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Abstract 

Artificial intelligence is increasingly being employed to improve the measurement and control of the 

quality of education, especially in institutions that have limited resources. The current research offers 

innovative technology that integrates machine learning and deep learning into a Production and 

Operations Management strategy. Two publicly available Kaggle datasets were examined which deal 

with various variables of student performance and engagement. One Education Quality Index (EQI) 

was developed to combine the academic outcomes, student attendance, and participation in a single 

measurable score. A number of predictive models were done to ascertain which approach gives the 

most credible understanding. The deep learning models were significantly more effective than the 

traditional methods and the most successful results were achieved with a stacked model that combined 

the best learners and had an overall accuracy of 0.995. More to the point, the model was found to be 

stable in a variety of evaluation measures and was able to capture variation that more basic algorithms 

were typically less sensitive to as the model dealt with the multidimensional and multimodal nature 

of educational data. The key contribution of this research is that the quality of education could be 

taken as a measurable, and thus, an enable outcome, as opposed to an abstract one. The proposed 

solution offers an effective, proven tool of early trend identification, and enables planning and 

informing evidence-based actions, both classroom- and institution-level. 

Keywords: Machine Learning, Deep Learning, Artificial Intelligence, Hybrid Stacking Ensemble, 

Production and Operations Management, Education Quality Index (EQI). 

1. Introduction 

The quality of education is a multidimensional concept that is not only academic accomplishment. It 

is cognitive, social, and institutional in nature and it is the combination thereof that creates meaningful 

learning experiences. This paper discusses the way in which Artificial Intelligence (AI) and 

specifically, the concepts of Machine Learning (ML), and Deep Learning (DL) can be used to improve 

the learning experience in business education and production/operations management. UNESCO 

argues that the real quality of education is determined by teachers who are well prepared, the 

infrastructure and necessary services, as well as the safe and inclusive and non-violent learning 

environments [1]. In line with these views, Future Ed suggests a comprehensive model of assessment 
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of the quality of education that shifts away overreliance on standardized testing. The framework puts 

more emphasis on nurturing of positive and supportive school climates; development of efficient 

instructional and organizational leadership; sustenance of high academic expectations; and an 

organized focus on the acquisition of foundational skills by students [2]. In educational technology, 

multi-stakeholder partnerships have defined quality standards that anticipate a number of fundamental 

dimensions, including safety of the product; application of evidence-based practices; inclusivity and 

accessibility; easy and learner-friendly usability; and effective interoperability of systems. This 

combination of criteria gives a shared standard of assessment of EdTech tools and their 

implementation into the instructional ecosystems [3]. The quality of education is complex and 

intertwined. Similar to Total Quality Management in manufacturing and operations, the education 

field needs to be organized in terms of giving attention to multiple dimensions [4]. One of the 

dimensions is related to the product which is manifested in the learning outcomes of the students. The 

other issue, which is also essential, is the process, i.e. the teaching strategies that are used and 

communication between teachers and students. The third dimension brings out the bigger picture, 

which includes aspects of safety, inclusivity, and equity [5]. Artificial Intelligence (AI) needs to 

contribute to the improvement of all these aspects to make a learning environment balanced and high-

quality to promote education, indeed. The implementation of AI in pedagogical practices and 

management systems can enable the institution to enhance efficiency, reduce expenses, and increase 

overall education achievements, which can be used to implement TQM in academia [6]. 

1.1 The Production and Operations Management Framework: Applying Business Principles to 

Academia: 

The P&OM framework is used in this paper as a parallel knowing that educational institutions can be 

viewed as knowledge and human capital production systems. This mechanism operates in different 

stages [7]: 

• Inputs: The inputs to the system encompass students, instructors, administrative personnel, 

curriculum, and financial resources. 

• Process: This includes the complete educational lifecycle, from administrative functions such as 

admissions, enrollment, and budgeting to instructional procedures including teaching, 

assessment, and student support. 

