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Abstract 

The integration of international students into host countries and their cultures is a 
multifaceted challenge that significantly impacts their academic success and well-being. 
This study leverages Explainable Artificial Intelligence (XAI) to model and interpret 
variables associated with the self-rated integration of 175 international students at Charles 
Darwin University (CDU) in Australia, using data from a 42-question survey. Employing 
machine learning models, including Decision Tree (DT) and Gradient Boosting Machine 
(GBM), we use XAI techniques to identify variables most strongly associated with 
students’ self-rated integration, including career confidence, perceived future happiness, 
and perceived career obstacles. SHAP analyses and partial dependence plots provide 
global and instance-level insights, revealing both the magnitude and directional effects of 
these features. The findings highlight the predictive relevance of psychological and social 
variables in students’ self-rated integration, offering exploratory insights that inform 
targeted support programs. By enhancing model transparency through XAI, this research 
fosters trust in AI-driven educational interventions, addressing ethical considerations and 
promoting equitable outcomes for diverse student populations. 
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1. Introduction 
The increasing globalization of higher education has led to a significant rise in the 

number of international students pursuing academic opportunities abroad [1–4]. While 
these students contribute to the cultural and intellectual diversity of host countries, their 
successful integration into the new environment remains a complex and multifaceted 
challenge [5–8]. Traditional methods of assessing integration, such as surveys and 
interviews, often suffer from limitations in scale, objectivity [9–11], and the ability to 
capture nuanced patterns within large datasets [12–14]. 

Artificial Intelligence (AI), particularly machine learning techniques, offers a 
promising avenue for analyzing the integration process by leveraging the wealth of data 
generated through students’ academic performance [15], social interactions [16,17], and 
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engagement with cultural activities [18,19]. However, the “black box” nature of many AI 
models poses a significant barrier to understanding ‘why’ certain factors are predictive of 
successful integration. This lack of transparency can hinder the development of effective 
support systems and interventions designed to facilitate a smoother transition for 
international students [20,21]. 

Explainable Artificial Intelligence (XAI) emerges as a critical solution to address this 
challenge [22,23]. By providing insights into the decision-making processes of AI models, 
XAI enables us to identify variables associated with international students’ self-rated 
integration, such as language proficiency, social network composition, participation in 
cultural events, and academic support systems [24,25]. Furthermore, XAI can reveal 
potential biases in the data or algorithms that may disproportionately affect certain 
student populations, promoting fairness and equity in integration initiatives [26,27]. 

This paper explores the application of XAI techniques to model the integration of 
international students into the host country and its culture. We focus on developing 
transparent and interpretable AI models that can identify variables associated with 
students’ self-rated integration, uncover hidden patterns in student behavior, and provide 
actionable insights for universities and policymakers [28]. By leveraging XAI, we aim to 
move beyond simply predicting integration outcomes to understanding the patterns 
contributing to model predictions, ultimately fostering a more inclusive and supportive 
environment for international students [29]. 

In this study, we define integration as the process by which international students 
balance the maintenance of their cultural identity with active participation in the social, 
academic, and cultural life of the host country, as conceptualized in Berry’s acculturation 
model [16]. This model posits integration as one of four acculturation strategies, where 
individuals adopt elements of the host culture while retaining aspects of their original 
culture, leading to positive adaptation outcomes. This definition underpins our focus on 
self-rated integration (survey question Q36), which captures students’ perceptions of their 
cultural and social adaptation in Australia. 

This research contributes to the growing body of literature on XAI by demonstrating 
its potential to address complex social challenges within international education. Using 
data from a 42-question survey completed by 175 international students in Australia, we 
apply machine learning and explainability techniques to identify the social, psychological, 
and economic factors most strongly associated with self-rated integration [30–33]. 

The novelty of this study is not limited to the application of SHAP and LIME to survey 
data. Conceptually, the study links interpretable machine learning with Berry’s acculturation 
framework to examine international student integration as a multidimensional educational 
and sociocultural process, rather than as a purely academic performance or retention outcome. 
Methodologically, the study combines predictive modelling with global and instance-level 
XAI techniques to identify how social, psychological, academic, financial, and career-related 
survey variables contribute to students’ self-rated integration. This provides a transparent 
framework for interpreting model outputs in a small-scale educational dataset and 
demonstrates how XAI can be used to generate institutionally relevant hypotheses for student 
support, rather than only to maximise predictive accuracy. 

