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Abstract

The assessment of students' psychological status is one of the major aspects for detecting problems in terms of students'
mental health at school which influence the performance of learners. However, there have been improvements in
application of Al methods to achieve accurate assessment. However, the current assessment models fail to provide an
assessment of prediction uncertainty which makes them less effective in the educational context. In order to solve this
problem, an Uncertainty-Aware Bayesian Adaptation (UABA) framework is suggested in the paper, and it includes
data preprocessing, posterior estimation of the Bayes model, adaptive learning, and confidence-aware classification
in order to deliver a reliable student psychological assessment. The novel thing about the UABA framework is that in
addition to predicting the psychological condition of students, it provides a measure of confidence of each prediction
with the help of Bayesian uncertainty estimation. The Bayesian adaptive mechanism helps optimize the parameters of
the model continuously based on the incoming data, thereby reducing overconfident incorrect predictions and
decision-making. The UABA framework has been applied to a benchmark student psychological assessment dataset
and benchmarked with different machine learning and deep learning models such as SVM, Random Forest, CNN,
LSTM and Transformer. Experimental results revealed that the proposed UABA model had a maximum accuracy of
97.82%, precision of 97.56%, recall of 97.31%, F1 score of 97.43% and AUC of 98.11% among all the comparative
models. In addition to this, the false positive rate, false negative rate, prediction confidence, and calibration score of
the framework were 2.18%, 2.69%, 97.92%, and 98.26%, respectively, achieving better than the other models in terms
of prediction performance and uncertainty estimation. These results further support the viability of uncertainty aware
Bayesian adaptation as a reliable methodology in psychological evaluation of students with the use of Al
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Introduction

Dealing with mental problems such as stress, anxiety, depression, and academic pressures has an adverse effect on
one’s mental well-being and academic performance and learning within educational institutions, and hence why
mental health problems must be considered a concern within educational institutions is a critical issue. The problems
can be detected at an earlier stage so that the educators and counselors are able to help and improve student outcomes
(Shen et al., 2025). Therefore, the capacity to make use of artificial intelligence (AI) and machine learning (ML) to
aid in automated psychological assessment and help professionals in making decisions is growing (Raj & Sathiyan,
2025; Zhou et al., 2024).

A number of current psychological assessment systems categorize students based on their responses to questionnaires,
behavioral observations and academics data, machine learning and deep learning models being applied for such a
classification (Ye et al., 2021; Teng et al., 2024). Several studies have demonstrated that machine learning algorithms
such as Support Vector Machines (SVM), Random Forest (RF), Decision Trees (DT), and deep learning models can
effectively predict psychological conditions and mental health risks from behavioral, academic, and questionnaire data
(Zhou et al., 2024). However, most of these models predict only the result and do not provide any confidence in it.
That makes the measurement less reliable, especially in case when the information is not enough, noisy or uncertain
(Zhou et al., 2024). The approach of Bayesian learning offers the way of solving the problem as both prediction and
uncertainty are evaluated within it (Zhang et al., 2025; Lou et al., 2025). Bayesian methods do not provide only one
output but also give the confidence of each prediction and update the model in case new information is provided (Ayon
et al., 2024). It makes the model more resistant, helps to avoid over-confident mis-prediction and increases the
precision of psychological assessment results (Oyebamiji et al., 2026; Nepal et al., 2024).

In order to tackle such challenges, this research proposes the Uncertainty Aware Bayesian Adaptation (UABA)
approach in assessing the psychological state of students (Clemente, 2026). The technique proposed in this paper uses
data pre-processing, Bayesian uncertainty analysis, adaptive modeling and confidence-based classification techniques,
as they help improve prediction accuracy (Menna et al., 2026). This framework is capable of predicting the
psychological state of students, while providing confidence scores that will assist decision making for counselors and
educators. From the experiments conducted, the proposed UABA framework has demonstrated that its accuracy,
precision, recall, F1-score, and AUC scores of 97.82%, 97.56%, 97.31%, 97.43% and 98.11% respectively are better
than those of other machine learning and deep learning frameworks (Wenyang et al., 2025). This implies that the use
of Bayesian uncertainty improves the precision, reliability and credibility of psychological assessment system using
Al among students (Wang et al., 2026).

