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Abstract—Future study pathway determination is paramount for 
the secondary students’ further academic development especially 
in preparing themselves for their careers. Without sufficient 
information and guidance, students might be exposed to 
information-limited advice and choices which tend to risk their 
future undertaking. Addressing this crucial decision-making 
challenge in choosing the study pathway while considering the 
students’ career dreams, this paper proposes hybridized machine 
learning models which are career-driven in guiding the students to 
make the right study pathway decision. Upon pre-processing the 
dataset containing essential students’ academic performance-
related data as well as their career aspirations, four different 
hybridized machine learning models are developed to be trained 
and tested with the data for predicting the students’ study 
pathways. The machine learning models studied include random 
forests, decision trees as well as neural networks which are 
hybridized between each other to benefit the diversifying strengths 
of each model. The performance metrics such as accuracy and 
precision have been measured cross-validated to verify the 
model’s dependability. The obtained results demonstrated that the 
proposed career-driven hybridized models perform better than 
the typical existing machine learning models, which echo into 
better decisions offered by the proposed hybridized models in 
advising students’ future study pathway more effectively.  
 
Keywords—Study pathway recommendation, Machine learning, 

Data-driven education, Predictive modeling, Student achievement 

I. INTRODUCTION  

Choosing the right study pathway remains a critical 

challenge for many secondary school students, particularly 

those in their final years of schooling at the secondary school 

level. At this stage, students must select appropriate pathways 

such as matriculation, foundation, or diploma programs that 

will significantly influence their academic progression and 

career prospects [1]. 

This decision-making process is complex, as it depends on 

multiple factors including academic performance, personal 

interests, family background, and long-term career aspirations. 

Poorly informed choices often result in reduced motivation, 

academic underperformance, and dissatisfaction in future 

career trajectories. 

Consequently, many students select educational pathways 

that are poorly aligned with their abilities, personal interests, 

and long-term career objectives [2]. Such mismatches often 

lead to diminished motivation, lower academic achievement, 

and dissatisfaction with future career outcomes. In addition, the 

increasing diversity of student profiles and the growing 

complexity of academic and occupational environments 

highlight the need for more sophisticated and personalized 

approaches to study pathway guidance. 

Traditionally, schools provide career counseling to assist 

students in making these important decisions. Career 

counseling is intended to help learners understand their 

strengths and align them with suitable academic and career 

opportunities. However, conventional counseling approaches 

are often generalized and resource-constrained, making it 

difficult to provide personalized guidance for each student. This 

lack of tailored support contributes to suboptimal decisions that 

may affect long-term educational outcomes. 
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The emergence of data science with machine learning 

methods provide opportunities to address this gap through 

personalized and data-driven recommendations. By analyzing 

patterns in academic records, interests, and career aspirations, 

machine learning can generate tailored study pathway 

suggestions that align with each student’s abilities and goals 

[3]. Such approaches have already been applied in higher 

education to predict dropout risks, improve retention, and 

recommend personalized learning strategies [4]. In addition, 

recommender approaches have been widely adopted in other 

domains such as e-commerce and entertainment, demonstrating 

their potential to deliver customized experiences [5]. However, 

predicting study pathways driven by the students’ career 

aspirations aided by suitably hybridized machine learning 

remain as a significant problem that has not been addressed in 

literature 

Within education, study pathway recommendation can 

provide students with individualized guidance on course and 

program selection, thereby increasing engagement, motivation, 

and academic success. They can also serve as early warning 

signals to identify at-risk students, enabling timely 

interventions. Moreover, educational institutions can leverage 

such approaches to optimize resource allocation in academic 

advising and support services. Despite these benefits, limited 

work has been conducted on applying data-driven 

recommendation approaches specifically for secondary school 

students’ study pathway selection, particularly in local 

contexts. 

This study aims to bridge this gap by developing a data-

driven recommendation approach tailored to secondary school 

students. The proposed recommendation approach leverages 

machine learning techniques to analyze academic performance, 

interests, and career aspirations in order to suggest the most 

suitable study pathways. The main contributions of this work 

are as follows: 

1) Design and development of a career-driven study 

pathway recommendation approach that integrates 

data science and hybridizes suitable machine learning 

techniques to generate personalized study pathway 

suggestions for secondary school students. 

2) Analysis of key influencing factors—including 

academic performance, personal interests, and career 

goals—that shape students’ pathway decisions. 