2. Research Methodology 
Various explainability methods are used to understand how machine learning 

models make decisions [34,35]. They aid in our understanding of the model’s process and 
the traits or variables that influence a prediction the most [36,37]. This is especially 
important when working with complicated models like ensemble models or deep neural 
networks, which are frequently referred to as “black boxes” because of their level of 
complexity [38,39]. 



AI 2026, 7, 238 3 of 22 
 

https://doi.org/10.3390/ai7070238 

This study provides a comprehensive analysis of XAI techniques for predicting the 
integration of international students into the host country and its culture, with a particular 
emphasis on model performance and interpretability. The questions are combinations of 
dependent, independent, and intervening variables, as informed by Berry’s acculturation 
model. For instance, the dependent variable, self-rated integration (Q36: “How do you 
rate your integration in Australia and its culture?”), aligns with Berry’s model in terms of 
capturing the extent to which students perceive themselves as balancing their cultural 
identity with participation in Australian society. For model training and interpretation, 
the three Q36 response categories were encoded consistently as Class 0 = Excellent 
integration, Class 1 = Fair integration, and Class 2 = Poor integration. These class labels 
correspond to the original survey responses 1 = Excellent, 2 = Fair, and 3 = Poor, 
respectively. To avoid ambiguity, the Section 3 reports both the model class label and the 
corresponding survey response category where relevant. 

Model performance was evaluated using multiple indicators, including accuracy, 
precision, recall/sensitivity, specificity, and F1 score, rather than accuracy alone. This was 
important because the Q36 outcome contains three ordered response categories and 
performance may be affected by the distribution of responses across classes [40–42]. SHAP 
(SHapley Additive exPlanations) [43] and LIME (Local Interpretable Model-agnostic 
Explanations) [44] are employed to ensure transparent predictions for the two best 
performing methods in terms of accuracy (GBM Accuracy: 0.787234, DT Accuracy: 
0.765957), critical for educational applications. 

Prior to model training, survey responses were converted into machine-readable 
categorical or ordinal variables according to the response options listed in Table 1. Binary 
yes/no responses were encoded as categorical binary variables, while ordered response 
categories, such as levels of confidence, happiness, stress, study habits, and self-rated 
integration, were encoded according to their ordinal survey structure. The outcome 
variable was Q36, self-rated integration in Australia and its culture, which was encoded 
as Class 0 = Excellent integration, Class 1 = Fair integration, and Class 2 = Poor integration. 
Complete survey responses were used for the analysis; therefore, no imputation 
procedure was applied. Because the dataset was relatively small, model evaluation did 
not rely on accuracy alone. Sensitivity, specificity, F1 score, precision/recall, and accuracy 
were considered together to assess performance and to reduce the risk of misleading 
interpretation due to possible class imbalance. 

Table 1. The questionnaire which is used as the input features. 

No. Questions Answer Sheet 

Q1 Where are you originally from? India, Bangladesh, Nepal, Pakistan, Vietnam, 
Philippines, China 

Q2 Are you an Australian citizen or permanent resident? YES or NO 
Q3 Are you here on student visa? YES or NO 
Q4 Do you have to work to support yourself? YES or NO 

Q5 
Do you work in an area relevant to your professional 
expertise? YES or NO 

Q6 
Does your family support you while you are studying in 
Australia? YES or NO 

Q7 
Do you have a circle among your friends/family to 
mentally/emotionally support you in Australia? YES or NO 

Q8 
Can you score at least 7 in an IELTS test or a similar 
English test? YES or NO 

Q9 Is English language a barrier for you? YES or NO 
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Q10 Is your first degree related to your post-graduate 
studies? 

YES or NO 

Q11 Do you have a partner? YES or NO 
Q12 Are you living with your partner in Australia? YES or NO 
Q13 Do your parents have a university degree? YES or NO 
Q14 Do you consider your family to be well off financially? YES or NO 
Q15 Do your parents support you mentally? YES or NO 
Q16 Do your parents support you financially? YES or NO 
Q17 Are you here alone? YES or NO 

Q18 How many hours do you typically study per week? 

