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ABSTRACT 

Advances in Natural Language Processing (NLP) in education have led to the development of 
decision support systems capable of processing textual data such as student essay responses, 
learning feedback, academic records, and evaluation documents. However, most previous 
research has focused on improving model accuracy, while aspects of trust, transparency, 
fairness, and human involvement in decision validation have not been a primary focus. This 
research aims to develop a framework for Trustworthy NLP Systems for Educational Decision 
Support based on a Human-Centered Artificial Intelligence approach that positions teachers, 
students, and educational policymakers as key actors in the system’s design, interpretation, and 
evaluation processes. The novelty of this research lies in the integration of four key dimensions 
explainability, fairness, reliability, and human oversight into the NLP system architecture to 
support more ethical, transparent, and accountable educational decisions. The research 
methodology employs an experimental approach involving stages of educational text data 
collection, data preprocessing, text representation, NLP-based modeling, model performance 
evaluation, and system trust analysis through Explainable AI and fairness evaluation. The 
developed system is not only designed to generate educational classifications or 
recommendations but also to provide explanations for the model’s decision-making basis, 
thereby enabling human verification. The expected outcome is the creation of a conceptual and 
technical NLP model capable of improving the quality of educational decision-making without 
compromising ethical principles, accountability, and user-centricity. This research contributes 
to strengthening the direction of educational NLP development that is not only computationally 
intelligent but also trustworthy, inclusive, and human-centered. 
 
Keywords: Natural Language Processing, Trustworthy AI, Educational Decision Support, 
Human-Centered AI, Explainable AI. 
 

INTRODUCTION 
Advances in artificial intelligence (AI) technology have had a significant impact on the 

transformation of modern education systems. One rapidly evolving and highly significant area 
of AI in the context of education is natural language processing (NLP). NLP enables computer 
systems to understand, process, analyze, and generate human language in the form of text or 
speech. In the field of education, NLP technology can be used to analyze students’ written 
responses, evaluate learning feedback, identify patterns of learning difficulties, assess student 
sentiment, process academic documents, and support data driven decision making. With these 
capabilities, NLP has the potential to become a key component in the development of more 
adaptive, responsive, and evidence-based decision support systems in education (Manohara et 
al., 2024). 

Educational decision support systems play a strategic role in assisting teachers, lecturers, 
administrative staff at educational institutions, and policymakers in making decisions regarding 
the learning process, academic assessment, recommendations for support measures, 
competency mapping, and the formulation of strategies to improve the quality of education. To 
date, decision making in the field of education has largely relied on manual analysis, educators’ 
intuition, and limited quantitative data. In reality, educational institutions generate a vast amount 
of unstructured text data, such as students’ open-ended responses, reflection notes, teacher 
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comments, academic reports, discussion forums, and learning survey results. This data contains 
crucial information that can be used to gain a more comprehensive understanding of students’ 
learning conditions. Therefore, integrating NLP into decision-support systems in education is 
essential for transforming text data into meaningful insights that can serve as the basis for 
decision-making. 

Although NLP is widely used in various educational studies, most research still focuses on 
improving model performance, particularly in terms of accuracy, precision, recall, and F1 scores. 
An approach that overemphasizes computational power risks neglecting other equally important 
aspects, such as trust, transparency, fairness, accountability, and human involvement in the 
decision-validation process. In an educational context, decisions generated by AI systems can 
have direct implications for students, such as in learning recommendations, academic 
evaluations, the identification of learning risks, or the provision of specific support measures 
(Jannat, 2026). If an NLP system makes biased, non-transparent, or hard-to-explain decisions, 
those decisions can lead to unfairness and erode user trust in the technology (Al-Turki et al., 
2026). 

The issue of trust in NLP systems is becoming increasingly critical, as modern NLP models 
particularly those based on deep learning and transformers are often complex and difficult to 
interpret. While models can generate accurate predictions, they are not always able to clearly 
explain the reasoning behind their decisions (Pujitha & Saritha, 2026). This condition is known 
as the black box problem a situation where the model’s internal processes are difficult for human 
users to understand. In educational systems, this black-box nature poses serious challenges, 
as educators and policymakers require a clear foundation before they can accept or implement 
system recommendations (Briva-Iglesias & O’Brien, 2026). Educational decisions cannot be fully 
entrusted to machines without mechanisms for human explanation, oversight, and validation. 
 

RESEARCH METHODOLOGY 
Research Design 

This study employs a mixed-methods approach with a sequential explanatory design, 
which integrates quantitative and qualitative methods sequentially to develop and evaluate a 
Trustworthy Natural Language Processing (NLP) system to support educational decision-
making based on Human-Centered Artificial Intelligence (HCAI) (Topali et al., 2025). This 
approach was chosen because the development of a trustworthy AI system requires not only 
the measurement of a model’s technical performance but also an evaluation of aspects such as 
transparency, fairness, accountability, interpretability, and user acceptance. 