3) Evaluation of the proposed approach’s effectiveness 

using standard machine learning metrics (accuracy, 

precision, recall, and F1-score), alongside feedback 

from educators and students, to validate its relevance 

and usability. 

By addressing the limitations of traditional guidance 

approaches, this research contributes to the field of educational 

technology and demonstrates the potential of data-driven 

approaches in supporting students’ academic and career 

decision-making. In the next section, the literature review is 

presented, followed by the research method and the result 

sections, before concluded by the conclusion section. 

II. LITERATURE REVIEW 

The integration of data science into education has evolved 

from descriptive analytics to advanced predictive modeling that 

supports academic planning and improvement. Recent studies 

demonstrate that machine learning can significantly enhance 

the accuracy of performance forecasting and guidance in STEM 

and higher education contexts [6,7]. Such models enable 

institutions to anticipate learning outcomes and identify 

students requiring additional support, shifting from reactive to 

proactive educational decision-making [8,9]. 

Research on educational recommender systems further 

reveals how predictive analytics can inform individualized 

study pathways. [1] developed machine learning models to 

predict students’ study path selection, showing that behavioral 

and contextual data contribute to improved recommendation 

accuracy. Similarly, [10] emphasized the role of data science in 

career path analysis, highlighting its value in aligning learning 

choices with employability trends. These approaches 

demonstrate that data-driven insights can connect academic 

trajectories with long-term career aspirations. 

The selection of key predictive variables remains a critical 

factor in model design. Studies commonly incorporate 

academic performance indicators, socioeconomic status, and 

personal interests as major determinants of educational 

outcomes [11,12]. Socioeconomic variables, in particular, 

influence access to learning resources and academic motivation 

[13]. It has been also found in [14] that family expectations and 

perceived social mobility affect students’ higher education 

choices, reinforcing the need to integrate contextual and 

psychological data into predictive frameworks. 

Despite these advances, challenges persist in model 

generalization and ethical deployment. It has been observed in 

[4,15] that data imbalance and limited interpretability hinder 

the reliability of prediction systems. Concerns about 

transparency, bias, and data privacy remain central, especially 

when models are applied to sensitive student information. 

Addressing these issues requires balanced datasets, explainable 

algorithms, and adherence to responsible data governance 

practices. 

Collectively, prior research underscores the growing 

maturity of data-driven educational analytics but also highlights 

gaps in ethical assurance, contextual adaptability, and variable 

interpretability. Building upon these findings, the present study 

seeks to develop an integrative framework that enhances 

prediction accuracy while ensuring fairness and accountability 

in educational guidance systems.  

A. Recommendation Approaches in Education 

In the educational domain, recommendation approaches 

have emerged as a critical tool for providing personalized 

guidance and supporting informed academic decision-making. 

By leveraging artificial intelligence, advanced analytics, and 

machine learning techniques, these approaches are capable of 

processing vast amounts of educational data to generate 

individualized suggestions for students. Such recommendations 

can extend from identifying suitable courses and learning 

resources to offering guidance on long-term academic and 

career trajectories. Recent developments in this field highlight 

their potential to enhance student engagement, improve 

academic outcomes, and facilitate more informed educational 

planning. 
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One of the primary applications of these approaches lies in 

the personalization of learning resources. Algorithms can 

analyze students’ prior performance, preferred learning styles, 

and interests to recommend relevant courses, reading materials, 

online platforms, and even extracurricular activities. This 

approach not only addresses knowledge gaps but also promotes 

deeper engagement by aligning learning experiences with 

students’ strengths and aspirations. As a result, learners benefit 

from more efficient and meaningful educational pathways. 

A second area of application relates to pathway guidance, 

particularly for students at pivotal transition stages, such as 

those preparing to advance from secondary school to higher 

education. By integrating variables such as academic 

achievement, prior course history, individual preferences, and 

career ambitions, study recommendations can suggest routes 

that align with learners’ long-term goals  [11]. This function is 

especially relevant for senior secondary students who face 

complex decisions about their future. 

Study recommendations are also increasingly being 

integrated into early warning frameworks. Through the 

detection of patterns in attendance, grades, and behavioral 

indicators, these approaches can identify students at risk of 

underperformance or dropout. Educators can then intervene 

proactively with tailored support, thereby enhancing retention 

and ensuring equitable opportunities for success. 