(1) Less than 5 h 
(2) 5–10 h 
(3) 10–15 h 
(4) 15–20 h 

Q19 How often do you complete your assignments on time? 
(1) Always 
(2) Sometimes 
(3) Rarely 

Q20 How do you rate your study habits and time 
management skills? 

(1) Excellent 
(2) Good 
(3) Fair 
(4) Poor 

Q21 Can you focus on the lesson in your classes? YES or NO 

Q22 How well do you engage in your studies in your 
opinion? 

(1) Very much 
(2) Moderately 
(3) Somewhat 
(4) Not at all 

Q23 How frequently do you feel depressed or hopeless? 

(1) Never 
(2) Rarely 
(3) Sometimes 
(4) Often 
(5) Always 

Q24 Can you eat well while living and studying here? YES or NO 
Q25 Do you do regular exercises? YES or NO 

Q26 How often do you feel anxious or stressed? 

(1) Never 
(2) Rarely 
(3) Sometimes 
(4) Often 
(5) Always 

Q27 Did you have a happy childhood? YES or NO 

Q28 Do you think of yourself as a successful person? 
(1) Yes 
(2) Somehow 
(3) No 

Q29 Do you experience any types of hardships that affect 
your focus on your studies (e.g., financial, trauma)? 

(1) I do but I can handle it on my own. 
(2) I do and I can’t manage alone and need help 
(3) I don’t have any issues. 

Q30 Do you like the major you are studying? 
(1) Yes 
(2) Somehow 
(3) No 

Q31 Are you on the right track to achieve your career 
aspirations? 

(1) Yes 
(2) Somehow 
(3) No 

Q32 
How confident do you feel about achieving your career 
goals? 

(1) Very confident 
(2) Somewhat confident 
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(3) Not confident at all 

Q33 
Have you talked to anyone about your career 
aspirations? YES or NO 

Q34 What obstacles do you think may stand in the way of 
achieving your career aspirations? 

(1) Lack of finance 
(2) Lack of access to educational resources 
(3) Discrimination or bias 
(4) Family responsibilities 
(5) Other 

Q35 
Do you think your studies are making you ready for 
your career? 

(1) Yes 
(2) Somehow 
(3) No 

Q36 
How do you rate your integration in Australia and its 
culture? 

(1) Excellent 
(2) Fair 
(3) Poor 

Q37 Are you planning to stay in Australia and become an 
Australian citizen? 

YES or NO 

Q38 
Do you want to integrate with Australian culture or be 
exactly the way you were before coming to Australia? 

(1) I want to stay exactly like before and make no 
changes 
(2) I want to keep some components of my own culture 
and integrate with some parts of the Australian culture  
(3) I want to change everything and become exactly like 
an Australian born and bred in Australia 

Q39 
Do you like to stay and live in Australia all your life 
(note: mark ‘No’ if you would like to go to another 
country)? 

YES or NO 

Q40 How confident do you feel about being able to pay the 
bills in the future independently? 

(1) Very confident 
(2) Somewhat confident 
(3) Not confident at all  

Q41 
Based on your performance and your aspirations, do 
you perceive yourself as a successful person in the 
future? 

YES or NO 

Q42 
How do you rate your perceived future happiness in 
Australia? 

(1) Very happy 
(2) Somewhat happy 
(3) Not happy at all 

To evaluate model performance and reduce the risk of overfitting, the dataset of 175 
complete responses was divided into training and testing subsets using an 80:20 split. The 
training set was used for model development, while the held-out test set was reserved for 
final model evaluation. Where feasible, stratified sampling was applied to preserve the 
distribution of the three Q36 self-rated integration classes across the training and test 
subsets. A fixed random seed was used to support reproducibility of the data split and 
model training process. In addition, 5-fold cross-validation was applied within the 
training data to assess model stability across different folds. 