• Output: The end ‘product’ is a student with acquired knowledge and skills, a new scholastic 

degree, or a study product. The quality of this product is determined through academic 

performance, professional readiness, and the genuineness of the certification itself. Figure 1 

depicts the production and operations management framework, highlighting the integration of 

AI, ML, and DL within the central ‘Process’ stage to convert inputs into high-quality outputs. 
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1.2 Basic AI Technologies: The functions of machine learning and deep learning: 

Artificial Intelligence (AI) has a role in the educational production line that is often defined as vast 

and serves the functions that are different, but complementary to each other [8]. Machine Learning 

(ML), in particular, is the core element of analytical engine of 

 
Figure (1): The Framework of Educational Production System that Incorporates AI,  

Machine Learning, and Deep Learning. 

this architecture. It mainly serves the purpose of delivering data-driven strategic planning, not to 

mention that it continues to enhance the academic and administrative processes of an institution. ML 

empowers the leadership of the education system by putting large volumes of student performance 

and institutional data under investigation. This will enable them to maximize effectiveness in day to 

day operations, predict future results in terms of students and formulate policy based on good 

evidence about major areas: not only resource allocation but also implementation of automated 

assessment tools and, most importantly, to achieve highly individualized learning paths by students 

[8][9][10][11][12]. In contrast, Deep Learning (DL), a rather specific extension of the Machine 

Learning (ML) paradigm, is designed in such a way that it allows making delicate and straight-

forward interactions with the learning audience [13][14][15]. Not only do systems based on DL 

architectures exhibit higher levels of efficacy in the high-dimensional recognition of patterns, higher-

order cognitive functions can also be modeled by such a system, thus mimicking human-like 
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perception, reasoning and decision making. These technologies reach far and wide, and have a number 

of main applications: intelligent tutoring with Natural Language Processing (NLP); instant academic 

aid by conversational agents (chat-bots); content customization with adaptive algorithmic engines; 

accessibility through integrated speech recognition; and building monitoring and proctoring 

procedures through computer vision [13][14][8][16]. On a fundamental level, this architecture 

specifies specific roles: Machine Learning (ML) provides the larger educational infrastructure, 

whereas Deep Learning (DL) aims at increasing the level of personalization and the quality of the 

student learning experience in general [13][17]. 

Artificial Intelligence (AI) is being transformed into Machine Learning (ML) and Deep Learning 

(DL). However, a startling absence of systematic studies into their overall effects [18][9] in particular 

in regard to their place in the well-established context of Pro-duction and Operations Management 

(P&OM) still exists. In terms of implementation, the selective application of AI has a twofold reward: 

it both increases the efficiency of the institution and has a tangible positive impact on the learner’s 

experience. This congruence, more efficient, and improved results, represents the possibility of AI 

redesigning both the front-end delivery interfaces and the back-end institutional support systems 

[18][10][15]. 

 
Figure (2): Operational Specialization and Application Areas of Machine Learning (ML) and Deep Learning (DL) in 

Educational Systems 

Figure (2) describes the architecture behind the scenes and division of labor: ML reinforces the 

administrative and infrastructural back end e.g., strategic planning and prediction of student 

outcomes- whereas DL focuses on the frontend learner experience, and allows advanced, adaptive, 

and interactive tools such as intelligent tutoring (NLP) and content customization. Combined, these 

layers can provide a significant improvement in the quality of education, personalization, and 
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operational efficiencies and precondition the process optimizations that will be described in the 

following section. 

In the end the machine learning enhances efficiency, and deep learning promotes flexibilities and 

more interactive experience, which are the two pillars of AI in education. Their joint usage has great 

prospects of enhancing the quality of education, customization, and operational efficiency. 

1.3 Improving Educational Processes: Productivity, Robotization, and Data Science: 

1.3.1 Administrative Automation based on AI-driven Process Optimization: 

The use of AI in education is a significant opportunity as it involves automation of repetitive, routine 

administrative work. This aspect greatly globalizes the overwhelming burden of the academic staff 

as well as the administrative staffs [19]. Effective applications of this utility are practical applications 

of AI to automated grading of assignments, schedule building, and required report generation [20]. 