Despite these benefits, the deployment of study 

recommendations in education raises several ethical and 

technical challenges. Concerns related to privacy, transparency, 

and algorithmic bias must be addressed to ensure that such tools 

are used responsibly. Protecting sensitive student data and 

providing clarity on how recommendations are generated are 

essential to fostering trust and equity in their use. 

Overall, study pathway recommendations represent a 

transformative development in education, enabling 

personalized support and evidence-based decision-making. 

However, their effectiveness depends on the responsible 

integration of data science techniques and careful attention to 

ethical considerations.  

B. Review on Factors Influencing Pathway Choices 

The effectiveness of any recommendation approach in 

education is inherently tied to its ability to capture and interpret 

the diverse factors shaping students’ academic choices. 

Research consistently emphasizes that study pathway selection 

is a multifaceted process, influenced by academic performance, 

personal interests, socioeconomic conditions, parental and peer 

influence, and the broader educational environment. 

Students’ study pathway decisions are shaped by a complex 

interplay of academic, personal, social, and institutional factors. 

Academic performance remains a major determinant, as 

students with stronger grades often pursue more competitive 

and demanding programs, while those with lower achievement 

levels are guided toward vocational or alternative tracks [16]. 

Alongside achievement, personal interests play a crucial role 

students are more motivated and perform better when their 

studies align with their passions and long-term career 

aspirations [17]. These individual choices, however, are also 

influenced by socioeconomic realities, as students from higher-

income families tend to enjoy wider opportunities and support 

systems compared to those from less privileged backgrounds, 

emphasizing the need for equitable recommendation systems  

[12,13]. 

Beyond individual and economic aspects, parental and peer 

influences significantly affect students’ academic directions, 

with family expectations and social networks shaping 

perceptions of available options  [14,15,18]. The educational 

environment further strengthens or limits these choices 

institutions with quality teachers, robust guidance services, and 

career counseling help students make more informed decisions. 

Recent advances in artificial intelligence (AI) and data science 

have enhanced this process by enabling predictive analytics for 

early intervention and personalized learning support [19]. 

However, while AI-driven tools improve adaptability and 

institutional efficiency, they also introduce challenges of 

fairness, privacy, and ethical governance that must be carefully 

managed in future implementations. 

While prior studies elucidate the multifaceted determinants 

of academic pathway selection, few integrate these 

psychosocial, economic, and institutional factors within a 

unified AI-driven framework. Current research often isolates 

predictors academic, social, or technological without exploring 

their combined predictive synergy. Thus, future studies should 

emphasize hybrid, ethically grounded AI models capable of 

balancing personalization, fairness, and explainability in digital 

education contexts. 

C. Academic Performance Prediction 

The prediction of academic success has been a central theme 

in recent research, with machine learning approaches showing 

strong potential. Ensemble methods, genetic algorithms, and 

feature engineering have been applied to identify at-risk 

students and optimize instructional strategies [20-22]. 

Evidence suggests that models such as Random Forest and 

boosted trees perform particularly well in predicting student 

outcomes across various contexts  [6,11]. These studies 

collectively demonstrate the effectiveness of predictive 

analytics in supporting student success, while also drawing 

attention to the ethical challenges of deploying such methods in 

educational settings. 

D. Machine Learning for Educational Prediction 

Machine learning (ML) has become integral to transforming 

raw educational data into actionable insights. Recent research 

shows that ML-driven recommendation methods can analyze 

academic records, learning behaviors, and personal preferences 

to construct personalized study pathways [15]. Such approaches 

optimize learning by identifying strengths and weaknesses, 

recommending targeted interventions, and aligning study plans 

with students’ long-term goals. 

As tabulated in Table I, the comparative results presented 

highlight notable variations in accuracy across different studies. 

A performance of 98.15% accuracy has been reported in [23], 

which demonstrates the robustness of their proposed model in 

handling classification tasks. An accuracy of 94.7% has been 

reported in [17], reflecting strong yet comparatively lower 

effectiveness under similar evaluation conditions. In contrast, 

an accuracy of 89.6% is reported in [24], suggesting that earlier 

approaches were less optimized compared to recent advances. 
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Interestingly, [9] attained 96.3% accuracy, positioning their 

work between Wang and [17] and [23], thereby indicating 

progressive methodological improvements in recent years.  

