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Abstract.

Purpose: This study aims to develop and evaluate a tree-based survival machine learning framework for predicting
graduate study duration and identifying students at risk of delayed graduation. The study addresses the growing need
for accurate educational time-to-event prediction to support academic monitoring and data-driven decision-making in
higher education institutions, including IPB University.

Methods: A quantitative predictive analysis was conducted using data from 3,417 master students from the 2020-2022
cohorts. Four tree-based survival models were evaluated, namely Survival Tree (ST), Extremely Randomized Survival
Tree (EST), Random Survival Forest (RSF), and Gradient Boosting Survival (GBS). The analysis used right-censored
survival data with a 42-month observation period. Model evaluation was conducted using repeated stratified random
split validation (10 repetitions) with Concordance Index (C-index) and Integrated Brier Score (IBS) metrics. Risk
stratification was subsequently performed using the best-performing model based on predicted survival probabilities at
a 24-month time horizon.

Result: GBS achieved the best overall predictive performance with the highest mean C-index (0.659) and the lowest
mean IBS (0.194), indicating superior discrimination and prediction accuracy compared to ST, EST, and RSF. The
repeated evaluation results also demonstrated stable predictive performance across data partitions. Risk stratification
successfully separated students into low-, medium-, and high-risk groups with significantly different survival patterns.
High-risk students generally tended to be older, have lower undergraduate GPA, were more often male, and more
frequently originate from private undergraduate institutions.

Novelty: This study provides a comparative evaluation of multiple tree-based survival machine learning models within
an educational time-to-event framework. The integration of repeated survival model evaluation with practical student
risk stratification offers both methodological and applied contributions for academic monitoring and early intervention
strategies in higher education.

Keywords: Survival analysis, Machine learning, Gradient boosting survival, Random survival forest, Risk
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INTRODUCTION

The duration of graduate study is an important indicator of academic performance and institutional
effectiveness in higher education. Timely graduation reflects the quality of academic systems, student
support services, and educational management, while delayed graduation may negatively affect both
students and institutions. In many universities, including IPB University, prolonged study duration remains
a significant concern that requires more effective monitoring and prediction strategies. Consequently,
educational data mining and predictive analytics have been increasingly utilized to support student
retention, academic planning, and institutional decision-making [1], [2]. Similar data-driven applications
have also been implemented in broader educational system development [3].

Recent advances in educational data mining and machine learning have substantially improved predictive
modeling for academic monitoring and institutional decision-making in higher education [4], [5]. The
predictors used in educational prediction studies also vary depending on the research objectives and
available data. Previous studies have commonly employed demographic, academic, and behavioral
attributes, such as age, gender, academic performance, and learning management system interactions, to
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predict student success, retention, or academic performance [6], [7], [8]. These diverse predictor
characteristics indicate that educational data often comprise heterogencous numerical and categorical
attributes, requiring predictive models capable of capturing complex relationships among variables.

However, predicting graduate study duration differs from conventional classification tasks because it
represents a longitudinal time-to-event outcome that commonly includes right-censored observations and
heterogeneous academic and demographic characteristics. Therefore, survival analysis has emerged as a
suitable framework for educational time-to-event prediction because it explicitly models the time until an
event occurs while accommodating censored observations [9], [10]. Traditional survival models such as the
Cox proportional hazards model have been widely applied in time-to-event studies; however, these
approaches rely on assumptions that may limit their ability to capture nonlinear relationships and complex
interactions within educational datasets. Recent developments in machine learning-based survival analysis
provide more flexible alternatives for modeling nonlinear relationships and heterogeneous data structures
[11]. In addition, the integration of machine learning and survival analysis has shown promising
performance across various predictive applications, including healthcare and risk prediction tasks [12],
[13]. These developments indicate the increasing relevance of survival machine learning approaches in
longitudinal educational analysis.

Among survival machine learning methods, tree-based approaches have received considerable attention
due to their flexibility, interpretability, and ability to model nonlinear interactions without strong parametric
assumptions. These tree-based approaches have been extensively investigated in healthcare, finance, and
other survival prediction problems because they effectively capture nonlinear relationships and complex
feature interactions while accommodating censored observations. Survival Trees (ST) provide a
nonparametric framework for partitioning survival data into homogeneous groups, while ensemble-based
methods such as Random Survival Forest (RSF) and Gradient Boosting Survival (GBS) improve predictive
performance through aggregation and iterative learning strategies [14], [15]. Large-scale benchmarking
studies and comparative evaluations consistently report that ensemble-based survival models, particularly
RSF and boosting-based approaches, generally outperform single-tree models in terms of predictive
discrimination and robustness across diverse survival datasets [16], [17]. Recent developments in boosting-
based and scalable survival frameworks further strengthen the capability of advanced machine learning
models in structured time-to-event prediction [18], [19]. Nevertheless, most comparative evaluations have
been conducted using medical or financial datasets, while evidence from educational time-to-event
prediction remains limited. Furthermore, model performance is highly dependent on dataset characteristics
and evaluation strategies, emphasizing the need for comprehensive comparative assessment in educational
settings.