But to consider this merely as a time-saving step would be an oversight, in the context of Production 

and Operations Management (P&OM), one would have to view it as a radical innovation of the 

process [21]. This type of optimization allows the distribution of human resources to be feasible and 

redirect the focus of personnel out of low-value and repetitive tasks and toward more substantive and 

high-impact work. In cases of automated grading, teachers have time to shift to other fundamental 

tasks such as mentoring, personalized attention, and developing effective interaction with the students 

[22][23]. This planned redistribution of resources raises the levels of instructional quality and 

significantly enhances the efficiency of the work of institutions [8][24]. 

1.3.2 Financial Management and Predictive Analytics: Strategic Resource Allocation: 

Predictive analytics through AI is applied to extract the significant trends in operations and, 

consequently, give a basis of data-driven decisions, as the technique has long been applied in the 

business environment to resource-allocation decisions [25]. Noteworthy, this technology can be used 

by the academic institutions to organize the distribution of resources more efficiently, carefully 

manage budgets, and even calculate revenues or discover latent opportunities to save costs [26]. In 

its essence, it is a systematic process, as it will start with highly sophisticated AI algorithms that will 

engage into a rigorous study of large datasets [27]. The metrics that are specifically included within 

these stores are in regards to student demographics, regularity in attending the stores, and overall 

academic performance [27]. This analysis enables the algorithms to identify accurately those students 

who are actually about to fail or drop out of school [28]. This is a key foresight that makes it easier 

to engage in proactive and precisely targeted intervention and customized academic support to 

address difficulties before they arise [24]. This type of timely intervention has a direct effect in leading 

to a greater retention rate and student success and in turn, to a greater financial position of the whole 

institution [29]. To sum up, this whole chain of causes and effects indicates how prediction analytics 

(a potent P&OM tool) wins a twofold battle optimizing financial activity of the organization and at 

the same time enhancing the quality of the education [27]. 
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1.3.3 Quality Control and Supply Chain Management for Educational Re-sources: 

The academic supply chain is widely described to cover the process of acquiring, man-aging, and 

finally delivering all of the digital learning materials and other applicable technologies [30]. This 

integrity is the most important in ensuring the overall quality of education [31]. The significance of 

Artificial Intelligence (AI) can be achieved in a multiplicity of ways, such as by means of proctoring 

to enforce academic honesty and by performing an ultimate quality check of the product before a 

credential is awarded [32]. Moreover, the essence of EdTech quality indicators, i.e. Safety, 

Inclusivity, Usability, and Interoperability, is necessary to achieve the stability of this supply chain 

[3]. Blockchain student record management plays a crucial supportive role since it ensures the 

unrestricted integrity of degrees and certificates, ensuring that they are not altered by the 

administration or through fraud [33]. In addition to the quality of products, AI takes the center stage 

in the institutional accreditation and quality assurance processes [34]. An example of this is that AI-

driven systems can learn and analyze student learning data in real-time and enforce subtle and 

concerning trends fast including performance discrepancies based on the competencies required or 

apparent declines in retention rates, which would have otherwise been easily overlooked by a human 

eye [35]. In addition, AI has the potential to make the accreditation documentation process not only 

dramatically easier, but it also will automatically sort and label supporting evidence based on 

established requirements, and produce reports needed with much less human intervention [36]. 

The study is relevant to an existing gap as it expands the concepts of Production and Operations 

Management to the learning environment. It analyses the role of Artificial Intelligence in enhancing 

efficiency of the education process and helping learners achieve better results with the help of the 

limitations of Machine Learning and Deep Learning. Education Quality Index (EQI) was a composite 

measure of academic performance, indicators of engagement and absenteeism. This index is used to 

assess a new hybrid predictive model. The theoretical background, research method, description of 

the experimental setup, and description of the main findings are discussed in the following sections. 