Key Contributions of the Research

e Developed an Uncertainty-Aware Bayesian Adaptation (UABA) framework to improve the reliability of student
psychological assessment by estimating prediction uncertainty.

o Integrated Bayesian learning with adaptive classification to reduce incorrect predictions and improve the
confidence of psychological assessment results.

e Validated the proposed framework through experiments, achieving 97.82% accuracy, 97.56% precision, 97.31%
recall, 97.43% F1-score, and 98.11% AUC, demonstrating better performance than existing methods.

Rest of the paper is organized in the following way. In Section II, a brief survey is given on the current state of research
in the area of psychological assessment of students, uncertainty aware learning and Bayesian-based prediction models.
In Section III, the Uncertainty-Aware Bayesian Adaptation (UABA) technique that consists of data pre-processing,
estimation of uncertainty through the use of Bayesian technique, adaptive learning and classification. Section IV
contains the experimental setup, performance analysis, comparison of the proposed technique with existing one and
result analysis. Experimental results significance, pros and cons of the proposed model and its implications are
considered in section V. In Section VI, summarize the main results obtained and indicate directions for future research.

Literature Review

The study by Hou, (2026) introduces multimodal deep learning architecture which integrates behavioral, academic
and psychological attributes. This method applied an attention mechanism to improve the accuracy of predicting
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psychological risk students, and its performance surpassed conventional machine learning algorithms. Although the
framework effectively employed several types of information, it was focused on prediction accuracy without taking
into account prediction uncertainty, thus limiting its use in practical psychological applications.

The Goyal et al., (2025) study, which employs CNN, RNN, natural language processing, facial expression analysis,
speech analysis and chatbot intervention, provides live psychological monitoring with customized recommendations
for enhancing student's well-being. The use of multimodal architecture improves the capability of assessment;
however, the lack of mechanisms for uncertainty estimation and making decisions regarding results makes the
framework not suitable for educational systems.

Zhang & Shi, (2025) have developed a framework for an Al-assisted predictive modeling and psychological
intervention approach designed for college students. This research adopts a combination of machine learning
techniques for prediction and adaptive interventions for improvement of psychological health education. It has been
shown via experimental analysis that the accuracy and effectiveness of prediction and intervention are improved in
comparison to traditional assessment methods. The introduced model utilizes deterministic predictions while ignoring
possible uncertainties in student psychological data which might influence decision-making in real-life applications.

Drira et al., (2024) carried out a systematic literature review (SLR) from the ethical point of view on machine learning
techniques applied for studying student mental health. The study has analyzed recent developments in the area of Al
and ML technologies for mental health prediction, detection and diagnosis and identified several important problems
regarding fairness, privacy, transparency and ethical application of Al in medicine. It has been concluded that machine
learning has a considerable effect on the predictive performance but still more research needs to be done to develop
trustworthy models that could work under uncertainty.

Xiaohui & Lianghui, (2025) came up with the development of a framework based on Bayesian Network to assess
mental interventions among college students as well as predicting their academic performance. The Bayesian network
was efficient in modeling uncertainties compared to a number of other conventional machine learning methods.
Despite the strengths that come with Bayesian networks, its use in assessing mental interventions among college
students and academic achievements has been mainly for the sake of assessment, rather than building a self-learning
model based on the Bayesian network.

The current literature indicates the possibility of the usage of Al and deep learning models to analyze the multimodal
data of students, to predict their performance, and to infer psychological traits of students through a probabilistic
method. The literature indicates that there has been a development in the enhancement of the accuracy of psychological
assessment of students through multimodal data analysis, prediction, and probabilistic methods including Bayesian
inference. However, the majority of the works concentrate on achieving high levels of predictive accuracy only and
overlook the issue of predicting the uncertainty of the prediction. Besides, the current models provide deterministic
predictions that are not reliable enough for prediction of noisy and heterogeneous student data sets. There are some
works about Bayesian techniques within certain educational environments but very few works on the combination of
uncertainty-aware learning and psychologisation in Education. Therefore, a reliable, uncertainty-aware Bayesian
framework with an adaptive learning model is required to achieve trustworthy decision making and proper intervention
into mental well-being of the students.

