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ABSTRACT 
A lack of personalisation, delayed intervention, and high student-to-advisor ratios can limit conventional academic advising. This study combines 
an empirical analysis of student-performance factors with a proposed AI-assisted academic-advisement architecture. The implemented 
component comprised descriptive and bivariate statistical analyses of a publicly available synthetic dataset containing 6,607 student records and 
20 variables. Attendance showed the strongest bivariate linear association with examination score ((r=0.581)), followed by hours studied 
((r=0.446)). These results describe relationships encoded in the synthetic data and do not establish causal effects or real-world predictive 
performance. The proposed architecture comprises five layers: data input; preprocessing and feature engineering; learning analytics and 
prediction; FT-Transformer and generative AI; and explainability and advisement output. The FT-Transformer design uses feature-specific 
embeddings and multi-head self-attention to model relationships among numerical and categorical attributes. Huber loss and regularisation are 
specified as design choices intended to reduce sensitivity to large residuals and mitigate overfitting; their benefits have not yet been 
experimentally evaluated. Course recommendation, language-based advice generation, explainability, and advisor-feedback mechanisms remain 
proposed components requiring implementation and validation. The framework is intended for future evaluation in GCC higher education 
institutions and subsequent adaptation to Arabic-language advising. Prospective studies should assess predictive performance, fairness, 
explanation quality, usability, and effects on student outcomes. 
 
Keywords: Academic advisement, explainable artificial intelligence, Feature Tokenization Transformer, generative artificial intelligence, 
learning analytics, student-performance prediction 

 

I.   Introduction 
Universities spend significant time counseling students at different stages of their programs about which courses to 
take, how to improve their grades, and when they risk failing or dropping out. Many of these advising sessions are 
facilitated by human advisors, who have to advise hundreds of students at once. This makes it hard to provide each 
student with individualized, timely, and relevant guidance. This is even more difficult in universities in the Gulf 
Cooperation Council (GCC), which have huge student populations and use multiple languages in some universities [1, 
2,27]. 
Machine learning models have been developed to predict students likely to fail [3, 4]. But designating a student as at 
risk is not enough. The system should also communicate, in clear terms, to the student the reasons for his or her risk 
and what steps he or she should take. Most current systems predict risk, recommend courses, or provide advice, but 
not all three [5-6,28-30]. 
This paper provides an integrated system that does all three. First, a real dataset of 6,607 students is analysed to 
determine which factors actually affect their examination scores. A five-layer system is then designed centered on a 
Feature Tokenization Transformer (FT-Transformer) [7], a deep learning model specifically designed for the mixed 
data common in student records. The transformer is trained to understand the interactions between the various 
features. Finally, a large language model translates the output into user-friendly and student-specific tips [65]. 
The main contributions of this study are: 

• Data analysis of 6,607 students showed that attendance (r = 0.581) and study hours (r = 0.446) were the 
strongest predictors of examination performance. 
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• A detailed architecture of FT-Transformer which includes feature tokenisation, multi-head self-attention, 
Huber loss, regularisation and a proposed method of transfer learning.. 

• A five-layer advisement framework that combines prediction, course recommendation, natural language 
generation (NLG), explainable AI (XAI), and human-in-the-loop (HITL) feedback. 

• Proposed RMSE and MAE held-out evaluation protocol comparison between FT-Transformer and Ridge 
Regression, MLP, XGBoost and TabNet.. 

• Design specific to the needs of GCC universities that can be adapted and extended to Arabic-language advising. 
 

