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Accurately placing students in appropriate academic programs, such as determining whether 

they are better suited for a particular course, is fundamental to student success and retention. 

This study aims to construct a recommendation model that uses data mining and machine 

learning techniques to guide currently enrolled students in their program to make better 

selections. The research proposes a multi-model architecture that integrates a content-based 

cosine similarity matching component with three distinct machine learning classifiers, 

namely Logistic Regression, Random Forest, and XGBoost. In addition, the models were 

trained and evaluated using 10-fold cross-validation. Performance evaluations revealed that 

XGBoost was the most effective individual classifier, achieving a mean accuracy of 91.7%, 

an ROC-AUC of 97.5%, and a positive-class F1 score of 90.4%. The ensemble model also 

demonstrated strong predictive and recommendation performance, achieving 90.6% 

accuracy and 96.8% ROC-AUC. Logistic Regression achieved an accuracy of 88.7%, while 

the Random Forest model lagged with an accuracy of 83.8%. The findings demonstrate that 

XGBoost and Ensemble models are the most reliable and effective classifiers for predicting 

student course placement on this specific dataset. This hybrid recommendation engine 

successfully translates historical and input data into actionable, data-driven insights to help 

students make informed decisions about their academic careers. 
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I. INTRODUCTION 

The fast and unpredictable life demands a recommendation engine tool that recommends content to users and machines based 

on their preferences and interests, using algorithms to analyze their needs, likes, and wants, drawing on historical data, user experience, 

academic performance, business interests, and other relevant factors, to create individualized recommendations [1-3]. Ensemble 

recommendation models [4], [5] in education combine multiple sources of information or numerous recommendation strategies to improve 

recommendations. The society, which relies heavily on knowledge and information interaction, is a key component in technological 

innovation and a fundamental tool for developing teaching methodologies. Many policymakers in developing countries consider upper-

secondary technical and vocational education and training critical to economic growth and poverty reduction[6], [7]. The education system 

in the Philippines aims to develop high-level professionals who directly impact leadership, business, and employability, advance 

knowledge through research, and apply new knowledge to improve the quality of human life, industrialization, development, and careers 

[8]. These recommendation models may include collaborative filtering, content-based filtering, matrix factorization, and hybrid 

approaches that integrate multiple techniques to improve recommendation accuracy [9-13]. Cosine similarity [14-16] is a metric used in 

data analysis to evaluate the degree of similarity that is not zero and located within an inner product space between two vectors. This 

angle is determined by dividing the dot product of the vectors by the product of their magnitudes. The cosine similarity is not dependent 

on the magnitudes of the vectors, which are solely governed by the angle by which they are oriented.  



 
 
 

 

ITEGAM-JETIA, Manaus, v.12 n.60, p.319-328, July/August, 2026. 

 

 

It is always the case that the cosine similarity falls inside the range of [-1, 1]. The knowledge and understanding to classify the 

student's academic courses/track have been observed and challenged for a long time. It is regarded as an essential topic of study across a 

variety of fields, as it benefits both families, students, and decision-makers. However, the primary purpose of the research was to construct 

a model that can be recommended to students in the field of information technology using recommendation techniques. This pertains to 

the research study that used a recommender model and data mining techniques to provide results on student academic performance. 

Accurately placing students in appropriate courses or academic programs is fundamental to student success and retention. Course 

placement in this context refers to assigning students to the most suitable academic program or track, for example, determining whether 

a student successfully graduates from the Bachelor of Science in Information Technology (BSIT) program or the Bachelor of Science in 

Computer Science (BSCS) program based on their prior and current achievements, skills, and characteristics. Proper placement ensures 

that students are neither overwhelmed nor under-challenged, thereby improving learning outcomes and satisfaction. Traditionally, such 

placement decisions have relied on entrance exams, counselor judgments, and heuristics that may not fully capture a student's multifaceted 

background. The increasing availability of educational data has opened the door for data-driven approaches to augment these decisions. 

