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Abstract
The extensive use of artificial intelligence (AI) tools in education and their effectiveness and explicability have 
become an essential area of investigation because of their scope for ethical and fair use. Therefore, this innovative 
approach proposed a multimodal machine learning and explainable AI (XAI) approach to predict how ChatGPT’s 
usage impacts students’ academic outcomes, including satisfaction and performance. Three machine learning 
models, XGBoost, Random Forest, and Support Vector Machine, were used to predict students’ performance and 
level of satisfaction. The XAI techniques, SHapley Additive exPlanations and Local Interpretable Model-Agnostic 
Explanations, were used to investigate how models make decisions with ethical standards and ensure models are 
reliable and fair in their usage. A custom-created dataset, ChatGPT Survey Data, was utilized for the experiment. 
All three models gave the promised classification, with Support Vector Machine having the highest accuracy at 
89% and the receiver operating characteristic curve and the area under this curve (AUC-ROC) at 92%. Random 
Forest has 87% accuracy and an AUC-ROC of 90%. XGBoost showed the best accuracy with 92% (R2). XAI 
analysis revealed ChatGPT usage and satisfaction as key predictors of academic performance, advancing AI’s role 
in education.

Keywords: ChatGPT, academic performance, student satisfaction, machine learning, explainable AI (XAI)

https://creativecommons.org/licenses/by/4.0/
https://www.oaepublish.com/comengsys
https://dx.doi.org/10.20517/ces.2025.07
https://dx.doi.org/10.20517/ces.2025.07
http://crossmark.crossref.org/dialog/?doi=10.20517/ces.2025.07&domain=pdf


Page 2 of Dahri et al. Complex Eng. Syst. 2025, 5, 7 https://dx.doi.org/10.20517/ces.2025.0722

1. INTRODUCTION
Artificial intelligence (AI) has changed education around the world at a fast pace. Generative AI tools such 
as ChatGPT are significant in teaching and learning[1,2]. The sophisticated language models of ChatGPT 
enable it to offer personalized tutoring, automatic grading, research assistance, and support with academic 
writing[3,4]. With the increased usage of AI tools in education, there is increased interest in how they 
influence student learning and academic performance[5,6]. Recent studies have shown that AI tools make 
students more engaged, help them explain complex topics better, and provide rapid feedback, which makes 
learning easier and more individualized for each student[7,8]. The ability to create smart, human-like 
conversations with chatbots such as ChatGPT can make the learning environment engaging and dynamic. It 
is an invaluable tool for most learning scenarios, including self-paced education and teamwork in 
learning[9]. Increased practice using generative AI in education remains largely unsupported empirically, 
with the full impact of this technology on student academic outcomes and factors that explain variations in 
student satisfaction and engagement in traditional tasks with these tools.

Most research on generative AI tools in education has focused on their use and specific cases[10]. It has not 
paid much attention to how these tools affect student satisfaction and performance. Past studies have 
examined how ChatGPT can automate regular academic tasks or provide knowledge when studying for an 
exam[11,12]. These studies do not look into crucial areas, such as how students using these tools can impact 
their motivation, critical thinking, and satisfaction with learning[13]. Moreover, unclear explanations of AI 
models applied in education make it hard to determine why and how something impacts performance. 
Without a clear answer, education policymakers and practitioners cannot draw helpful insights into making 
AI tools for various types of students. Wu et al.[14] and Rehman[15] stated that only simple statistics or 
ordinary ML models were used in studies to determine the impact of AI on academic performance of 
students. This limits how deeply such studies can probe for insights from predictions and to what extent the 
findings can be transported into different contexts. Studies on AI applications in education rarely use an 
explainable AI (XAI) approach to present explanations and what is discovered. This is required because it 
connects the technical sophistication of AI with how AI is implemented in practice within education[16]. 
These limitations demand a more integrated approach that merges the best ML techniques with the power 
of XAI, thereby yielding rich insights into the dynamics between the applied AI tools, academic 
performance, and resultant student satisfaction[17,18]. Our study fills these gaps by using advanced ML models 
coupled with XAI to investigate the effects of the ChatGPT on students' academic outcomes.

This research introduces a new way to use ChatGPT and its impact on students' academic performance with 
the help of machine learning (ML) and XAI. It does not just look at a basic test to see whether ChatGPT is 
effective; it also studies how this relates to learning satisfaction, academic results, and student engagement. 
This research uses ML and XAI techniques to explore the link between ChatGPT and academic 
performance. However, the ML models mainly act as "black boxes", which means they provide less 
information about why they made their predictions. We use XAI methods to understand the models' 
predictions and decision-making and seek essential factors. The combination of ML and XAI ensures our 
results are accurate and useful.