2. Literature Review 

2.1 Artificial Intelligence in Education: 

Artificial Intelligence (AI) continues to revolutionize education through the following aspects: 

Personalized learning, automatization of administrative tasks, and the ability to create actionable 

insights about data. Techniques used include Machine Learning (ML) and Deep Learning (DL) as 

ways of predicting performance of students, identifying students who require extra help, and 

designing efficient learning paths. Overall analysis of a study by Wang (2024) showed that AI-based 

adaptive learning systems can increase the number of students passing the tests by up to 62%, 

indicating the ability of AI to substantially improve academic performance [8]. 

2.2 Measuring Educational Quality: 

The quality of education must be assessed based on the input, e.g., resources at hand and teaching 
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performance, and the output, e.g., student performance and satisfaction. Conventional means, such as 

standardized tests, have frequently been criticized due to the narrowness. According to Grutzmacher 

(2025), one of the crucial elements of education research is to measure the outcomes of students using 

reliable and valid instruments [37]. 

2.3 Production and Operations Management in Education: 

Application of the Production and Operations Management (P&OM) principles in education offers a 

systematic approach to resources, operations, and results maximization. Tsay et al. (2018) discuss the 

latest trends in P&OM studies, in this case, the outsourcing in the supply chains that can provide the 

analogies to the resource management in the school environment [38]. On the same note, Smilowitz 

(2020) emphasizes the application of operations research techniques of P&OM to solving educational 

problems and improving efficiency and performance in general [39]. 

2.4 Hybrid Predictive Models in Education: 

The hybrid predictive models, as a set of predictive models that integrate traditional statistical 

methods with the latest methods of AI, have demonstrated significant potential in the educational 

setting. A study by Almalawi (2024) involved a thorough assessment of predictive models in 

education and how these tools can be used to predict the performance of students and those students 

at risk. The paper will discuss the machine learning algorithms such as Support Vector Machines 

(SVMs), Artificial Neural Networks (ANNs), and Decision Trees, among traditional statistical 

frameworks, and their capacity to process complicated learning data and enhance the learning 

outcome [40]. 

2.5 Student Engagement, Attendance, and Academic Performance: 

There is a lot of literature that underscores that active and meaningful student attendance are the key 

to enhancing overall academic performance. Regular attendance, coupled with sincere involvement, 

is the basis of effective learning outcomes. In this regard, Li (2023) performed a systematic meta-

analysis, which found fourteen major factors a combination of internal and external forces that 

determine the process of engagement of students with their education [41]. As a supplement to this, 

Ha (2024) shows that regular 

Attendance at classes significantly increases academic improvement, the most positive effect was 

observed in students who had academic difficulties. The results presented here highlight the 

attentiveness of educators to shape and introduce measures that will efficiently improve student 

attendance [42]. 

3. Research Methodology 

This study is structured as it uses artificial intelligence to enhance the quality of education through 

the analysis of the demographics of the students, behavioral signs, and academic histories of students. 

A more detailed picture of the experience of learners is provided with the help of two complementary 
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datasets. The initial data set comprises both the de-myographic variables and the academic 

achievements in mathematics, reading and writing and involves both cognition outcomes and the 

socio-educational factors [43]. The second dataset is filled with behavioral and engagement measures, 

including the frequency of hand-raises, visits to resources, views of announcements, discussion, 

parental satisfaction and attendance of students [44]. The final synthesis of these information streams, 

which have been defined earlier, creates a multi-variate analytical architecture, which is robust. More 

importantly, such a structure allows us to directly correlate the recorded academic achievement with 

the recorded indices of engagement as well as the critical contextual predictors and thus to produce a 

much finer and more detailed assessment of the overall educational quality. 