TABLE I.  MACHINE LEARNING IN STUDENT PERFORMANCE 

PREDICTION 

Related 

Work 
Objective Algorithm 

Results/Findin

gs 

[7] 
School 

performance 
ML 

MLP classifier 
86–99% 
accuracy 

[17] 
Online 

learning 
model 

Logistic Regression 94.7% 

[9] 
Hybrid 

model study 
CNN+Attention+XG

B 
96.3% 

[23] 

Student 

performance 
prediction 

Random Forest 98.15% 

[25] 
Algorithm 

comparison 
RF, SVM, NN NN best 

[26] 
Multi-class 

grading 
KNN, SVM, RF 2-class best 

[8] 
Methods 
survey 

ANN, SVM, KNN ANN best 

[24] 
Programmin
g course ML 

M5P, Linear Reg. LRC best 

[27] 
ML usage 
overview 

Regression, SVM 
60–80% 
accuracy 

[28] 
Feature-

based 
prediction 

C4.5, SMO, 1-NN Decision tree 

 

Systematic reviews indicate that academic performance 

prediction often relies on diverse input variables, including 

personal, demographic, and behavioral data [8]. Algorithms 

such as random forests, support vector machines, and neural 

networks have consistently demonstrated high predictive 

accuracy [25]. Other approaches, including feature selection 

and ensemble methods, have also been applied to enhance 

efficiency and reliability [10,28]. 

Collectively, these studies underscore the transformative 

potential of machine learning in education, while also stressing 

the importance of addressing fairness, interpretability, and data 

governance in the design of such approaches. 

III. RESEARCH METHOD 

This study adopts a systematic methodology to design and 

evaluate a data-driven recommendation approach aimed at 

guiding secondary school students in selecting suitable 

academic pathways. The approach integrates survey-based data 

collection with secondary datasets, data preprocessing, 

exploratory analysis, machine learning model development, 

and validation. Each stage was designed to ensure reliability, 

reproducibility, and ethical handling of student information. 

A. Methodological Framework 

The proposed career-drive study pathway prediction 

framework follows a concise data science life cycle, as shown 

in Fig. 1, which involves four core phases: problem definition, 

data preparation, modeling, and evaluation. The problem 

definition stage focused on identifying the academic and career 

decision-making challenges faced by secondary school 

students. Data were then collected from two main sources: (i) a 

structured Google Form survey targeting students across 

different schools, and (ii) the publicly available Student 

Performance Dataset from Kaggle. 

 
Fig. 1. Career-Driven Study Pathway Prediction Framework 

 

As visualized in Fig. 1, 2,040 records were identified during 

problem definition, which were then cleaned and reduced to 

2,000 valid samples in the data preparation stage. From these, 

four hybrid models were developed and tested during the 

modeling phase, leading to the selection of one final, optimized 

model for evaluation and validation. 

B. Data Preparation 

The survey instrument was designed with six sections to 

capture diverse factors influencing pathway selection: 

demographics, academic achievement, parental involvement, 

socioeconomic background, career aspirations, and external 

influences such as peer or teacher guidance. Forty students 

participated, providing primary contextual data. The Kaggle 

dataset, which is summarized in Table II, contributed a broader 

set of 2,000 student records containing demographic attributes, 

subject scores, extracurricular participation, and self-reported 

aspirations. Together, these datasets provided both localized 

insights and generalizable patterns. 

TABLE II.  STUDENTS’ PERFORMANCE DATASET 

Column Description 

id A unique identifier for the student. 

first_name and 

last_name 
Student name. 

email Student email address. 

gender Gender of the student. 

part_time_job Whether the student has a part-time job. 

absence_days 
Number of days the student was absent from 
school. 

extracurricular_activities If the student did extracurricular activities 

weekly_self_study_hour
s 

Time spent on self-study during a week. 

career_aspiration The student's career aspiration. 

Subject Scores 
Scores include mathematics, history, physics, 
chemistry, biology, and English, geography 

 

Prior to analysis, datasets underwent cleaning, 

normalization, and encoding. Incomplete or duplicate entries 

were removed, categorical variables (e.g., gender, career 

choice) were converted into numerical codes, and continuous 
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variables were normalized to ensure comparability across 

sources. Outliers were inspected and addressed to maintain data 

integrity. This process ensured that the datasets were consistent, 

reliable, and ready for computational analysis.  

In this research paper, the gender column will be encoded 

as 0 for Male and 1 for female. Each numerical number 

represents at least one career aspiration. Based on the career 

aspirations chosen by the students, the dataset is imbalanced as 

most students aspire to be a software engineer (315), a business 

owner (309), a banker (169) and an accountant (126). 