This study aims to determine how ChatGPT relates to student learning and performance in school. The 
research will: (1) Forecast changes in satisfaction and grades among students who use ChatGPT using ML 
models; (2) Deploy transparent AI techniques to identify the primary motivations among the most common 
reasons for students using ChatGPT; and (3) Provide valuable recommendations to teachers, policymakers, 
and platform developers on using generative AI effectively. This research contributes to the growing 
knowledge of AI in education. This study offers worthwhile concepts that would help develop better 
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planning for improving the effectiveness of generative AI tools in schools to achieve these objectives.

2. LITERATURE REVIEW
AI has dramatically helped improve education. It aids the teacher in teaching and in determining how the 
students learn. AI tools help personalize learning experiences, simplify administrative work, and provide 
data-driven insights that improve teaching methods[19,20]. Such new tools have helped meet the different 
needs of students, thereby allowing teachers to spend more time on teaching well and less on repetitive 
work. AI is used in learning platforms such as DreamBox and Knewton, which change educational content 
based on each student's strengths and weaknesses[21]. These platforms make learning more engaging and 
improve the experience, especially for students who have trouble with traditional methods. The most 
significant application of AI in education is to make learning easier for everyone. It can translate speech into 
text, translate languages in real time, and provide content according to the needs of each learner[22,23]. AI 
tools also help teachers know how students are doing in school, which allows them to step in when 
problems arise. Even with all these changes, issues still abound.

Generative AI models are becoming increasingly popular among education tools, such as the model used 
for ChatGPT. It is a conversational AI based on OpenAI's GPT-4 design[24]. This model enables the 
generation of text similar to human writing and gives detailed explanations to help with various educational 
tasks, including automated grading, personalized tutoring, content generation, and assistance with academic 
writing[25,26]. For example, students can use it to explain complicated topics, request feedback on their essays, 
or brainstorm project ideas[26,27]. Similarly, instructors can use it to automatically make lesson plans, answer 
students' queries, and create exciting learning experiences[28,29]. ChatGPT has greatly supported self-paced 
learning, wherein students can freely ask questions related to various subjects, developing confidence and 
facilitating a better understanding of them[30]. Still, there are concerns about over-reliance on AI, loss of 
critical thinking skills, and the ethics of using AI-made content in assessments. According to ElSayary et al. 
(2024), research has proven that despite all these benefits, these tools should be used carefully to support 
classroom teaching instead of taking their place[31].

ML is a part of AI and has helped many areas, including education. It started from fundamental computer 
theories in the middle of the 20th century and grew rapidly in the 1990s because of new algorithms that 
could sort and study large amounts of data[32,33]. ML models are highly utilized in education for various 
purposes, including predicting student performance, learning habit analysis, and curriculum design 
enhancement[32,34,35]. Among the best ML methods, Support Vector Machine (SVM), Random Forest (RF), 
and Extreme Gradient Boosting (XGBoost) can help find patterns in student data for education 
improvement[36,37]. For example, ML models can predict student risk based on attendance data, grades, and 
behavior, so help may be pursued whenever required[34,37]. Similarly, k-means techniques group students 
based on their learning preferences to create a personalized learning plan[36]. Even though ML models are 
compelling, their "black-box" nature often deters people from using them in crucial sectors such as 
education, where clarity and responsibility are essential[38-40]. XAI solves the problem by making the ML 
model easy to understand so that teachers and decision-makers know the reasons behind the predictions 
made by the model[36,40]. Local Interpretable Model-Agnostic Explanations (LIME) and SHapley Additive 
exPlanations (SHAP) make complex machine-learning models easily comprehensible. Methods are used to 
show how each feature affects predictions[41,42]. XAI has been applied in education to reveal the primary 
reasons students drop out: their economic background, attendance, and grades[41]. XAI helps teachers make 
decisions based on data, improving educational planning and student support[43,44].
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Introducing ML and XAI in education has opened new avenues for data-driven teaching and learning 
strategies. ML and XAI also play a significant role in developing intelligent tutoring systems (ITS). ML 
models have been used to predict students' exam performance, analyze student feedback, and automate 
administrative staff's work. With XAI, these predictions are still interpretable and actionable[39,43,44]. 
Huang et al. (2024) examined factors influencing students' engagement with XGBoost and SHAP. 
According to them, time management and participation in group activities are some of the most important 
factors. This allows the teachers to devise specific plans for enhancing engagement[45].

A clear example is using XAI to check the effectiveness of generative AI tools such as ChatGPT. The 
researchers use XAI techniques to identify the aspects, such as how often people engage with ChatGPT and 
the difficulty of questions that affect learning performance. This can lead to better tools for more 
tremendous educational success[46]. Research studies indicate that ML and XAI can positively enhance 
academic results. Villegas-Ch et al. (2024) also highlighted how applying ML models for predicting students' 
performance in online courses may be related to engagement metrics as critical predictors[47]. In addition, 
the SHAP explanation provided actionable insights for course designers[48]. demonstrated the use of 
XGBoost and LIME in data analysis concerning social media addiction and how it impacts academic 
performance. It was found that too much screen time and a lack of self-control were the primary reasons. 
Lo and Kwan[8] further discussed how ChatGPT can be used in teaching students. Using the empowerment 
and elements of XAI, the researchers established that ChatGPT's instant responses and compression of 
difficult topics further helped the students improve their understanding and confidence. However, it also 
calls for caution against over-reliance on this tool and demands a harmonious blend with the traditional 
teaching system[49].