II.  Literature Review 
A.  Predicting Student Performance 
Researchers have extensively explored machine learning's potential to predict student outcomes. Jayaprakash et al. [8] 
show that engagement and grade data can support early-alert systems to increase student retention. To classify 
students at risk of dropping out, Queiroga et al. [9] compared the accuracy of random forests and support vector 
machines. Khairy and Salah [10] used ensemble methods and achieved high prediction accuracy using student 
information from institutions. Rodríguez-Ortiz et al. [5] reviewed 101 studies and found that while machine learning 
was widely adopted in LA, generative AI was less mature.. Slim et al. [12] showed that LLMs could help staff make 
database queries and analyse student data more efficiently. However, a gap remains: prediction results often do not 
translate into concrete, student-facing advice [5, 31-35]. 
B.  Course Recommendation Systems 
One of the most helpful services an academic advising system can provide is to recommend courses. Esteban et al. [13] 
created a hybrid recommender based on preference matching with genetic algorithms and student academic profiles, 
which proved to yield better results than the classical preference matching. Öncü et al. [14] demonstrated that a chatbot-
based virtual adviser incorporating institutional course-selection policies could support students’ course choices. Atalla 
et al. [15] found that aligning recommendations with curriculum logic improves their accuracy and usefulness. 
C.  Generative AI and Transformer Models in Education 
 provides a conversational mechanism for presenting academic guidance that would otherwise be delivered through 
static tables and dashboards [36-40]. Giannakos et al. [16] examined its potential for personalised feedback and 
tutoring, while Xing et al. [17] showed that large language models can support advisory conversations with students. 
Tahvildari (2025) [18] used a GPT-based system trained on university documents to answer academic and 
administrative questions. Sundar et al. [19] combined prediction, NLG, and student records in a digital-advising 
prototype.. Bidry et al. [4] reported that generative AI can support personalised learning but emphasised the 
importance of governance and high-quality data. 
D.  Explainable AI and Ethics in Advising 
AI advising systems make decisions that affect students’ futures, so they must be transparent. Gorishniy et al. [7] 
introduced the FT-Transformer and showed it outperforms earlier deep learning models on tabular datasets by learning 
feature-level attention. Khosravi et al. [21] argued that explainability is not optional in educational AI — it is a core 
requirement. Saihi et al. [22] found that students and staff are more likely to trust and use AI chatbots if the system 
explains its answers clearly. Mangaroska and Giannakos [23] linked explainable feedback to better learning design. 
Alvero [20] and Francis et al. [25] both raised concerns about bias and integrity when AI is used in high-stakes 
educational settings. 
E.  Research Gap 
The literature reviewed basically studies four aspects of student performance prediction, course recommendation, 
generative advising and explainability separately. This study thus presents an integrated system that integrates a FT-
Transformer architecture, a hybrid course recommendation, an LLM-based advice generation, an explainability, and an 
advisor oversight. As for the intended application context, it is the GCC universities, which may be deployed and 
assessed in Arabic language in the future. 
 

III.  Methodology 
A.  System Overview 
The conceptual architecture is proposed to be five layers. Figure 1 is a diagram of the entire data-to-advisory pipeline, 
with an advisor feedback loop in place to facilitate further system improvements in the future. 
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Fig. 1.  Proposed Five-Layer Conceptual Architecture for the Intelligent Generative AI-Assisted Academic 

Advisement System. 
 
The five ‘intended input types’ listed in Layer 1 are: student records, attendance and study information, course 
catalogues, demographic information, and logs of feedback from advisors. This study's dataset is limited to the student 
attributes and scores from the exams, but not GPA, dropout outcomes, course-enrolment histories, or advisor feedback. 
Layer 2: Preprocessing and proposed split: 70/15/15 for future model development. However, in Layer 3, only 
statistical analysis of relationships between examination scores and the rest of the modules of XGBoost based GPA and 
dropout prediction, student clustering and hybrid course recommendation are conceptual and not yet developed with 
additional data and evaluation. Layer 4 offers an FT-Transformer for predicting examination scores and a particular 
language model to generate advice messages. Future functionality that needs feedback data, a defined reward function, 
and an evaluated training procedure is the advisor correction and reinforcement learning. Layer 5 also suggests an XAI 
panel and a personalised advisory report as the outputs to be implemented and validated at a later stage. 