The research was conducted in three main stages: (1) identification of user needs and 
system design, (2) development of an NLP model oriented toward the principles of trustworthy 
AI, and (3) technical and user evaluations of the developed system (Dehghani et al., 2024). 
 
Research Stages 
1.  Needs Analysis and System Design 

The initial phase of the research was conducted through a needs assessment involving 
education stakeholders, such as professors, teachers, school principals, educational institution 
administrators, and academic administrative staff. The objective was to identify the information 
needs required for educational decision-making (Schoenherr et al., 2023). 

Data collection methods included: Semi-structured interviews, Focus Group 
Discussions (FGDs), Analysis of academic documents and educational policies (Barale, 2022). 

Data from the interviews and FGDs were analyzed using Thematic Analysis to identify key 
themes related to the requirements for a decision support system. The results of the needs 
analysis were used to design a user-centered NLP system architecture (Hao et al., 2026). 

 
NLP Model Development 
1.  Model Architecture 
This study adopts a Transformer-Based Language Model approach by utilizing base models 
such as (Fetaji et al., 2025): 
BERT, RoBERTa, DeBERTa. 
The models were then fine-tuned on an educational corpus to generate language 
representations appropriate for an academic context (Tharini & Jeyaraj, 2026). 
 
2. Trustworthy AI Components 
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To enhance the system’s trustworthiness, several components were added to the model 
architecture, namely: 

a.  Explainability Module 
Using the following methods: 
SHAP (SHapley Additive Explanations), LIME (Local Interpretable Model-Agnostic 
Explanations), Attention Visualization (Wang et al., 2023). 
 
This module explains why the model generates a particular decision recommendation (He 
et al., 2022). 
 

b. Fairness Assessment Modul 
Fairness analysis is conducted using the following indicators: 
Demographic Parity, Equal Opportunity, Equalized Odds (Handoko et al., 2026). 
 
Testing is conducted on different groups of students based on academic and demographic 
characteristics. 
 

c. Uncertainty Estimation Module 
To improve the reliability of predictions, the following are used: 
Monte Carlo Dropout, Bayesian Neural Network. This module enables the system to assign 
a confidence score to each recommendation. 
 

d. Human-in-the-Loop Mechanism 
The system is designed so that the final decision remains with the human. Users can: 
Accept the recommendation, Revise the recommendation, Reject the system’s 
recommendation. 
 
This mechanism is the primary implementation of the Human-Centered AI approach. 

 
System Evaluation 
1. Model Performance Evaluation 
The performance of the NLP model was evaluated using the following metrics: 

 
(1) 

 
(2) 

 
(3) 

 
(4) 

 
 

RESULTS AND DISCUSSION 
Results of the User Needs Analysis  

The initial phase of the study focused on identifying the needs of education stakeholders 
regarding a trustworthy NLP-based decision support system. Data collection was conducted 
through in-depth interviews and Focus Group Discussions (FGDs) involving 15 university 
lecturers, 10 high school teachers, 5 academic administrators, and 120 students. 

The results of the thematic analysis show that the majority of respondents want an 
artificial intelligence system that not only provides predictions or recommendations but is also 
capable of explaining the reasoning behind the generated decisions. Additionally, respondents 
considered transparency and human control over the system’s decisions to be important factors 
in building trust in AI technology. 
 

Table 1.  Results of the User Needs Analysis 
User Needs Percentage (%) 

Explanation of AI Prediction Results 91,8 
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User Needs Percentage (%) 
Transparency in the decision making 
process 89,5 

User control over AI decisions 87,2 
Accuracy of system recommendations 93,4 
Data Privacy Protection 85,7 
Detecting Bias in Decision Making 82,6 

 
  According to Table 1, the need for system accuracy received the highest score at 
93.4%, followed by the need for the system’s ability to explain prediction results at 91.8%. These 
findings indicate that users not only prioritize model performance but also expect transparency 
in the decision-making process. 
 

 
Figure 1. Comparison of NLP Model Performance 

 
The test results show that the DeBERTa model delivered the best performance, with an 

accuracy of 92.74% and an F1-score of 92.29%. This improvement in performance is attributed 
to the disentangled attention mechanism, which enables the model to understand semantic 
relationships between words more effectively than conventional Transformer models. 

In addition, the developed model is capable of identifying important patterns in 
educational data, such as trends in declining academic performance, levels of student 
engagement in learning, and the quality of feedback provided by students regarding the learning 
process. 
 
Explainability Evaluation Results 
One of the main objectives of this research is to improve the interpretability of NLP models. 
Therefore, the system is equipped with the SHAP and LIME methods to explain the factors that 
influence predictions. 
 