Combining AI, ML, and XAI in education will create significant opportunities for improving teaching and 
learning. For example, tools such as ChatGPT show what generative AI can do to make learning more 
personal and engaging. However, explainability, ethical issues, and dependency problems highlight the need 
for careful integration. The current research fills this gap by bridging technological innovation to practical 
applications in utilizing state-of-the-art ML models and XAI techniques that give much-needed insight into 
further enhancing AI tools in pursuit of educational achievement.

3. METHODOLOGY
Our study’s methodology starts with the first step, data preparation to deal with missing values due to 
imputation techniques and encoding categorical variables such as gender and institution type using one-hot 
encoding[50]. This puts the data in a standard format and prepares it for analysis. Four dimensions were used 
to classify variables executed in feature engineering[51]: Academic performance, satisfaction and perception, 
usage and interaction, and stress and motivation. These dimensions allowed for better interpretability of the 
models and their effectiveness. An Exploratory Data Analysis (EDA) was conducted through visualizations 
and correlation matrices to understand the patterns and relationships in the data. The dataset was split into 
a ratio of 80%-20% for training and testing to test the models sufficiently. Further, our novel study explored 
the utilization of ML and the XAI approach to predict the effects of ChatGPT on several academic 
outcomes: performance, satisfaction, motivation, and related variables. The experiment used three ML 
models: RF, XGBoost, and SVM on a custom-created dataset. Hyperparameter tuning was also performed 
to maximize predictive accuracy. The whole process of the training methodology ensured the most reliable 
and accurate results in predicting the outcome of the education process. XAI tools such as SHAP and LIME 
were also applied to investigate models, their usage, how a model arrives at its predictions or decisions, and 
to explain the working process. As demonstrated, the applied data analysis methods supported a more in-
depth understanding of global and local features explaining predictions, with Q2_ChatGPT_Satisfaction, 
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Q3_Performance_Impact, and Q4_Usage_Frequency variables being key predictors. The model's 
performance is evaluated using classical metrics, such as accuracy, precision, recall, F1-score, and the 
receiver operating characteristic curve and the area under this curve (AUC-ROC). Figure 1 depicts the 
overall workflow of the proposed approach.

3.1. Data collection and survey design
This section describes the participants and demographics, survey design, data collection process, and 
analysis methods used to examine ChatGPT's impact on academic performance, satisfaction, and support in 
higher education.

3.1.1. Participants and demographics
Data was collected from 1,000 higher education students from various institutions to create a custom 
ChatGPT Survey Data dataset. The demographic profile of the participants was categorized by gender, 
academic year, and institution type. A summary of these demographics is presented in Table 1.

The demographic distribution observed in Table 1, including the male majority (68%) and variation across 
academic years, reflects real-world usage patterns of ChatGPT among higher education students. Rather 
than applying artificial demographic balancing, we retained this natural representation to preserve 
ecological validity. To address potential bias, demographic variables such as gender and academic year were 
incorporated as input features in our ML models. Their contributions were further analyzed through feature 
importance and SHAP interpretation techniques. This strategy allowed the models to account for 
demographic variance rather than ignore it. Future research may explore stratified sampling or weighting 
schemes to enhance demographic representativeness and cross-context generalizability.

3.1.2. Survey design and questions
The study employed a structured survey to gather responses from participants. The survey included 12 
Likert scale questions addressing ChatGPT usage frequency, perceived effectiveness, satisfaction, and its 
impact on academic performance. Items were adopted from[20,49]. Respondents rated each question on a 5-
point Likert scale, where 1 represented "Strongly Disagree" and 5 represented "Strongly Agree". The survey 
questions are listed in Table 2.

3.1.3. Data collection
The survey was distributed through online platforms, ensuring anonymity and voluntary participation. A 
total of 1,000 valid responses were collected and used for analysis. The description of dataset variables is 
included in Table 3, and a summary of the dataset is included in Table 4.

3.2. Data preparation
Several data preparation steps were used to ensure the dataset was adequate for input into ML classifiers. 
These steps aided in achieving smooth analysis, such as eliminating missing values where less than 5% 
accounted for missing data[52,53]; the maximum variable "Q7_Accuracy" is shown to possess missing values 
by approximately 4.2%. In this regard, continuous variables such as "Q4_Usage_Frequency" and 
"Q5_Time_Reduction" were imputed using mean values. Categorical variables such as "Gender" were 
imputed using the mode to ensure completeness of the dataset without introducing bias. Min-max scaling 
was used to scale continuous variables, ensuring all continuous features contributed equally to the analysis. 
The Min-Max scaling is determined by
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where:

• X is the original value of the feature.