Before being modeled, the datasets had been carefully preprocessed. It required pre-processing, which 

implied the transformation of major categorical characteristics (gender, nationality, and academic 

track) into a numerical typology. It used to scikit-learn Labe-Encoder to turn categorical fields into 

numeric codes to simplify downstream modeling whilst maintaining semantic differences. Labeling 

of absenteeism was also narrowed down: the previous Under-7 and Above-7 were reduced to 0 and 1 

respectively. The steps generated a standard numerical representation of features and made 

algorithmic processing easy. Not all numerical values were present as numeric attributes, so a mean 

substitution was used to replace missing elements, but statistical mode was used to fill in missing 

categorical elements. Outliers were analyzed and handled carefully to avoid affecting the data 

variability and the reliability. After data cleansing, the normalization and standardization of the data 

were performed with StandardScaler to avoid the differences in the magnitude of the features and 

provide effective convergence of the deep learning models. 

Significant new features were built through strict feature engineering. This was done to maximize the 

predictive ability of the model. Metrics of interaction were reduced to a single variable, Interaction 

Average (AI). It was a variable that was the average of: raised hands, resource visits, announcement 

views and frequency of discussion. The feature of Satisfaction Index was to maintain parental 

approval. Measuring student absenteeism was through the absence level (AL). The total academic 

achievement was examined by receiving the total number of scores (TS) which was the sum of 

mathematics, reading, and writing scores of students. 
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Figure (3): Distribution of the Total Score (TS). 

Figure (3) shows the distribution of the total academics scores (TS) amongst the student group. The 

distribution of data is more of a normal (Gaussian) pattern. The negative skew was minimal 

(leftward), which indicated that most scores are slightly higher than the mean value. In addition, a 

considerable amount of the result was noted in a range of 200 to 225 that efficiently establishes the 

central tendency of the core to this cohort. The distribution is significant methodologically because 

TS has the largest weight (×0.6) in the Education Quality Index. As a result, the observed trend will 

determine the structural attributes of the variable under study and reveal the necessity to standardize 

the data to guarantee efficient model convergence. 

The key designed variables then formed a composite Educational Quality Index (EQI). 

A weighted formula was employed in this Index: 

EQI = 0.6 × TS + 0.3 × AI − 0.1 × AL (1) 

EQI = Education Quality Index  

TS = Total Score 

AI = Average Interaction  

AL = Absence Level 
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Figure (4) is used to strictly prove the mathematical construction of Education Quality Index (EQI). 

The positive linearity between the Average Interaction (AI) and the EQI score is also strong and was 

only possible because of the high positive coefficient (0.3) of the AI term in our composite formula. 

Besides, by analyzing this data in the framework of Parent Satisfaction, we can easily note that the 

correlation between engagement (AI) 

 
Figure (4): Avg Interaction vs Education Quality Index (Colored by Parent Satisfaction). 

and the quality score (EQI) are stable and strong and do not significantly change between the two 

categories of ‘Good’ and ‘Bad’. The findings illustrate that AI is essential in the determination of the 

target variable of the model. 

To cover the general interest of the students, a measure called Total Activity was established wherein 

all relevant participation measures were added together and this gave a clear vision of how each 

student was participating. 

To overcome class imbalance and enhance the credibility of the model training, SMOTE was used to 

create artificial samples. As a result, the data was expanded to 2,000 records to be adequately inclusive 

of all categories of performance. The improved dataset was then divided into training and testing sets 

in 80:20 ratio which helped highly evaluate the dataset in the further stages. 

Figure (5) presents the distribution of the aim variable used in the study of the Education Quality 

Index (EQI). The distribution will be the overall impact of all weighted elements and application of 

SMOTE. Although the academic scores alone were a smooth Gaussian curve, the resultant EQI 

distribution is multimodal and more homogenous with the modes of 5, 15 and 20. This trend is a 

combination of the constant academic scores and fluctuating settings of engagement measures and 

the binary Absence Level. The multimodal form shows that the EQI divides the students into separate 
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performance categories and this also justifies the use of Stacking Ensemble model to explain this 

variation of prediction. 