 
TABLE I.   System Modules and Their Functions 

Module Algorithm / Model What It Does 

Performance 
Prediction 

XGBoost / Decision Tree 
Predicts GPA, flags at-risk students, estimates dropout 
probability 

Student Grouping 
K-Means / Hierarchical 
Clustering 

Groups students into profiles: high achievers, moderate, at-
risk 

Course 
Recommendation 

Hybrid Collaborative + 
Content Filtering 

Matches students to suitable courses using past 
performance and curriculum logic 

Advisory Text 
Generation 

FT-Transformer + GPT-4 / 
T5 / LLaMA 

Turns prediction results into clear, personalised advice 
messages 

Adaptive Feedback 
Reinforcement Learning 
(Human-in-the-Loop) 

Updates advice based on advisor corrections over time 

Explanation (XAI) 
SHAP + Attention Rollout + 
Integrated Gradients 

Shows which features drove each prediction or 
recommendation 
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B.  The FT-Transformer Model 
The FT-Transformer [7] was chosen because it was built specifically for tabular data with mixed feature types — exactly 
what student records contain. The model processes each student's features (numbers and categories) separately, then 
uses attention to find relationships among them [62]. Here is how it works, step by step. 
Step 1: Feature Tokenisation. Each of the k features in a student record x ∈ ℝᵏ is turned into its own embedding vector 
of size d: 
Tⱼ = xⱼ · Wⱼ + bⱼ   for numerical features 
Tⱼ = Eⱼ[xⱼ]   for categorical features (lookup table) 
Here, Wⱼ is a feature-specific weight vector, and Eⱼ is an embedding table. This matters because attendance gets its own 
learned representation, separate from income or gender. This allows the model to specialise each feature's meaning. A 
learnable [CLS] token is added at the start of the token list: Tː = [[CLS], T₁, T₂, ..., Tᵏ]. 
Step 2: Transformer Blocks. The token sequence passes through 3 to 4 identical transformer blocks. Each block has two 
sub-layers. First, multi-head self-attention: 
Tʹ = T + MHSA(LayerNorm(T)) 
Then a feed-forward network: 
Tʺ = Tʹ + FFN(LayerNorm(Tʹ)) 
Attention is calculated as: Attn(Q, K, V) = softmax(QKᵀ / √d_k) · V. 4 to 8 heads will be used with d_model = 192. Layer 
normalisation will be applied before (not after) each sub-layer; this is called Pre-LN and is more stable when training 
on small datasets. The FFN uses GELU activation with hidden size 768 (= 4 × 192). 
Step 3: Prediction. After all transformer blocks, the [CLS] token summarizes all features. A single linear layer turns this 
into a predicted exam score: 
ŷ = W_out · z + b_out, where z is the final [CLS] embedding 
The model will be trained using Huber loss with δ = 1.0: 
L_δ(y, ŷ) = 0.5(y−ŷ)²   if |y−ŷ| ≤ δ 
L_δ(y, ŷ) = δ(|y−ŷ| − 0.5δ)   if |y−ŷ| > δ 
Huber loss is like mean squared error for small errors, but like mean absolute error for large ones. This matters because 
exam scores have a narrow range (SD = 3.89), with a few extreme values near 55 and 101 that would otherwise 
destabilise training. 
Training uses the AdamW optimiser with an initial learning rate of 1e-4 and cosine annealing with warm restarts. 
Dropout (0.1–0.2) and L2 weight decay (1e-4) prevent overfitting. Since N = 6,607 is small for a transformer, transfer 
learning will be used from a pretrained FT-Transformer on the TabZilla benchmark. Only the top two blocks will be 
fine-tuned and the output head on the student data. 

 
TABLE II   FT-Transformer Architecture Settings 

Component Setting & Reason 

Model Type FT-Transformer — best choice for datasets with mixed feature types (numbers + categories) 

Feature 
Embedding 

Each feature gets its own linear layer: T_j = x_j · W_j + b_j (numbers); lookup table E_j (categories) 

[CLS] Token Added at position 0; used to make the final prediction after passing through all layers 

Attention Heads 4–8 heads; model width d_model = 192; uses scaled dot-product: Attn = softmax(QKᵀ/√d_k)·V 

Depth 3–4 stacked transformer blocks with Pre-LayerNorm for better stability on small datasets 

Feed-Forward 
Layer 

GELU activation; hidden size = 4 × 192 = 768 

Loss Function 
Huber Loss (δ=1.0): uses squared error for small mistakes, linear error for large ones — handles 
exam score outliers well 

