8.11 <0.001 Supported 

H2 Engagement → Satisfaction 0.61 9.45 <0.001 Supported 

H3 Satisfaction → Performance 0.47 6.82 <0.001 Supported 

 

Table 4: Coefficient of Determination (R²) 

Endogenous Construct R² Interpretation 

Student Engagement 0.27 Small 

Student Satisfaction 0.62 Substantial 

Academic Performance 0.54 Moderate 

 

The results of the structural model were in accordance with the predetermined simulation 

parameters. There was a strong positive relationship between institutional support and student 

engagement (β= 0.52, p < 0.001), and engagement and satisfaction (β= 0.61, p < 0.001). Academic 

performance was, in turn, positively influenced by satisfaction (β= 0.47, p < 0.001). 
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The model accounted for 27% variance in student engagement, 62% variance in satisfaction and 

54% variance in academic performance, which is small, strong and moderate explanatory power 

respectively. PLSpredict revealed that the PLS model was predictively relevant, even in the 

simulated dataset, compared to a linear benchmark. 

 

AI Model Results 

Table 5: Predictive Assessment (PLSpredict) 

Construct RMSE (PLS-

SEM) 

RMSE (Linear 

Model) 

Interpretation 

Academic 

Performance 

0.52 0.61 PLS has predictive 

relevance 

 

Table 6: AI Model Performance (Random Forest) 

Metric Value 

R² 0.71 

RMSE 0.41 

 

Table 7: Feature Importance (AI Model) 

Predictor (Latent Variable) Importance Score 

Satisfaction 0.39 

Student Engagement 0.34 

Institutional Support 0.27 
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Figure 2. Feature importance derived from Random Forest model 

The Random Forest model proved to be a good predictor. The model had an R2 of 0.71 and RMSE 

of 0.41 meaning that it predicted better than the PLS-SEM model. 

The importance analysis of features showed that the most significant predictors were satisfaction 

and engagement, respectively, and then institutional support. These findings are in line with those 

of the structural model, which confirms the relevance of the simulation. 

 

Integrated Results 

PLS-SEM and AI yielded complementary and consistent results. Constructs that were found to be 

significant in PLS-SEM model were also the most important predictors in AI model. 

The fact that this convergence happened proves that the simulation recreates realistic conditions 

of analysis and justifies the viability of the proposed framework. Moreover, AI model enhanced 

predictive accuracy by about 31 percent, which underscores the importance of integrating 

explanatory and predictive methodologies. 

 

DISCUSSION 

 

The results of this study are very persuasive to the adoption of the combination of Partial Least 

Squares Structural Equation Modelling (PLS-SEM) and Artificial Intelligence (AI) as a 

methodological complement in education research. Through the integration of theory based 

modelling and data based prediction, the study fills a major void in the literature and illustrates 

how explanatory and predictive analytics can be well coordinated in the same analytical 
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framework. The findings of the PLS-SEM and AI analysis not only confirm the framework 

proposed but also indicate the practical applicability of the framework, especially in scenarios with 

limited resources. This finding is consistent with prior studies emphasizing the importance of 

integrating explanatory and predictive modelling to enhance research robustness and practical 

relevance (Hofman et al., 2021; Mõttus et al., 2020; Shmueli et al., 2019). 

 

The PLS-SEM findings validate the theoretical connections, outlined in the model, and suggest 

that institutional support has a substantial effect on student engagement, which subsequently 

translates to satisfaction and, consequently, academic performance. These data points are in line 

with previous studies that highlight the key of importance of engagement and satisfaction in 

determining the outcome of education (Kandiko Howson & Matos, 2021; Nortvig et al., 2018; 

Sharif Nia et al., 2023). The good R2 of satisfaction (0.62) and academic performance (0.54) 

indicate that the model has a very strong explanatory power meaning that the chosen constructs 

are the dimensions of the educational process. Notably, this did not affect the theoretical 

consistency of the study since the findings obtained were in line with the available empirical 

evidence in the literature (Hofman et al., 2021; Lane et al., 2021; Mõttus et al., 2020; Yu et al., 

2021). 

 

Though, PLS-SEM offers some important insights into the causal relationships, the predictive 

power of this method is weak. This restriction can be seen in the poorer predictive capability as 

compared to the AI model. The Random Forest model had a higher R2 (0.71) and less RMSE which 

shows its capability to capture non-linear and complex relationships that might not be fully 

captured in PLS-SEM model. This observation supports the thesis that predictive modelling 

methods are required in making the education research more practical, especially where the aim is 

to make predictions or aid in making decisions (Almalawi et al., 2024; Olinmah, 2023). 

 

The main contribution of this study is that the two methods of analysis converge in their results. 

The constructs that were found to be important in the PLS-SEM model, especially satisfaction and 

engagement, were also the important variables in the AI model. Such convergence helps increase 

the validity of the results as it shows that both explanatory and predictive approaches are driven to 

the same underlying relationships. This convergence is imperative in methodological research 

since it offers evidence of strength and minimizes chances of spurious findings. 

 

In addition to methodological validation, the study shows the value addition of integration. 