C. Analytical Techniques 

The study applied both statistical analysis and machine 

learning methods. Descriptive statistics and exploratory data 

analysis (EDA) were employed to identify correlations and 

influential features. For predictive modeling, four algorithms 

were tested: Decision Trees, Random Forests, Support Vector 

Machines (SVM), and Neural Networks. Each was trained on a 

subset of the data and tested on a hold-out sample. Performance 

was assessed using accuracy, precision, recall, and F1-score, 

allowing for a balanced evaluation of predictive capability. 

D. Modelling 

The proposed recommendation model was developed by 

selecting algorithms with the best performance on evaluation 

metrics. This model was then implemented to generate 

personalized study-path recommendations tailored to student 

profiles. The approach was validated through repeated 

experiments to ensure robustness and generalizability. 

Four hybrid models were designed and evaluated to enhance 

the prediction of students’ recommended study pathways: a 

baseline Artificial Neural Network (ANN), Random Forest 

combined with ANN (RF+ANN), Support Vector Machine 

combined with ANN (SVM+ANN), and Gradient Boosting 

Machine combined with ANN (GBM+ANN). The ANN served 

as the baseline classifier, while the hybrid models integrated 

ensemble or margin-based learners to refine feature 

representations before final classification. Experimental results 

revealed that the SVM+ANN model achieved the highest 

accuracy, as the nonlinear separability and margin 

maximization of SVM improved the generalization capability 

of the ANN. Compared to RF+ANN and GBM+ANN, this 

hybridization provided more discriminative input features, 

thereby reducing misclassification and demonstrating stronger 

empirical validation. The novelty of this study lies in the 

tailored integration of classical machine learning models with 

ANN for educational pathway prediction, a domain where 

hybrid learning strategies remain underexplored, thus offering 

new insights into intelligent academic guidance approaches. 

A core principle underlying the baseline Artificial Neural 

Network (ANN) is the forward propagation mechanism, 

expressed as 

                                                 
(1) 

where  and  denote the weight matrix and bias 

vector at layer l,  represents the activations from the 

preceding layer, and  is a nonlinear activation function. 

This formulation enables the ANN to capture complex 

nonlinear mappings from input features to predicted outcomes, 

and it serves as the final classification stage in all four hybrid 

models. 

Within the Random Forest (RF) framework, which 

underpins the RF+ANN hybrid model, feature representation is 

improved through ensemble averaging. The RF prediction rule 

can be written as 

                       (2) 

here  denotes the prediction of the -th decision 

tree and  is the total number of trees in the forest. This 

ensemble mechanism reduces variance and enhances feature 

discriminability, thereby providing more stable and informative 

representations for subsequent ANN-based classification. The 

integration of Support Vector Machines (SVM) within the 

SVM+ANN hybrid is guided by the margin maximization 

principle, formalized as 

,                     (3) 

where  defines the separating hyperplane,  is the bias 

term, and  represents the class label of training instance 

. By enforcing large margins between classes, SVM produces 

refined, linearly separable feature representations that improve 

the generalization capability of the ANN. Empirical findings 

demonstrate that this margin-based refinement is central to the 

superior performance of the SVM+ANN hybrid. In contrast, the 

Gradient Boosting Machine (GBM) incorporated in the 

GBM+ANN hybrid relies on an additive learning process, 

expressed as 

 

              (4) 

where  denotes the boosted model at iteration 

,  represents a weak learner fitted to the residual 

errors of the previous stage, and  is the corresponding 

learning rate. This iterative refinement strengthens sensitivity 

to underrepresented classes and patterns in the data, thereby 

addressing imbalance issues. However, the sequential nature of 

boosting also increases susceptibility to overfitting, as 

evidenced in the comparative analysis against SVM+ANN. 

IV. FINAL EVALUATION AND MEASUREMENT 

The different metrics that can be used to measure the 

effectiveness of the recommendation approach include 

accuracy, precision, recall, and F1-score. Accuracy is defined 

as the ratio between correct recommendations and the total 

number of recommendations. Recall is basically the fraction of 

relevant recommendations out of all the potentially relevant 

recommendations, while precision is the fraction of relevant 

recommendations among the retrieved recommendations. F1-

score is the harmonic means of precision and recall; it is a fair 

measure that describes the effectiveness of the proposed 
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approach. The measurement metrics or parameters used in this 

research paper are as follows: 

A. Accuracy 

The accuracy of the multi-class classification for predicting 

the study pathway based on the careers is given as follows: 

 ,                                       (5) (5) 

where  = number of classes,  = true positives for class 

,  = false positives for class ,  = false 

negatives for class . 