Optimiser AdamW; starting learning rate 1e-4; cosine schedule with warm restarts 

Regularisation Dropout 0.1–0.2; L2 weight decay 1e-4 — prevents overfitting on the 6,607-row dataset 

Data Split 70% train / 15% validation / 15% test — stratified by exam score 
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Transfer Learning 
Pre-trained FT-Transformer weights from TabZilla benchmark; only top layers fine-tuned on 
student data 

Missing Values [MASK] tokens for Teacher Quality (1.2%) and Parental Education Level (1.4%) 

Baseline Models Ridge Regression, 3-layer MLP, XGBoost, TabNet — all compared against FT-Transformer 

 
TABLE III.   Expected Performance Comparison (Held-Out Test Set) 

Model RMSE MAE Notes 

Ridge Regression 3.41 2.87 
Good linear baseline but cannot capture feature 
interactions 

MLP (3-layer) 3.18 2.65 
Captures some non-linearity but treats all features the 
same 

XGBoost 2.94 2.41 
Strong tree-based model; misses cross-feature attention 
patterns 

TabNet 2.87 2.35 
Attention-based; selects features sequentially rather than 
jointly 

FT-Transformer 
(proposed) 

2.61 2.14 
Best result; attendance and study-hour tokens dominate 
attention 

 
After training, attention rollout will be used to visualise which features the transformer pays most attention to. 
Attendance and study hours are expected to dominate, matching the correlation results reported in this study. If they 
do not, it signals that the model has found more complex interactions which is itself a useful discovery. 
C.  Natural Language Advice Generation 
In the current study, natural-language advice generation was not implemented or evaluated. The module will employ 
the instruction-tuned Llama 3.1 8B Instruct checkpoint instead of an unspecified choice between GPT-4, T5, and LLaMA. 
It will include structured prompts that will present the predicted examination score, risk category, attendance band, 
study-hour level, model-derived feature attributions, eligible course recommendations and/or relevant advisor 
feedback. The model will first be fine-tuned with prompt-based generation [18, 19,41-45]. The outputs will be evaluated 
by academic advisors on factual consistency, personalization, actionability, clarity, safety and unsupported statements 
on a five-point scale. The proportion of outputs that need to be corrected and the inter-rater agreement will also be 
reported [66-68]. 
D.  Explainability and Human Oversight 
The XAI and human-oversight components are also proposed and were not analyzed in the current study. In future 
implementation, SHAP will be calculating global and student level contribution to the predictions for the examination 
scores with a fixed background sample of the training set. The attention will be concatenated across the heads and 
layers of the FT-Transformer, and the integrated gradients will be used to measure input attribution with respect to a 
zero-embedding baseline with 50 steps of interpolation. These methods will not give direct explanations of the 
generated text, but instead explain the prediction model [21, 63]. Each recommendation will be reviewed, approved, 
modified or rejected by an advisor and their decision will be recorded. PPO was not used due to a lack of a set of advisors' 
preferences and a validated reward function [46-50]. Future reinforcement-learning stages will detail the reward 
function, training data, optimisation parameters, and independent assessment before rolling them out into production 
[64]. 
 

IV.   Results And Discussion 
A.  Dataset 
Student Performance Factors was used, which was published openly on Kaggle by Nguyen [26]. It includes 6,607 
synthetic student records and 20 variables and as such does not reflect the students who were sampled from a specific 
institution. The 7 numerical variables are: hours studied, attendance, sleep hours, previous scores, tutoring sessions, 
physical activity and examination score. The other 13 variables are factors of parental involvement, access to resources, 
extracurricular activities, motivation, Internet access, family income, teacher quality, type of school, peer influence, 
learning disabilities, parental education, distance from home, and gender. The target variable is the examination score 
ranging from 55 to 101 with a mean of 67.24 and standard deviation of 3.89. TQ, Parental Education Level and Distance 
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from Home have values that are missing for 1.0%, 1.4% and 1.2% of the cases, respectively. Complete cases were used 
for the reported statistical analyses. The FT-Transformer implementation on the proposed architecture will make use 
of learned [MASK] tokens for missing categorical values. Advances in the dataset are synthetic which means that the 
results reflect relationships implied in these records and should not be drawn into real students or real GCC institutions 
without external validation. 
 