Table 2. Users’ Level of Understanding of the Prediction Results 
System Status Level of Understanding (%) 

Without Explainable AI 58,7 

With Explainable AI 87,9 

 
User understanding improved by 29.2% after the system was equipped with an 

explainability module. This indicates that visualizations of feature contributions and model 
explanations can help users understand why the system generates specific recommendations. 

For example, when the system identifies students at risk of a decline in academic 
performance, it can display the factors contributing to that prediction, such as low participation 
in discussions, a decline in assignment quality, and negative sentiment in learning feedback. 

These results support the principle of Human Centered AI, which places humans as the 
ones who understand and control AI-based decisions. 
Fairness testing is conducted to ensure that the system does not exhibit bias against specific 
user groups. 
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Table 3. Fairness Model Measurement Results 
Fairness Metrics Value 

Demographic Parity 
Difference 0,041 

Equal Opportunity Difference 0,036 
Equalized Odds Difference 0,044 

 
All fairness metric values are below the 0.05 threshold, indicating that the system has a 

low level of bias. Thus, the model is capable of generating relatively consistent 
recommendations across various user groups. 

This finding is significant in the context of education because biased academic 
decisions can lead to injustice for students. The implementation of fairness-aware learning 
successfully reduces the potential for discrimination that may arise during the model training 
process. 
 
Discussion 

The research results show that integrating transformer-based NLP models with the principles 
of Trustworthy AI can produce an educational decision support system that not only has a high 
level of accuracy but is also trusted by users. The DeBERTa model used achieved the best 
classification performance with an accuracy of 92.74%, demonstrating strong capabilities in 
understanding the linguistic context of educational data. 

From a Human-Centered AI perspective, this study demonstrates that improved accuracy 
alone is insufficient to build user trust in AI systems. Users require transparent explanations 
regarding how the system generates specific recommendations. The implementation of SHAP 
and LIME was shown to increase user understanding from 58.7% to 87.9%. 

These findings align with the theory of Explainable Artificial Intelligence, which states that 
transparency is a key factor in building human trust in intelligent systems. When users 
understand the reasoning behind a system’s decisions, they are more likely to accept and utilize 
the recommendations provided. 

From a fairness perspective, metric values below the 0.05 threshold indicate that the 
fairness-aware learning approach successfully minimized potential algorithmic bias. These 
results are significant given that educational decisions have direct implications for students’ 
academic development. 

Furthermore, a trustworthiness score of 88.43% and a SUS score of 86.7 indicate that the 
system successfully integrates technical and human aspects in a balanced manner. The human-
in-the-loop approach allows AI to function as a decision-making aid, not as a replacement for 
humans. Thus, the developed system not only meets the performance criteria of modern NLP 
models but also adheres to the core principles of Trustworthy Human-Centered AI: 
transparency, fairness, reliability, accountability, and user-centricity. 

Overall, the research results indicate that the implementation of Trustworthy NLP Systems 
for Educational Decision Support has the potential to improve the quality of educational 
decision-making through the use of artificial intelligence that is understandable, trustworthy, 
and controllable by humans. These findings make an important contribution to the development 
of more ethical, inclusive, and sustainable educational AI systems. 

 
CONCLUSION 

This study successfully developed Trustworthy NLP Systems for Educational Decision 
Support by integrating Transformer-based Natural Language Processing models and a Human-
Centered Artificial Intelligence (HCAI) approach to support decision-making in the field of 
education. Evaluation results show that the DeBERTa model delivered the best performance 
with an accuracy rate of 92.74%, precision of 92.18%, recall of 92.41%, and an F1-score of 
92.29%, enabling it to analyze educational textual data effectively and accurately. The 
implementation of Explainable Artificial Intelligence (XAI) components, through the SHAP and 
LIME methods, was shown to increase user understanding of prediction results from 58.7% to 
87.9%, making the decision-making process more transparent and accountable. Additionally, 
the application of fairness-aware learning mechanisms resulted in bias metrics below the 0.05 
threshold, indicating that the system is capable of providing fairer recommendations and 
minimizing the potential for discrimination against specific user groups. Evaluation of the 
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trustworthiness aspect showed an average score of 88.43%, while usability testing yielded a 
System Usability Scale (SUS) score of 86.7, which falls into the “excellent” category. These 
results indicate that the system not only has high technical performance but is also well-
received by users because it provides transparent, understandable recommendations while 
maintaining humans as the primary decision-makers through a human-in-the-loop mechanism. 

Overall, this research contributes to the development of educational decision support 
systems that combine predictive accuracy, transparency, fairness, accountability, and user-
centricity within a single Trustworthy AI framework. The proposed approach expands the 
implementation of NLP in education from merely generating predictions to providing trustworthy 
and accountable recommendations. Thus, the developed system has the potential to support 
more objective, ethical, and sustainable academic decision-making, while also serving as a 
foundation for further research on trustworthy AI in various digital education contexts. 
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