In recent years, different techniques in Machine Learning (ML) and artificial intelligence (AI) [17-20] been actively explored as tools for 

predicting student performance and recommending personalized academic paths, not only for students but also for policymakers and 

decision-makers. These models can analyze huge student datasets to recognize complex patterns and predict academic outcomes. Deep 

learning models, in particular, can capture nonlinear relations and connections that traditional statistical methods might overlook. For 

instance, predictive models have been one way used to identify at-risk students in need of intervention, sometimes integrating behavioral 

data, such as online learning activities, with demographic and grade information to trigger timely support. Applying these techniques to 

course placement, recommending the most appropriate course or major for a student, poses unique challenges, such as classification 

problems that include multiple classes (different programs) and require a balance between accuracy, interpretability, and fairness in an 

academic context. This study addresses the issue of identifying students based on first and second-year subjects, demographics, family 

background, and other factors to determine whether they should continue the course, since there are a number of students who are studying 

in different courses however, their grades are more suitable for other courses. The rest of this study is as follows: Section 2, Literature 

review, describes other researchers' views on the different recommended approaches; Section 3, Methodology, describes in detail how 

the ensemble approach works, from data input to final predictions. Furthermore, Section 4 Results and discussions present evaluations of 

metrics, and results from distinct algorithms and an ensemble pipeline using various metrics. Lastly, Section 5 concludes by brief the key 

findings of the study. 

II. RELATED WORKS 

In this section, researchers explore the different methods and approaches used by other researchers in this field.  Logistic 

Regression (LR) has often been used as a baseline for binary classification tasks, such as predicting dropout or pass/fail, due to its 

simplicity and interpretability [21-25]. Traditional classification models such as decision trees, logistic regression, and Naïve Bayes have 

been widely used to predict student success and choices the said algorithms widely used in different systems and approaches, due to their 

simplicity and interpretability. Complex ensemble methods and hybrid systems have recently gained attention for their superior accuracy. 

Learning approaches that combine multiple algorithms have been shown to improve robustness and predictive performance across 

different categories, including educational tasks [26-32]. Combining several classifiers and algorithms, such as SVM, KNN, and linear 

regression, Random Forest (RF) [33], [34], XGBoost (XGB) [3], [35-37] (but not limited to), results in building an ensemble model this 

approach in may cases improve accuracy compared to individual models when predicting different categories of data, including student 

education placements. Deep learning models, especially recurrent neural networks like LSTMs, have also been applied to educational 

data, where temporal or sequential Patterns are relevant [38]. Researchers found that a LSTM network analyzing students' time-series 

behavior in a learning management system outperformed eight conventional classifiers in predicting early course performance. The 

LSTM-based method improved accuracy and earlier detection of at-risk students using clickstream data, highlighting the value of both 

ensemble methods and LSTMs for educational predictions [39-43]. Content-based methods computing similarities to make 

recommendations: each student's profile and each course/program's profile are represented as vectors, and the closest match is found. 

Techniques such as term frequency-inverse document frequency (TF-IDF) [44-46], vectorization, and cosine similarity have been 

employed in course recommendation systems to measure how well a student's profile matches a course's content or requirements. Use of 

TF-IDF on course descriptions and cosine similarity to recommend courses to students based on content alignment [47], [11].  

II.1 MODEL SELECTION AND EVALUATION  

II.1.1 Algorithms 

The researcher established a comprehensive and multiple evaluation benchmark for the algorithms used in this study: multinomial 

Logistic Regression (LR), Random Forest (RF), XGBoost (XGB), and term frequency-inverse document frequency (TF-IDF) by selecting 

the following algorithms and ensemble models.  

II.1.2 Term Frequency-Inverse Document Frequency  

TF-IDF The similarity score ranges from -1 to 1 for TD-IDF values. A value of 1 indicates that the vector points in the same 

direction and is perfectly aligned at 0 degrees. Value 0 indicates that the vectors are orthogonal (perpendicular, with an angle of 90°), i.e., 

uncorrelated, and a value of -1 indicates that the vectors are pointing in opposite directions (angle of 180°). The system computes cosine 

similarities for all training documents, identifies the nearest neighbor based on the highest cosine similarity in dataset, and predicts the 

label for the input content that is most similar to the training data, resulting in the items with the greatest cosine similarities being 

recommended as the most related.  
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Term frequency where tf(𝑡, 𝑑) stands for Term Frequency: the frequency of a term t in document d. idf(𝑡)Stands for Inverse 

Document Frequency, which measures how much information the word provides. The rarer the word in a document, the higher the value 

of the word in terms of information. 