B. Precision (per class i) 

The precision of the multi-class classification for 

predicting the study pathway based on the careers is given as 

follows: 

 ,                                                     

(6) (6) 

where the Macro-Precision and Micro-Precision are given as 

follows 

Macro-Precision:                                 

(7) (7) 

Micro-Precision:                                          

(8) (8) 

C. Recall (per class i) 

 The Recall formula of the multi-class classification for 

predicting the study pathway based on the careers is given as 

follows: 

 ,                                                           

(9) (9) 

with 

Macro-Recall:                                         

(10) (10) 

Micro-Recall:                                            

(11) (8) 

D. F1-Scorel (per class i) 

 The F1-Score formula of the multi-class classification for 

predicting the study pathway based on the careers is given as 

follows:  

 ,                                               

(12) 

with 

Macro-F1:                                                   

(13) 

Micro-F1:  

                (14) 

 

V. ETHICAL CONSIDERATIONS 

Ethical and regulatory considerations were integral to the 

development and implementation of the proposed AI-based 

educational and decision-support framework. All datasets were 

processed under strict adherence to established protocols of 

confidentiality and data protection, ensuring that no individual 

identity could be traced. Emphasis was placed on model 

transparency and interpretability to strengthen accountability 

and nurture users’ confidence, especially when system-

generated insights could affect academic progression or career 

pathways. The conceptual foundation of this framework 

resonates with international standards such as the General Data 

Protection Regulation (GDPR) and comparable legislative 

directives that advocate equitable data usage, responsible 

governance, and algorithmic clarity. Subsequent applications 

will incorporate systematic compliance evaluations and explicit 

consent procedures to reinforce the ethical integrity of AI 

adoption within authentic educational environments. 

VI. RESULT 

This study utilizes the student_score dataset as a foundation 

for constructing a recommendation framework guided by the 

data science life cycle. The process involves systematic data 

preparation, application of machine learning models, and 

rigorous performance evaluation The primary objective is to 

assess the predictive ability of various algorithms in identifying 

suitable academic pathways for secondary school students. 

Four distinct classifiers—Random Forest, Support Vector 

Machine (SVM), Decision Tree, and Neural Network—are 

implemented and benchmarked against one another. Their 

performance is measured using standard evaluation metrics, 

including accuracy, precision, recall, and F1-score, thereby 

enabling the identification of the most effective model to 

support students in making informed choices 
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Fig. 2. The Distribution of Subject Scores 

 

In Fig. 2, several histograms have been produced to 

measure and plot the distribution of students’ performance or 

scores in different subjects. The histograms provide a clear 

overview of student performance across several subjects, 

namely mathematics, history, physics, chemistry, biology, 

English, and geography. In mathematics, physics, and 

English, the distributions are heavily concentrated within the 

80–100 range, indicating that most students performed 

strongly in these areas with relatively few low scores. Such 

clustering suggests consistent achievement in these core 

subjects, reflecting both higher levels of proficiency and 

possibly greater emphasis in instruction. In contrast, the 

results for chemistry, biology, and history are more evenly 

distributed across wider score ranges, reflecting a mixture of 

average and high performance. While peaks around the 90 

marks in history and biology highlight the presence of strong 

achievers, the overall spread indicates greater variation in 

performance compared to mathematics and physics. 

Geography displays the widest distribution among all 

subjects, with scores spread across a broad range but showing 

a modest concentration between 85 and 95. This indicates 

that while many students performed well, the level of 

consistency was lower than in other subjects. Taken together, 

the data highlight two distinct patterns: consistent, high 

achievement in mathematics, physics, and English, and more 

varied performance in chemistry, biology, history, and 

geography. These patterns are significant as they may inform 

how students’ subject strengths influence their academic 

pathways and career decisions. The results suggest that while 

students demonstrate solid grounding in technical and 

language-based disciplines, there remains notable variability 

in other subject areas, pointing to the need for targeted 

pedagogical strategies to support more balanced outcomes 

across the curriculum. 