• Xmin is the minimum value of the feature.

• Xmax is the maximum value of the feature.

• Xscaled is the scaled value, now in the range [0, 1].

The categorical variable "Gender" was represented as "Male, Female, Other". One-hot encoding was done, 
transforming the above categorical variables to a numerical format to convert each binary column 
representing the categories. Using these variables makes the ML algorithms work effectively on these 
variables without any ordinal relation implied among the levels of categorical values. This sets a strong 
footing for further exploration and model development based on data.

3.3. Exploratory data analysis
The exploratory data analysis (EDA) supports understanding the nature of our custom-made dataset's 
characteristics and relationships or patterns before applying advanced modeling techniques. The task of this 
study was to apply EDA to gain further insight into and analyze the responses made on the survey, detect 
problems such as outliers or skewed distributions, and finally better decide on data preprocessing and 
feature selection. Figure 2 plots the histograms showing distributions for every item of the survey. These 
histograms provide a clear view of the frequency of various responses across numeric variables, highlighting 
skewness or imbalance in the data. This visualization helped identify if any specific items were over- or 
underrepresented in the survey, which might affect the accuracy and generalizability of the models. It also 
showed whether the responses followed a normal distribution or had noticeable deviations.

Moreover, Figure 3 shows feature box plots for the individual variables in the dataset, representing the 
dataset's central tendency, spread, and possible outliers in a graphical way. These box plots would prove 
helpful in identifying extreme values or variables with extensive interquartile ranges. We could see a need 
for features that may require further attention, either for normalization or to treat outliers, so as not to 
distort the model while in training.

Finally, Figure 4 is the correlation matrix heatmap, presented to display relationships between numeric 
features of our self-crafted dataset, namely ChatGPT Survey Data. The color intensities of the heatmap 
point toward the strength and direction of correlation to identify highly correlated variables. In this regard, 
finding multicollinearity degrading ML models' predictive ability was essential. This helped us to refine the 
feature selection process so that only the most relevant and independent variables were included in the 
model.

3.4. Multicollinearity assessment
As shown in the correlation heatmap [Figure 4], inter-feature correlations are relatively low, with most 
values under 0.2, and only a weak correlation is observed between Q6_Problem_Solving and 
Q12_Learning_Motivation (r = 0.13). This indicates a low multicollinearity risk in the dataset. Since tree-



Page 7 of Dahri et al. Complex Eng. Syst. 2025, 5, 7 https://dx.doi.org/10.20517/ces.2025.07 22

Table 1. Demographics of participants

Category Subcategory Frequency Percentage

Male 680 68%Gender

Female 320 32%

First year 150 15%

Second year 200 20%

Third year 150 15%

Fourth year 200 20%

Academic year

Postgraduate 300 30%

Public 700 70%Institution type

Private 300 30%

Table 2. Likert scale survey questions

No. Survey question Likert scale options

1 ChatGPT has enhanced my understanding of academic concepts 1 2 3 4 5

2 I am satisfied with the academic support provided by ChatGPT 1 2 3 4 5

3 ChatGPT has positively impacted my academic performance 1 2 3 4 5

4 I use ChatGPT frequently to complete academic tasks 1 2 3 4 5

5 ChatGPT has reduced the time I spend using traditional learning resources 1 2 3 4 5

6 I rely on ChatGPT to solve complex academic problems 1 2 3 4 5

7 ChatGPT provides accurate and reliable academic information 1 2 3 4 5

8 ChatGPT makes me feel more confident about my academic abilities 1 2 3 4 5

9 I believe ChatGPT is a valuable tool for improving my academic performance 1 2 3 4 5

10 I would recommend ChatGPT to other students for academic purposes 1 2 3 4 5

11 ChatGPT helps me manage academic stress by offering quick solutions 1 2 3 4 5

12 ChatGPT has motivated me to explore new areas of learning 1 2 3 4 5

Table 3. Dataset structure and variables

Variable name Description

Gender Gender of the participant (Male/Female/Other)

Academic_Year Year of study (First/Second/Third/Fourth/Postgrad)

Institution_Type Institution type (Public/Private)

Q1_ChatGPT_Understanding ChatGPT has enhanced my understanding of academic concepts

Q2_ChatGPT_Satisfaction I am satisfied with the academic support provided by ChatGPT

Q3_Performance_Impact ChatGPT has positively impacted my academic performance

Q4_Usage_Frequency I use ChatGPT frequently to complete academic tasks

Q5_Time_Reduction ChatGPT has reduced the time I spend using traditional learning resources

Q6_Problem_Solving I rely on ChatGPT to solve complex academic problems

Q7_Accuracy ChatGPT provides accurate and reliable academic information

Q8_Confidence ChatGPT makes me feel more confident about my academic abilities

Q9_Valuable_Tool I believe ChatGPT is a valuable tool for improving my academic performance

Q10_Recommendation I would recommend ChatGPT to other students for academic purposes