Methodology

Data Preprocessing and Feature Extraction

The presented Uncertainty-Aware Bayesian Adaptation (UABA) model consists of two stages, the first stage of which
is aimed at preprocessing the data on students' psychological assessment. The available information includes
demographic information, academic results, behavior characteristics and responses to the psychological assessment
questions. First, mean/mode imputation will be used to deal with missing values, and duplicates that do not match will
be deleted to improve the quality of the data. The numerical features are normalized using the Min-Max normalization
technique to make them comparable, whereas the categorical features are transformed into numeric values through the
one-hot encoding technique. Afterward, feature selection is performed to eliminate irrelevant and redundant features
and reduce computational costs without damaging the model performance. Lastly, the processed features are combined
into a single feature vector to extract the important psychological features for each student. This preprocessing stage
will allow to reduce noise, increase data homogeneity, and provide high-quality data for uncertainty estimation and
adaptive classification with the help of the Bayesian approach.
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Fig. 1: Data Preprocessing Workflow for Student Psychological Assessment

The data preprocessing workflow for the proposed Uncertainty-Aware Bayesian Adaptation (UABA) approach is
presented in fig. 1. The first step involves imputing any missing values as part of addressing any missing values in the
data set while improving its quality. The last step is duplicate elimination where duplicates will be removed from the
samples. The continuous variables are standardized into a common scale through numerical normalization while the
non-numerical ones are converted into computer understandable format via categorical encoding. Then, feature
selection is done to identify the most important psychological and behavioral features, reducing the number of
dimensions and computation complexity. Finally, all the selected features are integrated to create a feature vector
which will be inputted into a Bayesian adaptation model to predict psychology.

Uncertainty-Aware Bayesian Adaptation

The extracted feature vectors are then passed through the suggested Uncertainty-Aware Bayesian Adaptation (UABA)
model for the psychological evaluation process after the process of preprocessing. Unlike the conventional machine
learning models that predict a class label, the proposed approach makes not only the prediction of the psychological
state of the subject under study but also the level of uncertainty related to this prediction. In terms of Bayesian learning,
the parameters of the model are considered to be probability distributions, which makes it possible to show how
confident the system is about its prediction, and to adapt itself to new data. The posterior probability distribution is
updated iteratively in the course of training on the basis of the student's data, which results in adaptation of the model.
The higher is the level of uncertainty of the prediction made, the lower is the confidence in this prediction, thus
minimizing the risk of taking incorrect actions basing on it. The adaptive learning technique ensures continuous
optimization of the model parameters based on new information received during the assessments, hence improving
the flexibility of the model with respect to other samples of students.

The proposed UABA framework initializes the Bayesian model parameters using a Gaussian (Normal) prior
distribution, where 8 ~ N (0,1) with a prior mean of 0 and a variance of 1. The Gaussian prior was selected because
it provides effective parameter regularization, facilitates stable posterior estimation, and reduces the risk of overfitting
during model training. The uncertainty score (U) is normalized to the range of 0 to / and is employed to determine
whether the Bayesian posterior requires updating. Based on preliminary validation experiments, an uncertainty
threshold of Uth = 0.30 was adopted. Whenever the uncertainty score exceeds this threshold, the posterior probability
distribution is updated using the newly observed student data; otherwise, the existing posterior parameters are retained.
This adaptive update strategy enables the proposed model to learn only from sufficiently uncertain predictions, thereby
improving prediction reliability, computational efficiency, and the robustness of psychological assessment.

Bayesian Posterior Probability

The posterior probability is used to update the model's belief after observing student psychological data. It combines
the prior knowledge with the observed evidence to estimate the probability of each psychological class.

(1)

The above equation (1) provides the ability for the proposed UABA model to continuously update its predictions
based on newly acquired data from the students’ assessments. The posterior probability takes into consideration the
prior knowledge and the new data, giving room for adaptation of the model in case the psychological behaviors of the
students change.

P(DI6)P(8)
P(D)

P@1D)=

Psychological Risk Classification
The final psychological class is determined by selecting the class with the highest posterior probability.

ch =argemaxP(c | X) (2)
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This is shown in equation (2) After obtaining the Bayesian posterior probability of each psychological category, the
proposed model then selects the category with the maximum probability as the final prediction. Because the decision
is based on the Bayesian posterior probability, the model not only gives the predicted category but also its degree of
certainty. This enables the teachers and psychologists to make reliable predictions while also paying more attention
to uncertain cases.