The implementation of the models took two steps. Phase one trained and evaluated individual models 

individually. This formed the necessary performance standard. Traditional Machine Learning (ML) 

methods were used. The two major algorithms to be applied included (SVM) and (K-NN) in 

particular. This choice was explained by their proven effectiveness. These models were found to be 

effective in dealing with high-dimensional data and depict non-linear associations. Simultaneously, 

three Deep 

 
Figure (5): Distribution of Education Quality Index. 

Neural Network (DNN) structures were made. These were: DNN Basic, DNN Dropout, and DNN 

BatchNorm. This similar initiative measured the usefulness of neural network methods. The design 

of DNN Basic was a straightforward feedforward network that had 2 hidden layers. Ideally, to 

explicitly address the overfitting issue, the DNN dropout model incorporated specialized dropout 

layers. DNN BatchNorm was used on Batch Normalization. This was a vital procedure in stabilizing 

learning and converging faster. Every model needs to be optimized in terms of hyperparameters. The 

augmented dataset was used as the training. The last performance evaluation was with the use of the 

special hold-out cluster. Evaluation was evaluated in standard measures Accuracy, Precision, Recall, 

and F1-score. Visual analysis was also done through confusion matrices, ROC curves, and 

precision/recall charts. Lastly, the KerasClassifier wrapper also allowed deep learning models to be 

stacked easily in the further processes. 

Phase two involves the building of a Hybrid Stacking Ensemble. The performed architecture 

employed the highest performing base models KNN, DNN Basic, DNN BatchNorm, and DNN 

dropout. The meta-learner that was selected was Logistic Regression. Its role was to combine 
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forecasts of this set of heterogeneous base models. It was a strategic design of this hybrid. The main 

strategic goal was the combination of specific abilities 

of the two model groups. This involved applying the established abilities of conventional ML of 

structured pattern analysis and deep learning to its ability to model complex high-dimensional data. 

The last orchestra was strictly trained and evaluated according to the very criteria of evaluation which 

were used in the preliminary stage. This uniform protocol has given comparison benchmark at the 

moment, which has conclusively validated the performance improvement achieved by purely 

systematic integration of models. The flowchart of the study methodology is represented in figure 6. 

 
Figure (6): Methodology Flowchart. 

4. Results and Discussion 

Table (1): Performance of individual Models 

Model Accuracy Precision Recall F1Score 

AdaBoost 0.7525  0.755561 0.752902 0.750921 

SVM 0.8050 0.811413 0.805669 0.796551 

KNN 0.8775 0.876409 0.877883 0.876677 

DNN_Basic 0.9700 0.970917 0.969961 0.97019 

DNN_Dropout 0.9025 0.902397 0.902721 0.902534 

DNN_BatchNorm 0.9800 0.981221 0.979911 0.98013 
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The model evaluation in phase one in table 1 created a clear predictive ability hierarchy. This was in 

opposition to the traditional Machine Learning (ML) and Deep Learning (DL) systems. Traditional 

algorithms including AdaBoost, SVM, and KNN were also found to be moderate to strong with 

accuracy rates of 0.7525, 0.8050, and 0.8775 respectively as shown in the reported metrics. These 

findings affirm the previously known strength of KNN with pattern recognition tasks with structured 

numerical and categorical features. When compared to the Deep Neural Networks, these models had 

a hard time acting as a representation of complex, multivariate dependencies. 

There was a significant improvement in performance in the case of deep learning architecture. DNN 

BatchNorm secured the peak accuracy (0.9800), surpassing DNN Basic (0.9700) and DNN Dropout 

(0.9025). The high-performance of DNN BatchNorm clearly confirms the highly important role of 

batch normalization in stabilizing the learning curve, convergence rate, and reducing internal 

covariate shift. The fact that DNN Basic outperforms DNN Dropout means that dropout, as being 

useful with regard to regularization, possibly prevented valuable representational learning in this 

dataset, which was already balanced through SMOTE and uniform preprocessing. 