Q11_Stress_Management ChatGPT helps me manage academic stress by offering quick solutions

Q12_Learning_Motivation ChatGPT has motivated me to explore new areas of learning

based models such as XGBoost and RF are less sensitive to multicollinearity and do not rely on coefficient 
estimation, traditional VIF metrics were not applied. Nonetheless, interaction features were explicitly 
engineered to isolate combined effects, reducing redundant feature influence.
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Table 4. Dataset summary

Response Item_1 Item_2 Item_3 Item_4 Item_5 Item_6 Item_7 Item_8 Item_9 Item_10 Item_11 Item_12

1 (SD) 108 108 104 106 99 101 106 107 100 92 96 97

2 (D) 211 188 194 209 204 200 198 208 208 202 196 200

3 (N) 294 274 296 294 310 304 322 314 323 324 304 288

4 (A) 234 278 252 261 246 242 220 231 234 246 243 243

5 (SA) 153 152 154 130 141 153 154 140 135 136 161 172

EDA provided in-depth visualizations and a comprehensive understanding of the dataset, identifying key trends and potential issues that could affect the 
accuracy of the models. The insights gained from this analysis informed the preprocessing steps, including imputation, scaling, and feature engineering, 
ensuring that the dataset was well-prepared for the subsequent machine-learning techniques.

3.5. Feature engineering
Using feature engineering techniques helped improve the predictive capability of the dataset in our study by developing new variables that better captured the 
relationships between student engagement with ChatGPT and associated academic satisfaction and performance[52,54]. This paper discusses two explicit feature 
engineering techniques applied during this study to refine a dataset toward a more detailed analysis of student results' determinants[54].

First, the features were combined into one that would create an overall measure of the impact of ChatGPT on student learning. The new feature, Overall 
ChatGPT Impact, was derived by aggregating the results from three key survey questions: Q1_ChatGPT_Understanding, which measures the clarity of 
explanations provided by ChatGPT; Q2_ChatGPT_Satisfaction, which assesses overall satisfaction with ChatGPT as a learning tool; and 
Q3_Performance_Impact, which captures perceived impact on academic performance. These three variables were averaged to create the Overall ChatGPT 
Impact score, thus providing a consolidated measure of the student experience with ChatGPT. This feature is aggregated and gives an overall view of how 
students perceive the tool's effectiveness; it helps quantify its influence on the students' academic journey.

The second technique focused on interaction features, investigating the relationship between students' problem-solving abilities and their intrinsic motivation 
for learning. An interaction term was created by multiplying Q6_Problem_Solving, which evaluates students' ability to solve complex problems with ChatGPT, 
and Q12_Learning_Motivation, which measures their intrinsic motivation towards learning. This new variable, the Interaction Feature, captures how 
motivation influences the students' ability to use ChatGPT effectively in solving problems. This would test whether the more substantial motivational level 
would be associated with achievement in solving problems using ChatGPT.
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Figure 1. Research flow diagram.

These engineered features vastly enriched the dataset and provided very subtle insight into what factors 
came into play concerning student satisfaction and academic performance. Integrating Overall ChatGPT 
Impact and the interaction feature would allow greater play-by-play on these activities, improving ML 
models' robustness for the actual analysis. This work's abovementioned characteristics have gone as far as to 
ensure increasingly real conformance of students' experience with ChatGPT that better reflects aspects 
leading to their academic success.

3.6. Model training and analysis
Model Training and Analysis included splitting the dataset and several ML models, fine-tuning their 
parameters, and testing them for academic performance, satisfaction, and other relevant outcomes that 
might arise because of the interaction of students with ChatGPT.

3.6.1. Data splitting
This divided the dataset of 1,000 records into two subsets: a training set and a testing set. This was 
important to ensure that the ML models were tested reliable and unbiased. The training subset, with 80% of 
the total data, or 800 records, was used to train the models. The remaining 20%, or 200 records, were left to 
test the model's performance. This division helped to effectively fit the models to the data, thereby 
preventing overfitting and providing robust evaluation. The split of the data is presented in Table 5.

3.6.2. Machine learning models
Several ML models were used to predict academic outcomes by predicting students' interactions with 
ChatGPT. For this purpose, the models selected are different because they have varying strengths in 
handling specific types of data and modeling tasks.

In this study, we selected XGBoost, RF, and SVM due to their established effectiveness in handling 
structured survey datasets[55] and their seamless integration with XAI techniques such as SHAP and LIME. 
While transformer-based deep learning models (e.g., BERT, RoBERTa) have shown strong performance in 
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Table 5. Dataset statistics

Data split Count Percentage

Training set 800 80%

Testing set 200 20%

Figure 2. Distribution of responses for each survey.

natural language processing (NLP)-driven tasks, they typically require large text-based corpora and 
extensive training resources[56,57]. To develop a computationally efficient and interpretable framework 
suitable for educational environments, where timely insights and transparency are essential for stakeholders 
such as educators and policymakers. Prior studies have successfully used classical ML models to predict 
student outcomes with high accuracy and better model interpretability in structured contexts[56,58,59]. Thus, 
our choice reflects a balance between predictive performance, generalizability, and ethical responsibility in 
AI-driven educational research.