No automated or manual hyperparameter optimisation procedure was conducted. 
Specifically, GridSearchCV, RandomizedSearchCV, Bayesian optimisation, auto-sklearn, 
Optuna, Hyperopt, Hyperband, or other AutoML-based tuning procedures were not used. 
Instead, the Decision Tree and Gradient Boosting Machine models were trained using the 
standard scikit-learn classifier configurations. The main scikit-learn parameter settings used 
in the analysis are reported here. For the Decision Tree classifier, the key parameters were 
criterion = ‘gini’, splitter = ‘best’, max_depth = None, min_samples_split = 2, min_samples_leaf 
= 1, max_features = None, class_weight = None, and ccp_alpha = 0.0. For the Gradient Boosting 
classifier, the key parameters were loss = ‘log_loss’, learning_rate = 0.1, n_estimators = 100, 
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subsample = 1.0, criterion = ‘friedman_mse’, min_samples_split = 2, min_samples_leaf = 1, 
max_depth = 3, max_features = None, validation_fraction = 0.1, n_iter_no_change = None, tol 
= 0.0001, and ccp_alpha = 0.0. This decision was made because the study was exploratory and 
the dataset was relatively small. Extensive hyperparameter tuning on a small dataset could 
increase the risk of overfitting and produce model settings that are too specific to this sample. 
Therefore, the reported model performance should be interpreted within the exploratory 
scope of the study and in light of the modelling choices described above. 

Given that the outcome variable was self-rated integration (Q36), we also 
acknowledge the possibility of conceptual overlap between Q36 and some survey 
variables that capture students’ future intentions, perceived happiness in Australia, or 
attitudes toward integration. These variables were retained in the exploratory analysis 
because they represent theoretically relevant dimensions of students’ perceived 
adaptation; however, the results should be interpreted as predictive associations rather 
than evidence of independent determinants. Future studies should examine reduced 
models that exclude conceptually proximate variables to assess the robustness of the 
identified predictors and reduce the risk of target leakage. The study employs a survey-
based data collection approach to gather relevant information. Survey questions were 
developed through a literature review and consultations with education experts and 
success coaches at Charles Darwin University (CDU), ensuring alignment with constructs 
of student integration (e.g., cultural adaptation, academic engagement). 

The selection and grouping of survey variables were informed by prior literature on 
international student integration [15,16,33] and consultations with CDU experts. Variables 
were categorized into dependent (Q36, self-rated integration), independent (e.g., country 
of origin [Q1], socioeconomic status (Q14), visa status (Q2)), and intervening variables 
(e.g., language proficiency (Q8), social support (Q7), psychological stressors (Q29)) based 
on Berry’s acculturation model [23] and studies identifying key acculturation stressors 
[25,29]. This categorization ensures a comprehensive assessment of social, psychological, 
and economic factors influencing integration, aligning with theoretical frameworks and 
practical insights from educational practitioners. 

Ethics approval was obtained from the Human Ethics Committee at CDU, as the 
survey targeted international students. Data was collected from 175 international students 
at CDU’s Sydney campus, using a 42-question questionnaire, with complete responses 
obtained anonymously to protect respondents’ identities. We further discuss the 
implications of XAI-driven analysis for student integration, highlighting its potential to 
inform educational decision-making and optimize resource allocation (e.g., targeted 
support programs) [45,46]. It underscores the importance of transparent and interpretable 
models in educational settings, where understanding the reasons behind predictions 
fosters trust as well as ethical considerations in AI systems [23,47]. 

The survey questions were adapted from existing literature and allocated to relevant 
constructs of the conceptual framework (e.g., social integration, language proficiency). 
The questionnaire comprises 42 questions with responses from 175 participants, and 
further details are explored in subsequent sections. 

3. Results 
We used an investigation questionnaire detailed in Table 1 for our analysis. To 

further develop the questionnaire with regard to the literature, the questions to include in 
the questionnaire were considered in consultation with education experts and success 
coaches dealing with international students at CDU. The questions are combinations of 
dependent, independent and intervening variables. It focuses on: 

• Dependent Variable: Integration into Australian society and culture. 
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• Independent Variables: Country of origin, host country policies, previous education, 
socioeconomic status, and scholarship/work arrangements. 

• Intervening Variables: Language proficiency, cultural adaptation, social support, 
access to resources, pre-arrival preparation, attitude and openness, 
discrimination/prejudice, and financial stability. 