Another interesting point as observed in the metrics (Accuracy, Precision, Recall, and F1-score) is 

that the predictive precision and recall bear a consistent good correlation with the deep learning 

models, not due to overfitting. In comparison, SVM and AdaBoost exhibited slight differences 

between precision and recall which is predicted by sensitivity to multimodal class boundaries that 

were caused by the EQI distribution. KNN performed well with a rate of 0.8775 which means that 

KNN has the ability to react to the nonlinear trends in the data. Nonetheless, it still performed worse 

than using neural network models. This decrease seems to be as a result of the approach which uses 

uniform distance associations among features. Though standardization helped in this issue to some 

degree, it was not completely eradicated. 

 
Figure (7): The Receiver Operating Characteristic (ROC) Curve of Deep Neural Network with Batch normalization 

(DNN BatchNorm). 
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Figure (7) demonstrates that the curve aligns with the upper-left corner and the related AUC of 1.000 

is a strong indication that the DNN-BatchNorm model attained the maxi-mum discriminative power. 

This finding empirically confirms the architectural optimization that batch normalization offers and 

observes it as being essential to the stabilization of the learning process and the ability to achieve a 

high degree of success through the use of batch normalization, which leads to error-free separation of 

the multi-class target variable. 

Notably, the overall performance of the model was established due to intrinsic distributional 

properties of the target variable (EQI), especially, its post-SMOTE multimodal form. Classical 

paradigms illustrated a distinct failure to absorb the latent non-linearities, which were based on the 

complicated interaction among the engagement, academic and absence parameters. On the other hand, 

the more profound architectures were simultaneously tuned to learn rich high dimensional 

representations, a result that was entirely consistent with the resulting accuracy hierarchy. 

These results have given a good empirical foundation towards the transfer to Phase Two where a 

Hybrid Stacking Ensemble was built. The choice of the base learners was based on KNN, DNN Basic, 

DNN BatchNorm, and DNN Dropout important to the goal of integrating some complementary 

advantages. The use of KNN helped in the realization of a powerful and locality-based decision-

making factor. Conversely, the three deep learning architectures were complementary to hierarchical 

feature extraction and applied various regularization and normalization methods. The meta-learner 

was a Logistic Regression, which was selected, again, to maximize interpretability and guarantee an 

effective combination of various base predictions, thus avoiding on the one hand ensemble 

overfitting. 

The performance edge of the deep models relative to the classical algorithms justify directly the 

adoption of stacking the models together instead of training them as secluded predictors. Moreover, 

the diversity of their respective architecture adds resilience of the ensemble to bias-variance trade-

offs. The initial results already prove that the model integration is going to be better than the most 

successful single learner (DNN BatchNorm), a finding. 

To conclude, the outcomes of Phase One validate three important lessons: 

1. Deep Neural Networks significantly outperform classical models of ML when fore-casting a 

composite educational index comprising of behavioral and cognitive as-pects. 

2. There are special architectural features, in particular, batch normalization, which give a 

measurable contribution to the stability of DNN performance and the overall efficiency of 

convergence. 

3. The diversity of high-performing models creates favorable environment of hybrid stacking, 

which is expected to leverage the strengths of a particular learner without reducing the individual 

deficiencies. 

https://doi.org/10.59992/IJFAES.2026.v5n5p5


 
 

79 
International Journal of Financial, Administrative and Economic Sciences, London Vol (5), No (5), 2026 
https://doi.org/10.59992/IJFAES.2026.v5n5p5    E-ISSN 2977-1498 

Collectively, these findings justify the hybrid stacking ensemble in Phase Two and give the best 

reference point to compare the performance of the hybrid stacking ensemble with the best individual 

models. 