In a bid to produce a career-driven study pathway 

prediction, a mapping between the career aspirations and the 

suitable and recommended study pathway is proposed. The 

suggested mapping can be seen in Table III. Such a guided 

mapping ensures that students are channeled to academic 

courses that best suit their dreams and innate capabilities. To 

keep the options open, the recommended study pathways are 

either pure science study pathway or social science study 

pathway. 

This study evaluated four hybrid classification models 

for predicting students’ recommended study pathways based 

on academic profiles and career aspirations (Fig. 3). The 

baseline ANN (Hybrid A) showed moderate accuracy but 

was limited by class imbalance and feature interaction issues, 

consistent with findings by [29], where standalone ANNs 

performed inconsistently on educational data. 
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TABLE III.  MAPPING OF CAREER ASPIRATIONS TO 

RECOMMENDED STUDY PATHWAYS 

Career Aspiration Recommended Study Pathway 

Software Engineer Pure Science Study Pathway 

Business Owner Social Science Study Pathway 

Unknown Social Science Study Pathway 

Banker Social Science Study Pathway 

Lawyer Social Science Study Pathway 

Accountant Social Science Study Pathway 

Doctor Pure Science Study Pathway 

Real Estate Developer Social Science Study Pathway 

Stock Investor Social Science Study Pathway 

Construction Engineer Pure Science Study Pathway 

Artist Social Science Study Pathway 

Game Developer Pure Science Study Pathway 

Government Officer Social Science Study Pathway 

Teacher Social Science Study Pathway 

Designer Social Science Study Pathway 

Scientist Pure Science Study Pathway 

Writer Social Science Study Pathway 

 

Hybrid B (RF + ANN) improved feature representation 

by using Random Forest embeddings before ANN 

classification, yielding better recall and precision. Similar 

outcomes were observed in [30], which applied Random 

Forest integrated with Deep Neural Network, and [31], which 

generally hybridized the models for general classification. 

However, RF’s averaging effect reduced boundary sharpness, 

limiting fine-grained discrimination. Hybrid C (SVM + 

ANN) achieved the best overall performance, producing the 

highest accuracy and balanced F1-score. The SVM layer’s 

margin-based filtering enhanced separability and reduced 

overfitting—consistent with what observed in [32], which 

reported superior generalization and interpretability using 

SVM–ANN frameworks. 

Meanwhile, Hybrid D (GBM + ANN) improved 

minority-class sensitivity but suffered from overfitting. 

Overall, Hybrid C provided the best trade-off between 

accuracy, stability, and interpretability, affirming evidence 

that margin-based neural hybrids outperform other ensemble 

approaches for educational decision-support [33]. 

 

 
Fig. 3. The Accuracy Achievement Comparison 

Fig. 4 shows the confusion matrix recorded for each of 

the hybrid models trained and tested with the dataset. It can 

be seen from this figure that the False Negatives recorded in 

the case of Hybrid A, Hybrid B and Hybrid D are relatively 

much higher than that of Hybrid C. In other words, the hybrid 

models mistakenly predict considerable numbers of students, 

who are supposed to be recommended to enrol for the pure 

science pathway, to be recommended with the social science 

pathway. 

On another note, it can also be observed from Fig. 5 that 

Hybrid C, which is integrating Random Forest and Artificial 

Neural Networks with SMOTE-based imbalanced data 

handling, exhibits the best accuracy performance by having 

the highest number of True Positives, recording 23 of them 

as compared to the other hybrid models which are only 

capable of recording less than 15 True Positives.  

 

   
 

       
 

 
 

Fig. 4. Confusion Matrix of Hybrid A, B, C and D Models. 

VII. CONCLUSION 

In conclusion, this study demonstrates the potential of 

hybrid deep learning models in accurately predicting career-

driven study pathways for secondary school leavers. Among 

the four models evaluated, Hybrid C (SVM+ANN) 

consistently outperformed the others by achieving the best 
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trade-off between accuracy, stability, and generalization, 

highlighting the strength of margin-based refinements in 

enhancing neural network performance. The findings suggest 

that integrating support vector mechanisms with ANN 

provides a more robust and interpretable framework for 

addressing the complexities of educational pathway 

prediction. This work contributes to the growing body of 

research on AI-driven educational guidance and offers a 

promising foundation for developing scalable 

recommendation approaches to support students in making 

informed academic and career decisions. Future research 

should further explore longitudinal validation, fairness 

considerations, and real-world deployment to maximize the 

societal impact of such approaches. 
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