𝑡𝑓(𝑡, 𝑑) =
𝑓(𝑡, 𝑑)

∑ 𝑓(𝑡′, 𝑑)𝑡′
                                                                                  

(1) 

 

 

Cosine similarity dot product represented by numerator x,v, which shows the inner product of two vectors to represent the product 

magnitudes (Euclidean, norms, lengths) of vectors x and v represented by ||x|| ||v||. 

 

   CosineSim sim𝑐𝑜𝑠(𝑥, 𝑣) =
𝑥 .  𝑣

||x|| ||𝑣||
                                                                        (2) 

II.1.3 Logistic Regression  

Logistic regression directly computes probabilities using the SoftMax function. Many researchers use it for text classification 

because it provides the probability that each feature has on the task. Softmax regression, or multinomial logistic regression, uses TF-IDF 

feature vectors to identify and predict content labels. The TF-IDF and logistic regression model compute a score for each possible class 

via a linear combination. Logit represents the raw, unnormalized score produced before it is passed to an activation function like Softmax. 

Where the value 𝑧𝑘  is referred to as a linear predictor or logit 

 

𝑧𝑘 = 𝑤𝑘
𝑇 +  𝑏𝑘                                                                                        (3) 

 

The SoftMax function gets the 𝑧𝑘  to produce a probability distribution over the classes. Where K is the total number of classes. 

In General Machine Learning Context, linear combination is a fundamental building block across many models. 

 

P(𝑦 = 𝑘|𝑥) =
𝑒𝑥𝑝𝑧𝑘

∑ 𝑒𝑥𝑝
𝑧𝑗𝐾

𝑗=1

                                                                                                   (4) 

II.1.4 Random Forest  

The random forest using the TF-IDF features as input, each decision tree in the random forest produces its own predicted class 

for the given input, and then aggregates these individual predictions to make a final decision based on majority voting. Nonlinear 

classifiers in the RF branch can capture interactions among TF–IDF features. Where where ŷ is the final predicted value and b is the total 

number of trees in the forest and ŷ𝑏(𝑥) is the prediction of the 𝑏-th decision tree for the input 𝑥. 

 

ŷ𝑅𝐹  =  𝑚𝑜𝑑𝑒({ŷ1(𝑥), ŷ2(𝑥), … . . , ŷ𝑏(𝑥)}                                                                    (5) 

II.1.5 XGBoost 

The objective function (ℒ), which includes a loss function term 𝑙(𝑦𝑖 , ŷ𝑖)and a regulatory term Ω(𝑓𝑡), Regularization helps 

mitigate the risk of overfitting 

ℒ= ∑ l(yii , ŷi) + ∑ Ω(ft)i  (6) 

  

regularized objective where 𝑤 are the output scores for the leaves with respect to the tree and 𝑇 is the number of leaves in the given tree; 

the value of γ controls the minimum loss-reduction gain needed to split an internal node. Shrinkage is an additional regularization 

parameter in XGBoost that reduces the step size in the additive expansion. A secondary advantage of reduced tree complexity is that 

models are trained faster and require less storage space. Finally, the complexity of the trees can also be limited using other strategies, 

such as limiting the tree depth.  

Ω(ft) = γT +
1

2
λ||w||2                                                                                 (7) 

II.2 PERFORMANCE METRICS  

In this section, the researcher discusses the metrics used to validate the results of this study, applying multiple validation metrics 

that are widely used by researchers.  