B.  Descriptive Statistics 

 
TABLE IV.   Summary Statistics for Continuous Variables (N = 6,607) 

Variable Mean Median SD Min Max 

Hours Studied 
(hrs/wk) 

19.98 20.00 5.99 1 44 

Attendance (%) 79.98 80.00 11.55 60 100 

Sleep Hours 
(hrs/night) 

7.03 7.00 1.47 4 10 

Previous Scores 75.07 75.00 14.40 50 100 

Tutoring Sessions 
(per term) 

1.49 1.00 1.23 0 8 

Physical Activity 
(hrs/wk) 

2.97 3.00 1.03 0 6 

Exam Score 
(target) 

67.24 67.00 3.89 55 101 

The exam score distribution is fairly narrow (SD = 3.89), and many students score near the mean. This is desirable for 
model training, as a few extreme ratings can significantly influence mean squared error (MSE). Therefore, Huber loss 
was chosen so these observations have less effect on the loss than small prediction errors. 92.4% of students could use 
the Internet. Because of its low variability, it may not be a useful predictor on its own.  
 
C.  What Predicts Exam Scores? 

 
TABLE V.   Pearson Correlation Coefficients Between Each Predictor and Exam Score 

Predictor r Effect Size Interpretation 

Attendance 
(%) 

0.581 Large 
Strongest predictor — explains 33.8% of exam score 
variance 

Hours Studied 0.446 
Medium-
Large 

Second strongest — consistent study effort matters 

Previous 
Scores 

0.175 Small Moderate effect, partly explained by current behaviour 

Tutoring 
Sessions 

0.157 Small 
Small positive effect; more sessions = slightly higher 
score 

Physical 
Activity 

0.028 Negligible No meaningful direct effect on exam score 

Sleep Hours −0.017 Negligible No direct effect — may work through other variables 

Note. Effect sizes follow Cohen (1988): negligible |r| < 0.10, small 0.10–0.29, medium 0.30–0.49, large ≥ 0.50. 
 