To investigate variables associated with the self-rated integration of international 
students at CDU, as captured by the survey item Q36 (“How do you rate your integration in 
Australia and its culture?”), machine learning models including Decision Tree, GBM were 
employed. SHAP (SHapley Additive exPlanations) analyses, partial dependence plots 
(PDPs), and feature importance metrics were utilized to interpret model predictions, 
providing both global and instance-level insights into feature contributions. Feature 
importance, directional effects, and their implications for understanding student 
integration will be further discussed in detail. As shown in Figure 1, the superiority of 
tree-based methodologies, most notably GBM and DT, suggests that the feature space may 
contain non-linear relationships and hierarchical interactions that linear or distance-based 
models (such as Logistic Regression and KNN) fail to fully capture. Conversely, the 
underperformance of Naive Bayes (NB) implies that the dataset violates the algorithm’s 
core assumption of feature independence, pointing to multicollinearity or dependencies 
among the predictor variables. Furthermore, the tight internal consistency across all five 
evaluation metrics (Accuracy, Precision, Recall, F1-score, and Specificity) within each 
respective model indicates a balanced dataset although small; had there been severe class 
imbalances, a distinct divergence between accuracy and precision/recall would be evident. 
These results suggest that non-linear, recursive partitioning algorithms may be better 
suited to modelling the decision boundaries in this dataset to adequately map the decision 
boundaries inherent to this specific classification problem. 

The SHAP, PDP, and feature-importance analyses were used to interpret the behaviour 
of the trained models rather than to infer causal relationships. SHAP values indicate how 
individual variables contributed to model predictions, while PDPs show marginal modelled 
associations between feature values and predicted outcomes. Therefore, terms such as 
“importance,” “contribution,” and “association” are used in relation to model predictions, 
not as evidence that these variables causally determine students’ integration. 

 

Figure 1. Comparative analysis of five performance metrics (Accuracy, Precision, Recall, F1-score, 
and Specificity) across eight machine learning classification algorithms. 
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3.1. Global Feature Importance 

The SHAP plot shown in Figure 2 for the Decision Tree model revealed the top five 
predictors of international students’ self-rated integration into Australian culture and 
society. These were: perceived future happiness in Australia, anticipated barriers to 
achieving career aspirations, confidence in attaining career goals, self-assessed study 
habits and time management, and perception of personal success. These features 
exhibited the highest mean absolute SHAP values, ranging from approximately 0.7 to 0.3, 
indicating their strong influence on model predictions. Among them, perceived future 
happiness showed the largest contribution to the model prediction (SHAP ≈ 0.7), followed 
by career-related obstacles (≈0.6) and confidence in goal attainment (≈0.5). Because 
perceived future happiness may be conceptually related to self-rated integration, this 
result should be interpreted as evidence of predictive association rather than as an 
independent explanatory factor. 

Moderate contributions were observed from variables such as the alignment between 
prior and current academic fields, the presence of emotional support networks, and 
employment relevance to professional background (SHAP values ≈ 0.1). Meanwhile, 
factors including the necessity of working for financial support, family support during 
studies, and perceived future personal success yielded lower SHAP values (<0.05), 
suggesting a relatively limited role in predicting integration outcomes within this model. 

 

Figure 2. Ranking Feature Importance: SHAP Values for Q36 Predictions (Mean Absolute Impact). 

A complementary feature importance analysis using the “drop loss” metric from a 
GBM classifier identified perceived future success, study habits and time management, 
and confidence in achieving career goals as the most influential factors in predicting 
students who rated their integration in the lowest category (Class 2, corresponding to the 
original Q36 response category “Poor integration”) as illustrated in Figure 3. These 
variables exhibited drop loss values of approximately 0.15, 0.05, and 0.03, respectively. 
Notably, this ranking diverged from the SHAP-based analysis by prioritizing perceived 
future success over perceived future happiness, illustrating how different importance 
metrics can yield varying insights. 
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At the lower end of the spectrum, variables such as emotional support from friends 
or family, mental support from parents, and the ability to maintain a healthy diet while 
studying had negligible importance (drop loss ≤ 0.001). Additionally, features such as 
family’s financial standing and studying in Australia alone registered small negative drop 
loss values (≈−0.005), which may suggest the presence of model noise or potential 
overfitting. 

 

Figure 3. Local Explanation: Feature Contribution to Response with Probability 0.0002 (Id: 5). 