XGBoost was chosen because it can handle categorical and continuous variables well and robustly produces 
accurate predictions[60,61]. The model was tuned with the following key hyperparameters in Table 6.
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Table 6. XGBoost model key parameters

Parameter Description Value

Learning rate Controls the step size at each iteration 0.1

Number of trees Total number of trees (estimators) 100

Maximum depth Maximum depth of each tree 6

Subsample Fraction of samples used for training each tree 0.8

Gamma Minimum loss reduction required to split a node 0.1

Regularization (λ) L2 regularization term 1

Figure 3. Box plots for each feature.

RF was used primarily for feature importance analysis and capturing complex interactions among 
variables[62,63]. Key hyperparameters for this model are included in Table 7.

SVM was used to classify categorical outcomes, such as whether ChatGPT improves academic 
performance[64,65]. The model was trained with the following parameters shown in Table 8.

These models were carefully trained and evaluated using the training and testing datasets, enabling insights 
into the relationship between ChatGPT usage and academic outcomes.

3.6.3. Model evaluation
To assess the effectiveness of the trained models, appropriate evaluation metrics were applied to both 
regression and classification tasks. For regression models predicting continuous outcomes, such as academic 
performance, the R-squared (R2) metric was used.
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where y is the actual value,  is the predicted value, and  is the mean of actual values.

This metric refers to the proportion of variance in the dependent variable that can be predicted from the 
independent variables and, therefore, provides a clear indication of the model's explanatory power. For the 
models predicting categorical outcomes, several key metrics were applied for classification models.

Accuracy: The proportion of correctly classified instances.

Precision: The ratio of true positives to all predicted positives, measuring prediction reliability.

Recall (Sensitivity): The ratio of true positives to all actual positives, indicating the model's ability to identify 
positive instances.

F1-score: The harmonic mean of precision and recall, balancing both metrics.

AUC: It estimates a model's capability of discriminating between classes; the closer the value is to 1, the 
better the performance. These evaluation metrics now gave an entire framework for assessing the overall 
effectiveness of the models in terms of reliability and accuracy.

4. MODEL INTERPRETATION AND EXPLAINABILITY
The explanation techniques of model interpretation were used to see how the models made their 
predictions, providing deep insight into how various features influence academic performance and user 
satisfaction while interacting with ChatGPT. The interpretability techniques used SHAP and LIME assume 
low feature redundancy for accurate attribution. We confirmed low pairwise correlations among features to 
meet this assumption, avoiding direct multicollinearity. The modest correlation between 
Q6_Problem_Solving and Q12_Learning_Motivation (r = 0.13) was further addressed by creating an 
interaction term. This strategy isolates their joint effect while minimizing overlap in their contributions to 
SHAP analysis, preserving the integrity of feature attributions and ensuring robust model explanations. 
Using the XGBoost and RF models, feature importance analysis was done to identify the main drivers of 
academic performance, satisfaction, and other outcomes in this dataset. Based on the feature importance 
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Table 7. Random forest model key parameters

Parameter Description Value

Number of trees Number of decision trees in the forest 200

Maximum depth Maximum depth of each tree None (fully grown)

Minimum samples split Minimum samples required to split a node 2

Minimum samples leaf Minimum samples needed for a leaf node 1

Bootstrap Whether to use bootstrapping for samples True

Table 8. Support vector machine (SVM) model key parameters

Parameter Description Value

Kernel Specifies the kernel type used in the algorithm Radial basis function (RBF)

C (Regularization) Penalty parameter of the error term 1.0

Gamma Kernel coefficient Scale

plot, significant features are Q2_ChatGPT_Satisfaction and Q4_Usage_Frequency, which are the important 
predictors of academic performance. With this regard, this research further helped narrow the most crucial 
indicators that contribute to influencing outcomes among the different users to eventually assist in guidance 
for subsequent ChatGPT usage based on a solid academic purpose for its implementation in an educational 
situation. Some relevant XAI methods, including SHAP Values and LIME, were applied to add information. 
SHAP plots showed a global view of how each feature contributed to the predictions across all data points; 
for example, a strong impact from Q8_Confidence was often complemented by high scores in 
Q3_Performance_Impact, thus showing a positive feedback loop between confidence and performance. 
LIME provided instance-level insights into how specific features influenced individual predictions, such as 
how high values for Q6_Problem_Solving and Q12_Learning_Motivation significantly boosted predicted 
performance. Interpretation techniques ensured the transparency of the model, enabling actionable insights 
and practical recommendations for improving ChatGPT as an academic tool.

5. FINDINGS
Two sections of the study present the ML Model Analysis and the XAI Model Analysis results. Those 
discuss predictive performance and interpretability, discussing what factors inform academic performance 
or satisfaction with using ChatGPT.