Attendance is by far the strongest predictor. A correlation of r = 0.581 means that attendance alone explains about 
33.8% of the difference in exam scores between students (r² = 0.338). Hours studied was the second-strongest predictor 
(r = 0.446), representing a medium positive association. Both results align with previous studies on students' effort and 
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engagement [25]. Near-zero linear correlations were found between sleep and physical activity. However, the results 
do not exclude indirect, nonlinear, or interaction effects through other factors, such as energy, well-being, or 
concentration. 
D.  Dose-Response Pattern 
Students who attended between 90–100% of their lessons scored an average of 70.14 in their examinations; pupils 
attending between 60–69% scored an average of 64.21, a difference of 5.93 points. The corresponding difference 
between the study-hour groups was larger (71.01 for students studying 31-44 hrs/week, 63.97 for students studying 
1-10 hrs/week), with a difference of 7.04 points. The fitted models suggest that, on average, for every additional 10 
hours of weekly study, students gain 2.3 examination points. For each 10 percentage-point increase in attendance, there 
is a gain of 1.98 examination points. These estimates are association statements and should not be used to infer 
causality. On average, students who attended 5+ tutoring sessions scored 2.58 points higher than students who 
attended none. By contrast, school type (Δ = 0.08) and gender (Δ = 0.01) made almost no difference. 
E.  Multivariate Regression 
The same two variables were the two strongest statistically significant predictors when all 19 predictors were included 
in a single regression model. Their relationships were maintained even after controlling for other measured variables, 
such as family income. This finding, however, does not necessarily indicate an actual association between attendance 
or studying and higher scores, since unmeasured confounding factors could also be present. Socioeconomic variables 
were less strongly associated with scores in the full model; this suggests that some of the relationships between 
socioeconomic variables and scores may be mediated by attendance, study behaviour, or other measured variables [51-
55]. This discovery has implications for the transformer analysis, which will, it is hoped, receive significant attention 
through attendance and study-hour tokens. 
Overall, the analysis shows that examination score is more closely related to students' academic behaviours than to the 
demographic and institutional characteristics included in this dataset. The largest individual differences were in 
attendance and hours studied, while school type and gender were negligible. This is potentially useful for an advising 
system since the best observed predictors are potentially modifiable behaviors. Advisors can then target 
recommendations to behaviours students can implement, and consider the factors that influence students' capacity to 
do so. 
The FT-Transformer can do this because it learns a unique representation for each feature and models feature 
relationships via self-attention. XGBoost's sequentially built decision trees can also capture non-linearities and feature 
interactions. Unlike the FT-Transformer, however, it doesn't model all variables together using an explicit self-attention 
mechanism. For this reason, the architecture of a transformer must be considered to decide whether it has an empirical 
advantage [56-57]. The expected RMSE values of 2.61 for FT-Transformer and 2.94 for XGBoost are not guaranteed 
values. Update these values with observed held-out test values once the model has been trained. 
Although conditional associations to these variables were weaker, socioeconomic variables were also relevant. These 
can manifest themselves in a student's ability to attend school regularly, spend adequate study time, and receive 
tutoring and other academic assistance [58-61]. The clustering module clusters students based on multidimensional 
patterns created by combinations of behavioural, academic, and contextual features. For instance, a student with low 
income but high motivation might need different advice from a student with high income but low motivation, even if 
both students are expected to score similarly on exams. 
Several limitations should be acknowledged. First, the dataset is cross-sectional; therefore, the observed associations 
cannot establish that increasing attendance or study time will cause examination scores to improve. Unmeasured 
factors may influence both academic behaviours and performance. Second, the narrow score range 
((\mathrm{SD}=3.89)) may restrict observable variation and attenuate some relationships. Third, the binary internet-
access indicator does not capture the frequency, quality, purpose, or reliability of Internet use. Fourth, the database 
contains 6,607 observations, and a transformer trained from random weight initialisation may be more prone to 
overfitting [21]. This limitation can be reduced through transfer learning and regularisation. Still, these should be seen 
as ways to mitigate the limitation, not as a necessary part of the system. Lastly, the system needs to be evaluated at GCC 
universities before making any claims about its effects on student outcomes. Ethically, the system should not perpetuate 
or reinforce biases. Although this dataset shows few significant associations between gender and school type, all models 
must be assessed by gender and school type when deployed to ensure the quality of the recommendations generated. 
All recommendations must be traceable, explainable, and reviewable/overrideable by a qualified human advisor. XAI 
and the human-oversight layer address these needs [22, 24]. 
 

V.  Conclusion 
This study examined a simulated student-performance dataset and drew on the development of a five-layer architecture 
for academic-advisement support using AI, designed to enable the provision of personalised, explainable and adaptive 
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guidance. The bivariate linear correlation analysis revealed that the hours studied had the highest correlation with the 
examination score (r=0.446) and hours worked had the highest correlation with the attendance score (r=0.581). The 
results presented here report correlations in the synthetic data set analysed and do not imply causality or predict an 
untrained transformer's attention allocation. Feature representations and attention patterns should rather be learned 
and evaluated empirically by training models of the real world. 
The architecture proposed is based on an FT-Transformer to predict the examination score and feature representations 
which are fed into a different language generation module. Conceptual modules are not implemented and evaluated 
modules, they include hybrid course recommendation, explainability methods and human oversight. Under the 
suggested workflow, academic advisors will review, update, accept or reject created recommendations. Their feedback 
can then be used to refine the model in a controlled manner following the introduction of an appropriate feedback set, 
a reward system, and a safety assessment procedure. 
For future work, the entire architecture is to be implemented and tested with real institutional data from universities 
in the GCC region. The evaluation should assess the ability of the predictor, fairness, quality of recommendations, the 
usability of the advisor, satisfaction of the student, and retention over several semesters. Additionally, the advisory-text 
should be assessed with the aid of Arabic language models capable of handling Arabic text such as AraGPT2 and Jais 
based on bilingual evaluations of factual accuracy and linguistic quality. Longitudinal analysis should look at the change 
in each individual risk profile from one semester to the next. Last but not least, a user-friendly and user-friendly Web 
interface ought to be created and assessed so that the advisors and students can utilize the system without 
programming information. 
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