In Phase Two we used Hybrid Stacking Ensemble to exploit the strengths of different models. The 

level of accuracy of the ensemble was 0.995. Deep neural networks learned stratified features and 

minor interaction between cognitive and behavioral data of students. KNN introduced the local 

decisions to deal with edge cases within the multimodal EQI distribution. The results of all the models 

were put together in logistic Regression to give stability and interpretability. The ultimate outcome is 

a reliable framework which is able to generalize a lot on the dataset, results are indicated in Table 2. 

Table (2): Performance of the Hybrid Stacking Model. 

Model Accuracy Precision  Recall 

HybridStacking Model  0.995  0.995098 0.995025 
 

 
Figure (8): Performance Comparison: Selected ML, DL, and Hybrid Stacking Models. 

The comparison chart in Figure (8) provides a good perspective of the performance of the various 

Machine Learning and Deep Learning models. It reveals that Hybrid Stacking methodology has 

obtained the highest scores in all four indicators, which are accuracy, precision, recall and F1-score. 

The notable difference is that it performed better than even the most powerful single model (DNN 

BatchNorm) that justifies the choice to merge a number of learners. This finding illustrates that there 
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is the possibility of complementing models to increase generalization as well as predictive accuracy 

in analyzing complex educational data. 

These findings have important implications in terms of practicality as well as policy with regard to 

measuring the quality of education. The good results of Hybrid Stacking Ensemble model indicate 

that making the predictions of the composite performance indices may be significantly improved by 

incorporating the structured feature engineering and deep representational learning. The synergistic 

nature of this method allows institutions to discover the nuances of behavior and academic trends and 

make practical implications which can be used to guide effective teaching programs, facilitate 

effective resource distribution, and augment evidence-based policy making. 

The main contributions of this research are outlined in three different fields: 

• Methodological Advancement: The present research suggests an approach to educational data 

mining, which combines structured models with deep learning to increase the predictive power 

of composite educational indices. 

• Empirical Insight: It shows that the integration of multidimensional features is vital since 

cognitive indicators cannot be sufficiently used to measure educational quality. 

• Algorithmic Superiority: It confirms hybrid stacking to be a state-of-the-art method of dealing 

with multimodal and complex target distributions of modern educational data. 

A set of strict data preparation, feature engineering with a focus on the specific features, and a hybrid 

ensemble produced an efficient and scalable model of educational outcomes prediction. Through the 

combination of the advantages of both the classical algorithm and the deep learning models, this study 

was able to have very high predictive accuracy and create a stable basis on which future research on 

educational analytics can be done. Such results also emphasize the increasing importance of AI-based 

analysis in informing and evidence-based educational practice. 

5. Conclusion 

In this work, the analytical approach of Production and Operations Management was applied in 

exploring the use of Artificial Intelligence (AI), more specifically, Machine Learning (ML) and Deep 

Learning (DL) in improving the quality of education. One of the key points in the methodology was 

the creation of an Education Quality Index (EQI), which is a combination of cognitive achievements, 

behavioral engagement, and attendance patterns. Based on this structure, the study proposed a hybrid 

predictive model that can be used to predict student performance effectively on multidimensional 

dynamics. Em-pirical results indicated that deeper architecture, those that use batch normalization 

were consistently more effective than traditional ML in accuracy as well as predictive stability. The 

Hybrid Stacking Ensemble made the accuracy even more and the heterogeneous signals of the EQI 

were also managed well. When combined, such findings suggest that structured feature analysis 

modeling should be integrated with layered representation learning to model complex educational 

data. The resulting framework offers practical advice to school administrators and educators that can 
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be used to prioritize the instructional workload, allocate resources efficiently, and base the policy 

choices on evidence. This framework should be expanded in the future to include more contextual 

variables, including instructional quality and socio-economic factors, and focus on interpretability 

methods to increase levels of transparency and establish trust in AI-assistance education choices. In 

general, the contributions of this work are on three levels methodological, empirical, and algorithmic 

providing an efficient, scalable, and sound framework of using AI to optimize institutional 

effectiveness and student achievement. 
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