Accuracy: as the total number of correctly classified instances and It treats all classes equally. where N is the total number of 

predictions. , 𝑦̂𝑖 is the predicted value for the 𝑖-th instance, 𝑦𝑖 is the actual true value for the 𝑖-th instance and 1( 𝑦̂𝑖 =  𝑦𝑖) It takes the 

value 1 for accurate prediction and 0 otherwise, due to the indicator function's binary nature. The Σ𝑖=1
𝑁  sums the total number of correct 

predictions. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

𝑁
Σ𝑖=1

𝑁 1( 𝑦̂𝑖 =  𝑦𝑖)                                                                             (8) 

 

Precision Calculation: the precision of a specific class, where 𝑘 is the ratio of true positives (𝑇𝑃𝑘) to the total number of instances 

predicted as positive for that class (𝑇𝑃𝑘 + 𝐹𝑃𝑘), includes both true positives and false positives (𝐹𝑃𝑘). 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘 = (
𝑇𝑃𝑘

𝑇𝑃𝑘+𝐹𝑃𝑘
)                                                                                      

(9) 
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Macro recall measures the classifier's ability to correctly identify instances of each class, averaged equally across classes. It is 

especially useful when missing minority classes are costly.TP𝑘: True Positives for class k, the number of instances correctly identified as 

belonging to that class. FN𝑘: False Negatives for class 𝑘 refer to instances that belonged to the class 𝑘 but were missed by the model. 

This metric measures the classifier's completeness or sensitivity in identifying all relevant cases of that class.  

 

𝑅𝑒𝑐𝑎𝑙𝑙𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘 +  𝐹𝑁𝑘
                                                                              (10) 

 

Macro F1 is the unweighted mean of per-class F1 scores. It balances precision and recall per class and is robust to class imbalance 

by preventing dominant classes from overwhelming the metric. The F1 score for class k is the mean of precision and recall, balancing 

these metrics into a single value. Precision (Precision𝑘) measures the accuracy of positive predictions for class k, while recall 
(Recall𝑘 ) identifies actual positive instances. The F1 score is mostly useful for imbalanced datasets as it better reflects model performance 

on the positive class than simple accuracy. 

 

𝐹1𝑘 =
2 ⋅ Precision𝑘 ⋅ Recall𝑘

Precision𝑘 + Recall𝑘
                                                                       

(11) 

 

 

 

Area Under the Curve: measures a model’s ability to differentiate between positive and negative classes for an individual class 

k, denoted as (AUCk). It is an integral of the True Positive Rate (𝑇𝑃𝑅) over the False Positive Rate (𝑥 = 𝐹𝑃𝑅). This integral formulation 

is a known method for computing the AUC from the ROC curve definition. 

 

AUCk = ∫ TPR(x)𝑑
1

0

𝑥                                                                             
(12) 

 

III. METHODOLOGY 

 
Figure 1: Phase I, II, III illustration. 

Source: Author, (2026). 

In this section, the researchers explain how the model uses multiple algorithms and processes to select the best direction for 

students, giving them more chances to complete the course. The process is divided into three Phases: Phase I Input, Phase II Process, and 

Phase III Result. Figure 1 includes several well-known algorithms, such as multinomial Logistic Regression (LR), Random Forest (RF), 

XGBoost (XGB), and term frequency–inverse document frequency (TF-IDF), combined into a single ensemble model. 

 
Figure 2: Phase I: Input Data and Preprocessing. 

Source: Author, (2026). 
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III.1 PHASE ONE 

Located at the top of the model, is called the input phase shown in Figure 2. It includes input data, data preprocessing and cleaning, 

and Concatenation and Label Encoding, starting with a dataset that may contain numerical, rating, timestamp, or string data. In the second 

stage of the first phase, Tokenization & Lowercasing, Noise Removal, stop word Filtering, Label Encoding, and Dataset Splitting, in 

addition to converting the data into a format for analysis. To address limitations in dataset availability due to data privacy laws, the 

researchers created the BSIT and BSCS datasets, augmenting them with a Generative Adversarial Networks(GAN) to used with the 

original dataset and splitting the data into a stratified 80/20 train-test split. The three machine learning models used in this study are 

Logistic Regression, Random Forest, and XGBoost algorithms. In addition, the 10-fold cross-validation was chosen by the researcher; 

furthermore, all code and analysis were run in Google Colab using standard virtual machine resources. The dataset attributes that were 

used in this study are shown in Table 1. After finishing Phase I, all the processed data feeds are sent to Phase II for modeling. 

Table 1: Dataset Attributes. 