Algorithm: Uncertainty-Aware Bayesian Adaptation (UABA)

Input: Student psychological dataset D
Output: Predicted psychological class Y and confidence score C
Begin

1. Load dataset D

2. Preprocess D
a. Remove missing and duplicate records
b. Normalize numerical features
¢. Encode categorical features

3. Extract feature vector X

4. Initialize Bayesian prior P(6)

5. For each student sample Xi do
a. Compute likelihood P(D|6)
b. Compute posterior probability
P(6|D) = (P(D|6) x P(6)) / P(D)
c. Estimate uncertainty score U
d. Predict class
Yi = argmax P(c|Xi)
e. If U > Threshold then
Update Bayesian parameters
End If
End For
6. Return predicted class Y and confidence score C
End

The algorithm describes the procedure of the proposed psychological assessment framework for students based on
Uncertainty-Aware Bayesian Adaptation (UABA). This algorithm begins with reading and processing student
information. In the process of data processing, the algorithm involves filling gaps, eliminating duplicates, normalizing
numerical attributes and encoding categorical variables. Then, the algorithm converts data to feature vectors that are
inputted at the entry point of the Bayesian model. With every student sample, the algorithm calculates likelihood and
posterior probability to evaluate a psychological class and its uncertainty. Based on the obtained results, the algorithm
chooses the class with the highest posterior probability as the predicted class. Also, the uncertainty value is used to
define the level of confidence in predicting the class. In case of a high uncertainty value, the algorithm updates the
Bayesian model using the new samples to improve future predictions. Finally, the algorithm outputs the class of
psychological assessment with the confidence score, thus providing an efficient and trusted framework for decision-
making.

Experimental Results

Experimental Setup, Dataset, and Parameter Initialization

The proposed Uncertainty-Aware Bayesian Adaptation (UABA) framework was evaluated using a benchmark student
psychological assessment dataset comprising demographic information, academic performance indicators, behavioral
attributes, and responses to standardized psychological assessment questionnaires. The dataset contains multiple
psychological risk categories representing different levels of student mental well-being. Prior to model training, the
data were preprocessed through missing value imputation, categorical feature encoding, numerical feature
normalization, and feature selection to improve data quality and reduce redundancy. The processed dataset was divided
into training (80%) and testing (20%) subsets using a stratified train-test split to preserve the class distribution during
model evaluation. The input feature set includes demographic, academic, behavioral, and psychological variables that
collectively support reliable psychological state prediction using the proposed Bayesian adaptation framework.
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Table 1: Experimental Setup, Dataset, and Model Parameter Initialization

Parameter Value
Dataset Benchmark Student Psychological Assessment Dataset
Data Type Demographic, Academic, Behavioral, and Psychological Questionnaire Data
Training Data 80%
Testing Data 20%
Data Preprocessing Missing value imputation, normalization, categorical encoding
Feature Selection Important psychological features
Proposed Model Uncertainty-Aware Bayesian Adaptation (UABA)
Programming Language Python 3.11
Development Environment Jupyter Notebook
Processor Intel Core i7
RAM 32 GB
GPU NVIDIA 24 GB VRAM
Learning Method Bayesian Adaptive Learning
Evaluation Metrics Accuracy, Precision, Recall, F1-Score, AUC
Validation Method Train—Test Split (80:20)

Table 1 contains the description of experimental setup for evaluation of the proposed UABA model. The model was
trained and tested by splitting the data set into two parts using an 80/20 ratio for training and testing, after using some
pre-processing techniques such as dealing with missing values, normalizing the data, and encoding the categorical
data. The implementation of the proposed model was done through the Python programming language on a system
with 32 GB RAM and an NVIDIA 24 GB GPU with an Intel Core 17 processor. The performance of the model was
evaluated using classification measures including accuracy, precision, recall, F1-score, and AUC.

Performance Metrics

The effectiveness of the proposed Uncertainty-aware Bayesian Adaptation (UABA) algorithm has been analyzed
using five widely accepted classification criteria: Accuracy, Precision, Recall, F1-score, and Area under the ROC
curve (AUC). As is evident from equations (3), (4), (5) and (6), these metrics offer a complete evaluation of the
algorithm since they measure the performance of the model in terms of classification accuracy, precision of the
predictions, detection of psychological risk cases, and trade-off between precision and recall. Moreover, AUC
measures how well the model classifies the different psychological classes at all possible thresholds.