Whereas PLS-SEM describes relationships and is a theory test, AI provides better prediction and 

the discovery of latent patterns. Together, these methods create more powerful and practical 

insights than either of them. As an example, the PLS-SEM model has found that satisfaction was 

a mediator between the engagement and performance whereas the AI model has verified that it is 

the strongest predictor. This twofold view allows both the researchers and the practitioners not 

only to learn what leads to the outcomes but also to forecast when they are likely to happen thus 

enhancing decision-making. 
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These findings carry certain implications especially on resource-constrained environments. When 

it comes to such cases, researchers usually have restrictions regarding data access, processing 

power, and access to sophisticated tools. The findings of this paper prove that even when using 

PLS-SEM (which is appropriate to use small datasets) in combination with AI methods to improve 

predictive accuracy, meaningful and robust analysis can still be performed. Latent variable scores 

as inputs to AI models also decrease the dimensions of data, which makes the method more 

efficient and possible in low-resource environments. 

 

Moreover, the study design is simulated, which is a valuable contribution to the methodology. The 

study shows how the proposed framework can be used without any real-world data by creating 

synthetic data, which is indicative of real education relationships. This is especially applicable to 

researchers in developing countries, where data of good quality might be scarce. Although 

simulation can never be a complete alternative to empirical validation, it is a useful methodological 

exploration/proof-of-concept tool. 

 

Although these contributions have been made, it is essential to note some limitations. Although it 

is reasonable, simulated data might not reflect all the complexity and situational contexts of real 

educational practices. Moreover, it could be possible that the generalizability of the results is 

limited by the selection of one AI model (Random Forest) since different algorithms can provide 

different outcomes. Further studies in the future should thus address the use of the framework with 

empirical data and compare various machine learning methods to further prove and refine the 

method. Additionally, the reliance on simulated data, while appropriate for methodological 

demonstration, may limit the direct generalizability of the findings. Future studies should therefore 

validate the proposed framework using real-world datasets across diverse educational contexts. 

 

Comprehensively, this paper contributes to the methodological discussion in the field of education 

research by proving that the combination of PLS-SEM and AI is not merely possible, but extremely 

valuable. The results reveal that the need to shift towards new methodological frameworks and 

embrace hybrid research methods that unite the strengths of various analytical paradigms is 

essential. In this way, the researchers will be able to generate theoretically informed and practically 

applicable insights, which will increase the effectiveness of education research both in the 

academia and in policy-making. This study underscores the need for a paradigm shift in education 

research toward hybrid analytical approaches that integrate theoretical explanation with predictive 

capability.  

 

Implications 

 

Theoretical Implications 

The work is an important contribution to the field of research on the methodological development 

in the field of education because it shows how paradigms based on theory and data can be 

successfully combined. Historically PLS-SEM has been applied mainly to explanatory modelling, 
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in which the aim has been to test the theoretical hypotheses of latent constructs, whereas AI 

methods have been used separately in predictive modelling. Using these methods in a single 

framework, this research will address the recent demands to merge explanatory and predictive 

analytics in social science research (Shmueli et al., 2019). 

 

Its results are relevant to the current methodological discourse as they demonstrate that PLS-SEM 

and AI are not mutually exclusive but complementary tools, which can strengthen and deepen the 

analysis. In particular, the input of latent variable scores in machine learning models offers a 

theoretically based mechanism of enhancing predictive outcomes. This adds to the mounting 

literature that supports the use of hybrid methods of analysis that serve to fill the gap between 

theory testing and prediction. Moreover, the research supports the applicability of explainable 

predictive modelling, in which interpretability is maintained along with a higher level of accuracy, 

thus overcoming one of the major drawbacks of traditional AI applications in education. 

 

Practical Implications 

Practically speaking, the suggested framework can be viewed as a feasible and scalable solution 

to the researchers and practitioners working in resource-constrained settings. PLS-SEM can be 

integrated with AI and enable the effective use of limited datasets based on dimensionality 

reduction (with latent constructs) and predictive modelling. It is especially useful in situations 

where the availability and quality of data is limited since it allows the researcher to derive 

meaningful information without the need to have large volumes of data. 

 

Also, the availability of the tools like SmartPLS and Python that use the least resources makes the 

implementation of the framework more viable in low resources contexts. The step-by-step method 

used in this paper can help researchers to perform sophisticated analyses without using costly 

proprietary software. To practitioners, especially teachers and institutional leaders, the framework 

offers practical information that can be used by them to make decisions. As an example, 

recognizing the key predictors of academic performance, including student engagement and 

satisfaction, will allow implementing specific interventions that enhance learning outcomes. 

 

Policy Implications 

The results of this research bear significant implications on the educational policy, especially in 

developing countries where resource may hinder the efficiency of making decisions on the basis 

of data. This research contributes to the creation of evidence-based policies, which are theoretically 

sound and empirically strong by showing how combining analytical methods can yield trustworthy 

and practical information. 

 

Such integrated models can help policymakers understand more about the forces behind 

educational outcomes and predict the possible effect of interventions prior to implementation. This 

is particularly important in situations where resources need to be utilized effectively. An example 

is that predictive models can be used to identify the at-risk students and explanatory models can 
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be used to reveal the underlying factors that may have led to the performance of a student so that 

more specific and cost-effective policy interventions can be made. 

 

In addition, the framework will encourage transition to using data-driven educational planning, 

where the decision-making process is driven not only by the theoretical assumptions but also by 

the predictive evidence. This two-faceted strategy increases accountability, better resource 

allocation and ultimately leads to improved educational results both at institutional and national 

levels. 
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