In the multi-class classification task conducted using GBM, the SHAP results were 
used to examine class-specific feature contributions across the three outcome categories 
(Class 0, Class 1, and Class 2) according to Figure 4. The features with the highest 
cumulative SHAP values reaching up to 1.4 were confidence in achieving career goals, 
perceived future happiness in Australia, and anticipated obstacles to career aspirations. 
Confidence in career goals was found to primarily influence predictions for Class 0, while 
perceived future happiness significantly contributed to both Class 0 and Class 1 
classifications. 

 

Figure 4. Feature Importance Across Classes: Average SHAP Values for Model Output Magnitude. 
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In contrast, family’s financial standing and frequency of anxiety or stress were more 
influential in predicting Class 2, suggesting these factors are more relevant among 
students with lower levels of integration. Additionally, variables such as cohabitation 
with a partner and frequency of depressive symptoms demonstrated relatively balanced 
influence across all classes, indicating their generalized relevance to student integration. 
On the other hand, features like emotional support networks and parents’ educational 
background had minimal predictive power, with SHAP values close to zero, reflecting 
limited impact in this context. 

3.2. Directional Effects of Features 

Figure 5 examines the log-odds of predicted integration levels (Q36) offered nuanced 
insights into both the direction and magnitude of individual feature effects. The feature 
representing perceived future happiness in Australia displayed the widest range of SHAP 
values (approximately −1 to +1). Higher response levels for this feature (color-coded red) 
were associated with increased SHAP values up to +1 indicating a strong positive 
influence on the predicted log-odds of higher integration. Conversely, lower values (in 
blue) corresponded to negative SHAP contributions, reducing the likelihood of a positive 
integration rating. 

In contrast, the feature reflecting the need to work for financial support exhibited 
minimal variance, with SHAP values concentrated around zero, underscoring its 
negligible effect on the model’s predictive confidence. Collectively, these findings 
emphasize the central role of students’ anticipated future well-being in shaping their 
cultural and social integration outcomes. 

The feature contribution for Q14, family financial standing, illustrates its context-
specific influence on the model prediction for Class 2, corresponding to the original Q36 
response category “Poor integration” of self-rated integration in Australia and its culture 
(Q36), as shown in Figure 6. When students reported lower financial well-being 
(corresponding to model input values near −0.5), SHAP values ranged from 
approximately −0.1 to +0.5 primarily concentrated between 0 and +0.2 correlating with 
higher predicted probabilities of integration (up to 0.16). In contrast, when students 
perceived their families to be more financially secure (input values near +0.5), SHAP 
values ranged from −0.5 to +0.1, predominantly falling between −0.3 and 0, which aligned 
with significantly lower predicted probabilities (≈0.02). 

This pattern should be interpreted cautiously. Although the model suggested that 
lower perceived family financial standing was associated with a higher predicted 
probability for this integration class, this finding is counterintuitive and may reflect 
sample-specific variation, interactions with other variables, feature encoding, or model 
instability arising from the small dataset. Therefore, this result should not be interpreted 
as evidence that lower family financial standing improves integration. Rather, it should 
be viewed as an exploratory model-generated pattern that requires validation in larger 
datasets and further qualitative investigation. 

3.3. Partial Dependence Plots 

The PDP generated for the GBM classifier provides detailed insights into the 
marginal effects of survey variables on students’ self-rated integration (Q36). According 
to Figure 7, features such as student visa status and family support while studying 
exhibited monotonic trends, indicating consistent directional influences on integration 
predictions. Conversely, variables including country of origin, need to work for financial 
support, mental support from parents, weekly study hours, perceived career readiness, 
and social support network size demonstrated sharp inflection points in their PDPs, 
suggesting the presence of nonlinear relationships or threshold effects. 
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Meanwhile, features like the alignment of undergraduate and postgraduate studies 
and frequency of depressive symptoms showed flat PDP curves, implying limited 
marginal influence on integration outcomes—potentially due to complex higher-order 
interactions with other variables. 

 

Figure 5. Impact of Features on Predicted Log-Odds: SHAP Values. 
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Figure 6. Effect of Q14, family financial standing, on the model prediction for Class 2, corresponding to the 
original Q36 response category “Poor integration” of self-rated integration in Australia and its culture (Q36). 