5.1. ML model analysis
This work discusses the analysis of ML models such as XGBoost, RF, and SVM to predict academic 
performance and satisfaction. The summary of their performances is shown in Table 9 in terms of accuracy, 
precision, recall, F1-score, and AUC. Among these, XGBoost was the best at predicting academic 
performance as a regression task, with an R2 value of 92%. This, in turn, means that, according to features 
such as ChatGPT use and satisfaction with ChatGPT/problem-solving skills, 92% of the variance in 
academic performance could be explained by a model such as XGBoost. The high R-squared value 
represents the strength and reliability of using XGBoost for modeling and good predictions.

Besides, the RF and SVM classifiers also had high values for the classification task of predicting student 
satisfaction, with the SVM slightly outperforming the RF at 89% and 87%, respectively. Also, the SVM 
model was more potent in other measures: precision was 0.86, the recall was 0.89, and the F1-score was 0.87. 
In contrast, the RF model achieved the following values for precision, recall, and F1-score: 0.85, 0.88, and 
0.86, respectively. These results suggest that SVM is particularly adept at identifying students with high 
satisfaction levels, making it a suitable choice for classification tasks in this context.
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Table 9. ML models performance results

Model Target variable Accuracy/R2 Precision Recall F1-score AUC

XGBoost Academic performance (regression) 0.92 (R2) - - - -

Random forest Satisfaction (classification) 0.87 (accuracy) 0.85 0.88 0.86 0.90

SVM Satisfaction (classification) 0.89 (accuracy) 0.86 0.89 0.87 0.92

Figure 4. Correlation matrix heatmap.

Figure 5 compares performance metrics by various models, showing the superiority of each model in 
different aspects. The corresponding AUC scores also reflect the effectiveness of these models, with the 
highest achieved by SVM at 0.92 and standing at 0.90 for RF. It is interpretable that both models carry 
excellent discrimination capability, while SVM is leading a little ahead in class distinction.
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Figure 5. Comparative performance of machine learning models.

These results emphasize the strengths of ML models in making predictions about outcomes related to the 
use of ChatGPT. The relatively strong performance of XGBoost in terms of the prediction of academic 
performance gives strong evidence of its applicability in education research. Similarly, robust performances 
by SVM and RF on classification tasks give their worth in making sense of student satisfaction. The 
performance evaluation of the RF and SVM classifiers shows excellent classification performance on binary 
outcome predictions, as will be informed by insights from confusion matrices. Confusion matrices for both 
models in Figure 6 have many true positives and true negatives but few false positives and false negatives, 
reflecting their high overall accuracy.

As shown in Figure 7, the RF classifier achieved an accuracy of 0.87, while the SVM classifier slightly 
outperformed it with an accuracy of 0.89.

The feature importance analysis of the classification performance of RF and XGBoost pointed to other 
significant predictors for academic performance and user satisfaction with ChatGPT. Among these, the 
factor Q2_ChatGPT_Satisfaction was vital in predicting better academic performance and improved 
satisfaction for overall users. This agrees with the previous literature, which has demonstrated the role of 
user satisfaction in improving learning outcomes in digital learning environments[66,67]. Another strong 
predictor was Q4_Usage_Frequency, where high usage of ChatGPT was positively related to better 
academic performance. This would, therefore, mean that repeated interactions with AI tools create 
familiarity and engagement, enhancing learning efficiency. Previous research supports this by showing that 
consistent usage of tools strengthens cognitive and metacognitive skills and improves achievements[68].
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Figure 6. Confusion matrices for random forest and support vector machine (SVM) classifiers.

Figure 7. ROC curves for random forest and support vector machine (SVM) classifiers.

Q6_Problem_Solving also significantly contributed to academic performance. This underlines the capability 
of ChatGPT in complex problem-solving tasks, an essential component in pursuing educational success. In 
earlier studies, problem-solving using AI tools was said to enable critical thinking and deeper learning[5,69]. 
Lastly, Q12_Learning_Motivation was another essential element in showing how intrinsic motivation plays 
a vital role in adequately using AI tools. Motivated learners tend to engage more deeply with learning tools, 
maximizing their potential benefits[70].

While the analysis has shown that both RF and SVM classifiers are strong in their classification 
performance, SVM outperformed them in all scores of the evaluation metrics. The feature of importance 
analysis has shown that satisfaction, usage frequency, problem-solving, and learning motivation drive 
academic performance and user satisfaction. These results demonstrate the tremendous use value of 
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ChatGPT and other AI tools in educational settings and give straightforward, practical suggestions on how 
best to use them to improve learning outcomes. Future research should develop an improved classification 
model that can help better understand how those identified features interact and contribute toward long-
term academic success.

5.2. XAI model analysis
With the support of SHAP and LIME, central insight was gained into the XAI model decision-making 
processes, hence its interpretability[41,42,71]. These techniques avoided typical ML model problems-"black-
box", which explained how specific features influenced the models to make their prediction[71]. In 
educational contexts, this transparency is essential for building trust among stakeholders, including 
educators and students, and ensuring ethical and informed AI usage.