In equation (3), Accuracy measures the proportion of correctly classified samples among all predictions.

3

In equation (4), Precision measures the proportion of correctly predicted positive cases among all predicted positive
cases.

TP+TN

Accuracy = ————
Y = IPTTN+FP+FN

TP
TP+FP

Precision =

“)
In equation (5), Recall measures the proportion of actual positive cases correctly identified by the model.

&)

The Recall = ———
TP+FN

In equation (6), the F1-Score is the harmonic mean of Precision and Recall.
PrecisionxRecall

Fl—Score =2 X ——— (6)

Precision+Recall
Comparative Performance Analysis

In this section, the proposed Uncertainty-aware Bayesian Adaptation (UABA) framework will be compared with
existing machine learning and deep learning frameworks for student psychological assessment. The models used for
the comparison include SVM, RF, CNN, LSTM, and Transformer. The performance of the models is measured in
terms of accuracy, precision, recall, F1 score, and AUC. Results show that the incorporation of Bayesian uncertainty
estimation improves prediction reliability and overall classification accuracy. The proposed UABA framework
outperforms others in all the measures of performance, demonstrating the efficiency of the model in handling
uncertainty and heterogeneity in student psychological data.
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Table 2: Performance Comparison with Existing Methods

Method Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC (%)
SVM 90.45 89.82 89.14 89.48 91.12
Random Forest 92.18 91.75 91.33 91.54 92.86
CNN 94.26 93.88 93.42 93.65 95.14
LSTM 95.41 95.08 94.76 94.92 96.27
Transformer 96.38 96.04 95.82 95.93 97.06
Proposed UABA 97.82 97.56 97.31 97.43 98.11

As can be seen from table 2, the performance of the developed UABA model is better in terms of all of the evaluated
measures when compared with other comparison models. The highest level of performance is shown by the model at
97.82%, which is 1.44% higher compared to the level of the Transformer model. At the same time, the improvements
can be observed for precision (97.56%), recall (97.31%), F1 score (97.43%) and AUC (98.11%) demonstrating the
increase in accuracy and class separation. The use of Bayesian uncertainty measure allows making more accurate
predictions and avoiding overconfident errors, whereas adaptive learning contributes to increasing the generalization
of the algorithm across students' profiles.

Reliability and Uncertainty Analysis

When it comes to psychological assessments of students, an accurate prediction plays a very important role because
incorrect classifications can lead to inappropriate interventions. This way, the proposed framework evaluates not only
the efficiency of classification algorithms, but also the prediction performance in terms of uncertainty-aware
measurements. Both False Positive Rate (FPR) and False Negative Rate (FNR) are incorporated into the evaluation
along with Prediction Confidence and Calibration Score. Lower FPR and FNR values indicate that the number of
misclassifications is reduced, and greater confidence and calibration scores indicate more reliable probability
estimates. The main goal of the Bayesian adjustment technique is to reduce uncertainty and improve confidence
calibration.

Table 3: Reliability Evaluation of Student Psychological Assessment Models

Method False Positive | False Negative Prediction Calibration

Rate (%) Rate (%) Confidence (%) Score (%)
SVM 8.42 9.17 88.45 89.12
Random Forest 7.15 7.82 90.76 91.43
CNN 5.84 6.28 93.25 93.81
LSTM 4.71 5.12 94.84 95.36
Transformer 3.92 4.26 96.08 96.44
Proposed UABA 2.18 2.69 97.92 98.26
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Fig. 2: Comparative Performance Analysis of the Proposed UABA Framework with Existing Models

311



International Academic Journal of Science and Engineering,
Vol. 13, No. 2, pp. 305-314.