(a) 
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(e) 

Figure 7. Partial Dependence Plots: Marginal Effects of Q1 to Q40 on Self-Rated Integration (Q36). 
(a) Background, family and support (Q1, Q10–Q16): Country of origin, prior/current study 
alignment, partner and living status, parents’ education, family finances, and parental support. (b) 
Visa/living, study and wellbeing (Q2, Q17–Q23): Citizenship/PR status, living alone, study habits 
(hours, completion, time management, focus, engagement), and depressive/hopeless feelings. (c) 
Health, stress and academics (Q3, Q24–Q30): Student visa status, diet, exercise, anxiety/stress, 
childhood happiness, self-perceived success, study hardships, and affinity for their major. (d) Career 
and settlement (Q31–Q35, Q37–Q39): Career aspirations, confidence, readiness, perceived obstacles, 
intention to stay/live long-term in Australia, and cultural integration preferences. (e) Work, 
language, finances and future (Q4–Q9, Q40–Q42): Work status and relevance, English 
proficiency/barriers, social support, ability to pay bills, and perceived future success and happiness 
in Australia. 
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3.4. Instance-Level Interpretability 

Two instance-level SHAP analyses provide detailed insights into individual 
predictions of students’ self-rated integration (Q36). In one SHAP plot for a single student 
instance yielding a predicted probability of 0.907 confidence in achieving career goals 
(value = 2.0) emerged as the strongest positive contributor (+0.557), followed by perceived 
future happiness in Australia (+0.115) and self-assessed study habits and time 
management (+0.072) as detailed in Figure 8. Minor negative influences from family’s 
financial standing and experiencing hardships affecting studies (−0.04 and −0.003, 
respectively) were insufficient to offset these positive effects, resulting in a high likelihood 
of positive integration. 

Similarly, Shapley values plot corroborated the key roles of career confidence (+0.211) 
and self-perception of success (+0.094) as major positive contributors, while variables such 
as having a partner and living in Australia alone exerted minor negative impacts (−0.021 
and −0.015). 

 

Figure 8. GBM Classifier Breakdown: Feature Contributions and Predicted Probabilities for Q1 to 
Q40. 

In contrast, for instance ID 5 associated with a very low predicted probability (0.0002) 
for the lowest integration category (Class 2, corresponding to the original Q36 response 
category “Poor integration”) highlighted low confidence in financial independence (−0.7) 
and studying in Australia alone (−0.2) as the primary negative contributors driving this 
outcome as illustrated in Figure 9. Although perceived future happiness in Australia 
provided a minor positive influence (+0.1), it was insufficient to overcome stronger 
negative effects from maintaining a healthy diet, family’s financial standing, and weekly 
study hours, which collectively reduced the predicted probability. 

Across the global and instance-level analyses, the same group of career- and future-
oriented variables appeared repeatedly among the most important contributors to model 
predictions. However, the ranking of individual variables varied across SHAP, drop-loss, 
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and instance-level explanations, indicating that these interpretability tools provide 
complementary rather than identical perspectives. Variables with consistently low 
predictive contribution, such as the need to work for financial support, emotional support 
networks, and parental mental support, may warrant further investigation before being 
considered for exclusion from future streamlined models. 

The directional effects of family’s financial standing highlighted the nuanced role of 
feature values in shaping integration outcomes, with partial dependence plots revealing 
both linear and nonlinear relationships. Instance-level analyses further demonstrated 
variability, with confidence in future financial independence emerging as a dominant 
factor in certain individual cases despite having lower global importance—emphasizing 
the necessity of context-specific interpretation. 

 

Figure 9. GBM Classifier Variable Importance: Drop Loss Analysis for Q1 to Q40 Features. 

Collectively, these findings offer actionable insights for prioritizing interventions 
aimed at enhancing student integration. High-impact features linked to cultural 
adaptation and social support warrant deeper investigation to inform targeted support 
strategies. Moreover, the integration of global and local interpretability methods enhances 
model transparency, fostering greater stakeholder trust and a clearer understanding of 
predictive outcomes. 