The SHAP analysis for regression in academic performance is dominated by two features: 
Q2_ChatGPT_Satisfaction and Q4_Usage_Frequency. Increased levels of satisfaction with ChatGPT, 
captured in Q2, significantly raise the students' predicted academic performance as an essential factor from 
user experiences concerning this educational technology. Similarly, as measured by Q4, high usage of 
ChatGPT was strongly correlated with better performance. This shows how consistent engagement with the 
tools leads to academic success as discussed by Rehman et al.[15]. As Figure 8 shows, the findings are 
supported by previous research, which evidences that user satisfaction and high use of learning tools 
improve performance since they encourage more profound learning and engagement[72].

In parallel, LIME analysis for Satisfaction Classification specified Q6_Problem_Solving and 
Q12_Learning_Motivation as important features determining student satisfaction levels. Further, the results 
indicated that a student who actively uses ChatGPT to solve a complicated problem would tend to express 
satisfaction with the tool's usefulness for critical thinking-enhanced problem-solving[73]. Beyond this, 
captured in Q12, intrinsic motivation was crucial because students motivated to learn would likely place 
more value and satisfaction in using ChatGPT. That shows that cultivating inherent motivation will be a 
necessary prelude to deriving maximum benefit from this AI-driven learning tool, supported by the basic 
tenets of self-determination theory and other related studies on learner engagement[74,75].

5.3. Implications
The findings of this study carry significant implications for integrating AI tools such as ChatGPT in 
education. The good predictive performance of ML models emphasizes the potential of AI to transform the 
discovery of critical factors influencing academic performance and student satisfaction. Educators can use 
such insights to develop targeted interventions, such as tailored support strategies and personalized learning 
experiences, to boost student engagement and outcomes. For instance, leveraging data on satisfaction and 
usage frequency could guide the development of AI-supported activities that align with students' 
preferences and needs.

The study also points out the need to promote a sense of satisfaction in user experiences and intrinsic 
motivation as key predictors of success. Students will achieve better academic outcomes if they are satisfied 
and motivated to use AI tools. Hence, educators must focus on training programs to strengthen students' 
confidence in AI technologies. Building personal approaches and making efforts to direct AI tools for 
students' problem-solving and learning goals will further enhance their motivation and engagement.

Integrating eXplainable AI (XAI) techniques adds transparency and interpretability to AI applications in 
education. By using tools such as SHAP and LIME, educators and stakeholders can gain actionable insights 
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Figure 8. LIME explanation for academic performance prediction on XGBoost model.

into the decision-making processes of AI models, fostering trust in these technologies. This explainability 
ensures accountability, addresses ethical concerns, and empowers educators to make informed decisions 
about integrating AI tools. Moreover, it bridges the gap between complex AI algorithms and practical 
educational applications, making AI adoption more accessible to non-technical stakeholders.

6. CONCLUSION AND FUTURE WORK
This research sought to explore and investigate the use of ML classifiers and XAI techniques to understand 
how AI applications, such as ChatGPT, affect academic and student performance and satisfaction better and 
ensure their effectiveness and explainability. In this paper, the predictive capabilities of ML models and the 
interpretability of XAI methods have been elaborated by considering key factors that determine academic 
success and user satisfaction through using RF and SVM in predictive modeling, as well as SHAP and LIME 
for explainability. The primary purpose of this study was to find and assess the predictors of performance 
and satisfaction with ChatGPT as a learning tool. This study concentrated on the following aspects of 
ChatGPT: satisfaction, usage frequency, problem-solving, and learning motivation. The RF and SVM 
models reached an accuracy of 87% and 89%, respectively, and possessed extreme discriminatory power, as 
evidenced by their AUC-ROC scores of 0.90 and 0.92. XGBoast delivered expected outcomes with an R2 
score of 0.92. XAI analysis identified that satisfaction, usage frequency, and learning motivation were the 
most influential features. These results indicate the possibilities of AI in education. The ML models' strong 
performance highlights AI tools' ability to find the most influencing factors behind the student outcome, 
and XAI techniques ensure transparency, building trust among stakeholders. Practical implications are 
designing targeted interventions to enhance user experiences, building motivation, and engineering AI tools 
that meet the needs of individual learners. Despite its contributions, the study has limitations.
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The analysis was based on a specific dataset and context, which may limit the generalizability of the 
findings. Additionally, reliance on self-reported data may introduce biases. Future research should focus on 
diverse datasets, longitudinal studies, and broader AI applications to further validate and extend these 
findings. Future research may incorporate comparisons with established educational prediction benchmarks 
to further contextualize model performance. This study demonstrates the transformative potential of 
integrating AI and XAI in education, providing actionable insights for educators and paving the way for 
ethical and effective adoption of AI technologies in learning environments.
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