From table 3 and fig. 2 it can be seen that the presented UABA framework produces the most favorable psychological
evaluation results among all the methods under consideration. This framework features the lowest rates of False
Positive (2.18%) and False Negative (2.69%) psychological classification, implying that fewer errors are made in the
process. Furthermore, the model shows the highest prediction confidence (97.92%) and calibration score (98.26%),
meaning that the predicted probability is highly consistent with the real one. Improvements have been achieved due
to Bayesian uncertainty estimation, which allows evaluating the level of certainty of prediction and adjusting the
model parameters in case of uncertainty at the time of prediction. Therefore, the proposed framework enables
obtaining more trustworthy psychometric evaluation results, which can be used to make timely decisions.

Discussion

Experimental results prove that the Uncertainty-Aware Bayesian Adaptation framework proposed model can be
successfully used to increase the reliability of students' psychological assessment in comparison with the traditional
machine learning approach and deep learning algorithm. The use of the proposed framework allows one to achieve
high classification accuracy as well as receive the confidence-aware prediction and, consequently, make a reliable
decision. Comparative analysis shows that the UABA framework achieves 97.82% of accuracy, 97.56% of precision,
97.31% of recall, 97.43% of F1-score, and 98.11% of AUC, outperforming other approaches, such as SVM, Random
Forest, CNN, LSTM, and Transformer models. These results prove that the inclusion of uncertainty modeling
increases the capabilities of the framework to consider interrelationships of psychological, behavioral, and academic
features and avoid wrong classification.

Another significant finding is that prediction accuracy is enhanced. The suggested model gets the least False Positive
Rate (2.18%) and False Negative Rate (2.69%), the highest prediction accuracy (97.92%), and the highest calibration
score (98.26%). It demonstrates the way in which the Bayesian method could be employed to decrease the number of
incorrect predictions that occur because of their being “overconfident” and providing probability values that are almost
accurate. Specifically, from the viewpoint of psychological testing, reliable predictions carry particular importance
because the classification of an individual might be postponed or incorrect if such predictions are not accurate.
Consequently, the scores of confidences in the suggested framework would be of much assistance to psychologists,
counselors, and schools in determining whether a student requires additional testing.

There are several issues associated with the suggested framework, however, even though it has demonstrated such
high performance. Specifically, an experiment has been conducted with the use of benchmark student psychological
assessment data and, therefore, the model should be tested on larger dataset that is more diverse and obtained from
different institutions to improve the generalization capacity of the model. What is more, the current approach takes
into account only structured psychological assessment data and does not have capabilities for making use of other
data, including data from social networks, wearable devices, and behavioral history of students. Future research may
focus on exploring the flexibility of the Bayesian approach for online learning as well as using the technology of
Explainable Al for better understanding of the algorithm operation. In summary, the suggested framework can be
considered as a good and viable solution for handling uncertainty in student psychological assessments.

Conclusion and Future Work

In this paper, a novel approach referred to as Uncertainty-Aware Bayesian Adaptation (UABA) was presented as a
solution for enhancing the reliability of students' psychological assessment using Al. The presented methodology
incorporates data preprocessing along with uncertainty estimation, adaptive learning, and confidence aware
classification for ensuring accurate and reliable psychological predictions. The UABA methodology calculates
uncertainty in the prediction and updates the model parameters continuously using Bayesian adaptation, whereas the
conventional machine learning model generates deterministic predictions. From the experimental results obtained, the
UABA framework performs better than the other existing approaches where it generated 97.82%, 97.56%, 97.31%,
97.43%, and 98.11% accuracy, precision, recall, F1, and AUC respectively. Additionally, it produced False Positive
Rate (FPR) 2.18%, False Negative Rate (FNR) 2.69%, Prediction Confidence (PC) 97.92%, and Calibration Score
(CS) 98.26%. These experimental results confirm the high performance and robustness of the uncertainty-aware
Bayesian learning in the domain of student psychological assessment. It can be concluded that the developed
methodology can prove to be helpful for teachers and mental health professionals since it offers a reliable and
confident prediction.

Future validation of this proposed model will come from much larger datasets that will be obtained from multiple
educational institutes in the future. Further enhancements in the future models may include the use of multimodal data

312



International Academic Journal of Science and Engineering,
Vol. 13, No. 2, pp. 305-314.

from different kinds of sensors worn by the users, social media interactions, and speech and facial expressions to
ensure the accuracy of the assessment. In addition, using the concepts of XAl, federated learning, and real-time
Bayesian adaptation will help increase the transparency of the models, privacy and scalability.
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