4. Discussion 
The findings indicate that students’ future-oriented perceptions, particularly those 

related to career confidence, perceived future happiness, and perceived career barriers, 
were among the strongest variables associated with model predictions of self-rated 
integration. Rather than treating these variables as causal drivers, the results suggest that 
students’ expectations about future success and well-being may be important markers of 
perceived integration in this dataset. The variation between SHAP, drop-loss, and 
instance-level explanations also shows the value of using multiple interpretability 
methods, as each method highlights different aspects of the model’s behaviour. 
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The directional pattern observed for family financial standing illustrates how specific 
feature values contributed to model predictions; however, this counterintuitive 
association should be interpreted cautiously, as it may reflect sample-specific variation, 
feature interactions, coding effects, or model instability rather than a substantive 
relationship. Instance-level analyses further revealed considerable variability; for example, 
confidence in future financial independence was a dominant factor in some individual 
cases despite showing lower importance at the global level, underscoring the importance 
of context-specific interpretations. 

These findings offer actionable insights for prioritizing interventions aimed at 
improving student integration. High-impact features tied to cultural adaptation and social 
support warrant deeper exploration to inform targeted support strategies. Additionally, 
the combined use of global and local interpretability tools enhances model transparency, 
fostering greater trust among stakeholders and a clearer understanding of the variables 
contributing to model predictions. 

There are several limitations that should be considered when interpreting the results. 
First, the dataset consists of only 175 survey responses while incorporating 42 
questionnaire variables. Although 5-fold cross-validation and hold-out validation were 
employed to reduce model instability, the relatively small sample size compared with the 
number of predictors increases the risk of overfitting, whereby models may capture 
patterns specific to this dataset rather than relationships that generalize to broader 
international student populations. Consequently, the reported predictive performance 
should be interpreted cautiously and viewed as exploratory rather than definitive. Future 
studies should validate the findings using substantially larger and more diverse datasets 
collected across multiple institutions and geographical contexts. 

Second, the sample was collected from a single Australian university campus, which 
may further limit external validity and the transferability of the findings to other 
educational environments. 

Third, the reliance on self-rated integration (Q36) as the dependent variable 
introduces potential response bias, as students’ perceptions may be influenced by 
subjective factors such as mood, personality characteristics, or cultural differences in self-
reporting. Future research could incorporate objective indicators such as academic 
performance, retention, participation in university activities, and measurable social 
engagement metrics to complement self-reported assessments. Finally, because the study 
is cross-sectional and survey-based, the findings should not be interpreted as evidence of 
causal relationships. The XAI results indicate variables associated with model predictions 
of self-rated integration, rather than determinants or causal drivers of integration 
outcomes. In addition, some predictors may be conceptually close to the outcome variable, 
particularly variables relating to students’ future happiness in Australia, intention to 
remain in Australia, or attitudes toward cultural integration. This overlap may inflate the 
apparent predictive importance of such variables and should be considered when 
interpreting the XAI results. Future work should compare the present model with reduced 
models that exclude conceptually overlapping predictors to evaluate whether the main 
findings remain stable. 

5. Conclusions 
This study leverages SHAP and advanced visualization techniques to elucidate the 

predictive dynamics of machine learning models targeting Q36, utilizing Decision Tree, 
Gradient Boosting Machine. Through SHAP summary plots, partial dependence plots, 
and instance-level breakdowns, the analysis uncovers a nuanced hierarchy of feature 
influences, with Q42 (perceived future happiness), Q34 (career obstacles), and Q32 (career 
confidence) consistently identified as the strongest predictive variables associated with 
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self-rated integration outcomes, while features like Q04 and Q06 show minimal impact. 
Multi-class SHAP analysis for GBM highlights class-specific effects, with Q32 dominating 
Class 0 predictions and Q14 showing strong predictive relevance for Class 2, enabling 
tailored intervention strategies. Instance-level insights, such as Q40′s pronounced 
negative contribution to model predictions in specific cases, emphasize the importance of 
localized explanations in contextualizing global trends. PDPs reveal both monotonic and 
nonlinear feature relationships, informing model refinement and validation. By 
enhancing transparency with XAI tools, this research empowers stakeholders to prioritize 
high-impact factors for resource allocation, optimize model performance, and build trust 
in predictive systems. The findings should be interpreted in light of the relatively small 
sample size and the potential for model overfitting despite the use of cross-validation 
procedures. Future work could incorporate temporal data or additional contextual 
features to further enrich these insights, ensuring robust and adaptable models for diverse 
predictive applications. Moreover, further studies could incorporate objective measures, 
such as academic performance metrics or quantifiable social engagement indicators, to 
complement self-reported data and enhance the reliability of integration assessments. 
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