Attribute Attribute Attribute 

Age Free time after school Many hours playing games in week 

Sex Going out with friends Weekly study time 

Food habit Schoolday alcohol consumption Easy access to computer 

Family size Weekend alcohol consumption Easy access to internet 

Graduated_from(highschool) Having_mobile Own computer 

Father educational Having smartphone Using a internet per week 

Mother_educational Grade inalgorithms Grade in introduction of computing 

Mother occupation Number subject failures Grade in computer programming 1 

Father occupation Grade in physics Grade in computer programming 2 

Your occupation Grade_in_chemistry Grade in discrete mathematics 

Area flooded during a typhoon or 

heavy rain Home to school travel time Grade in data structures and algorithms 

Mode of transportation to school Romantic_relationship Grade in quantitative methods 

Reason to choose this school Family relationships  

Source: Author, (2026). 

 
Figure 3: Phase II combined multi-models.  

Source: Author, (2026). 
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III.2 PHASE TWO 

Phase two has four multi-models shown in Figure 3: one Similarity-Based Model, two Logistic Regression models, three Random 

Forest models, and four XGBoost models. The research discusses each in the following: 

III.2.1 Logistic Regression    

Figure 3 shown the process starts by converting text into a numerical vector for the machine learning algorithms to process in a 

TF-IDF vectorizer, to compute the weighted sum of each feature, producing one real-valued score (a logit) per class using the SoftMax. 

The logit indicates the likelihood of each class, and the SoftMax stage converts the logits into a probability distribution over classes. 

Finally, the algorithm uses these probabilities to output a single class decision. 

III.2.2 Random Forest  

A technique such as a random forest, an ensemble learning model that uses multiple decision tree methods to find patterns in 

data. To extract meaningful knowledge from the data, each tree is trained on different subsets of data structures. gives it an advantage in 

applying structure to provided data and in finding patterns in large-scale datasets, which allows the diversity among the trees to capture 

a range of patterns, reducing the likelihood of alignment errors. To generate a final prediction, the model typically averages the probability 

estimates from each individual tree, resulting in a more robust and accurate output. Random Forest learns nonlinear decision rules by 

combining many diverse trees, the probabilities stage provides calibrated or quasi-calibrated class likelihoods derived from ensemble 

averaging, and the prediction stage maps those likelihoods to final labels used for reporting results or deployment. 

III.2.3 XGBoost 

This stage starts with a tokenizer that feeds data into the boosting block. XGBoost is a boosting-style ensemble learning process 

in which a strong classifier is created by combining a sequence of weak decision-tree classifiers. The process starts with the first box, 

representing the training samples in their initial form. The process makes an initial prediction, measures the distance to the true labels, 

and updates the model state. The residuals are passed to the next step, emphasizing that the errors serve as the learning signal for that 

step. The process repeats this cycle across multiple columns of a weak classifier, indicating that a weak learner (a shallow tree) is fit to 

the current error structure in the data. The dataset is reweighted or re-focused after each weak learner, so that samples that were previously 

mis-predicted receive greater influence in the next fitting step. 

III.2.4 TF‑IDF  

TF‑IDF vectorizer transforms text into a numerical vector by assigning each term a weight based on how often it appears in a 

document relative to its frequency across the corpus. Common words receive lower weights, and rare and informative words receive 

higher weights. The similarity between two vectors is measured as the cosine of the angle between them, enabling comparison of the new 

input vector with the training data using cosine similarity.After adding each weak learner, the ensemble's predictions change, new 

residuals are computed, and the training distribution or effective loss landscape is updated for the next learner. By combining multiple 

weak decisions, the final component of the boosted ensemble model represents the boosted ensemble formed by combining all weak 

learners, typically as a weighted sum or an additive model, so that each new tree contributes an incremental correction to what has already 

been learned. 

III.3 PHASE THREE 

 
Figure 4: Phase III evaluation. 

Source: Author, (2026). 
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Figure 4 shown by capitalizing on model diversity and focusing on an AI/ML pipeline that ensures the classifications and 

recommendations are multi-model, and the prediction is accurate and robust. After all models predict the output, all predictions combine 

to create final predictions for accomplishing this step the researcher used Weighted Voting, different validations technique used to allow 

the model to decide what is the best perdition for given input data, validations approaches such as accuracy, precision, recall, F1-score, 

ROC-AU and others validations which offers the most accurate model, more influence in decision making and predictions output. 

IV. RESULTS AND DISCUSSIONS 

This section discusses the performance of each model used in this study. Table 2 shows the model the mean of from fold (1) up 

to fold(10), Accuracy Mean, Precision Positive Mean, Recall Positive Mean, F1 Positive Mean, and ROC AUC of the different models 

used in this study top performers among these combined models are the Ensemble model and the XGBoost, both of which can capture 

complex, nonlinear patterns and relationships within the data [48-52].  However, this does not mean that the Random Forest and logistic 

regression underperformed because of the nature of the data provided to the models rather, it shows that different models perform 

differently across datasets [53]. The researcher evaluates Logistic Regression, Random Forest, XGBoost, and an ensemble. The results 

for each model are summarized in Table 2, which shows first that Logistic Regression achieves 88.86% accuracy and F1 of 87.43%, and 

second that the Random Forest classifier performs, attaining 83.86% accuracy and F1-score of 81.71%, third XGBoost scored accuracy 

of 91.73% and F1 score of 90.46%, the ensemble of all three models also achieved 90.64% accuracy, with an F1-score of 89.19%. The 

results show that the model can identify the pattern in the dataset and provide a proper recommendation as output.  

Table 2: Performance of Classification Models on fold(1) to fold(10) Prediction. 

Model Accuracy Mean Precision Mean Recall Mean F1 Mean ROC Mean 

XGBoost (TFIDF) 0.9173 0.9274 0.8929 0.9046 0.9753 

Logistic Regression (TFIDF) 0.8874 0.8800 0.8769 0.8743 0.9693 

Ensemble (Logistic Regression 

(TFIDF)+Random Forest 

(TFIDF)+XGBoost (TFIDF)) 

0.9064 0.9086 0.885897436 0.8919 0.9687 

Random Forest (TFIDF) 0.8386 0.8410 0.803205128 0.8171 0.9093 

Source: Author, (2026). 

  

(a)XGBoost (b)Ensemble(LR+RF+XGBoost) 

 
  

(c)Random Forest (d)Logistic Regression 

Figure 5: ROC output for fold (1) of XGBoost, LR, RF, and Ensemble model. 

Source: Author, (2026). 
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XGBoost Ensemble(LR+RF+XGBoost) 

  
Random Forest Logistic Regression 

Figure 6: ROC output for fold (10) of XGBoost, LR, RF, and Ensemble model. 

Source: Author, (2026). 

Figure 5 and 6 show ROC curves derived from fold (1) and fold (10) other cross validation fold is not included, only across all 

folds for Logistic Regression, Random Forest, XGBoost, and the XGBoost mean score for ROC-AUC is 97.53% and the ensemble model, 

which achieved a mean score of 96.87 and significantly outperformed Logistic Regression with a mean score of 96.93%. Random Forest 

lagged behind with an ROC-AUC mean score of 0.909377289. The ROC curves for the top-performing models in average fold exhibit 

strong concavity toward the upper-left corner, a characteristic indicative of high AUC values.  

V. CONCLUSIONS 

This research uses several algorithms to analyze educational content, applying classification and recommendation methods to 

guide students' program selection and help them make more informed decisions based on data-driven outputs suggested by the algorithm. 

An approach to predict student course placement, focusing on unique features between related undergraduate programs. Across all models, 

XGBoost emerged as the most effective and reliable classifier for these datasets and tasks. The ensemble approach did not surpass 

XGBoost and showed greater variability across folds, suggesting limited benefits from aggregation when the constituent models are 

trained on the same TF-IDF representation, which may yield correlated predictions. A student provides informed information based on 

the recommendations' results, with directions to make more informed decisions based on the given input data and historical data processed 

by the ensemble model. This approach gives students who are currently enrolled in the course the opportunity to be informed whether the 

course is suitable for them or not , which gives them the ability to make an informed decision regarding the course they are currently 

enrolled in. 
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