Despite the growing literature on survival machine learning, several limitations remain in existing studies.
Most previous studies focus on healthcare or medical datasets, while educational applications remain
relatively limited. Moreover, limited studies have systematically compared multiple tree-based survival
models, including ST, EST, RSF, and GBS, within a unified evaluation framework using real educational
survival data. Although Extremely Randomized Survival Trees (EST) has demonstrated promising
computational efficiency in simulation studies, its application to real educational survival datasets remains
limited [17]. Furthermore, many predictive studies primarily emphasize model performance without
integrating risk stratification for practical academic monitoring and intervention. These limitations indicate
the need for more comprehensive educational survival modeling frameworks that not only compares
multiple tree-based survival models but also integrates robust model evaluation with practical risk
stratification to support data-driven academic decision-making.

Therefore, this study aims to develop and evaluate a tree-based survival machine learning framework for
predicting graduate study duration among master students at IPB University. The study compares the
performance of ST, EST, RSF, and GBS using repeated stratified random split evaluation with Concordance
Index (C-index) and Integrated Brier Score (IBS) metrics. In addition, the best-performing model is further
utilized for student risk stratification based on delayed graduation probability. The proposed framework
integrates comparative survival machine learning evaluation with practical educational risk profiling,
providing both predictive insights and decision-support relevance for academic monitoring in higher
education.
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METHODS

This study employs a quantitative approach using survival analysis combined with machine learning
techniques to predict graduate study duration and perform student risk stratification. The methodology
includes data preparation, model development, model evaluation, and risk stratification. Survival analysis
was selected because it is suitable for modeling educational time-to-event data while accommodating
censored observations. Several tree-based survival machine learning models were implemented and
comparatively evaluated to identify the most reliable predictive framework. The overall research workflow
is illustrated in Figure 1, which summarizes the sequential stages of data preparation, model development,
performance evaluation, and risk stratification.

Research Workflow

Master Student Data Preprocessing & Define Survival Data
START IPB (2020-2022) Feature Engineering > (Time-to-Event &

N=3.417 * Encoding gorical vari Event Status)
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Figure 1. Research workflow

As shown in Figure 1, the proposed framework consists of four main stages: data preparation, model
development, model evaluation, and risk stratification. Each stage is described in the following subsections.
The data used in this study were obtained from the Directorate of Educational Administration of IPB
University. The dataset consists of 3,417 master student records from cohorts 2020 to 2022. The observed
data are right-censored, indicating that some students had not yet experienced the event of interest at the
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time of analysis, with approximately 38.42% censored observations. A cut-off point of 42 months was
applied to define the observation period. The event variable was defined as graduation status, where a value
of 1 indicates that a student had graduated and 0 indicates that the student had not yet graduated or censored.
The survival time variable represents the duration of study, measured continuously in months until
graduation or censoring.

The independent variables consist of demographic and academic characteristics that may influence study
duration, including gender, cohort year, faculty, region of origin, type of undergraduate institution,
accreditation level of undergraduate institution, age, undergraduate GPA, and marital status. Several feature
engineering procedures were additionally applied to improve the representation of nonlinear relationships
and interactions within the data, including quadratic and interaction-based features. Categorical variables
were encoded prior to model development to ensure compatibility with the implemented machine learning
models.

This study utilizes four tree-based survival models, namely ST, EST, RSF, and GBS. These models were
selected because of their capability to model nonlinear relationships and complex interactions without
relying on strict parametric assumptions. Traditional statistical approaches such as the Cox proportional
hazards model were not included because the proportional hazards assumption may not adequately
represent heterogeneous educational datasets. Model performance was evaluated using the C-index and IBS
to assess discrimination and prediction accuracy over time.

The research procedure began with data preprocessing, including data cleaning, handling missing values,
categorical encoding, and feature engineering. Feature engineering included quadratic transformation of
age and interaction-based variables to better represent potential nonlinear effects and complex relationships
among predictors. The dataset was then divided into training and testing sets with proportion 80% training
data and 20% testing data using a repeated stratified random split approach with 10 repetitions while
preserving the proportion of censored and uncensored observations in each split. Stratification was
performed based on the event indicator to preserve the proportion of graduated and censored observations
across the training and testing datasets in each repetition. Subsequently, each survival model was trained
using the training dataset and evaluated using the testing dataset based on C-index and IBS metrics. The
best-performing model was further utilized for risk stratification analysis by grouping students into low-,
medium-, and high-risk categories based on predicted survival probabilities at a 24-month time horizon
using a quantile-based grouping approach.

RESULT AND DISCUSSION

This section presents the comparative performance of the evaluated tree-based survival models, followed
by student risk stratification analysis and a discussion of the findings. The results are organized to
demonstrate both the predictive capability of the proposed models and their practical implications for
academic monitoring in higher education.

Model performance comparison

Table 1 summarizes the predictive performance of the four tree-based survival models evaluated using
repeated stratified random splits with 10 repetitions. The results indicate performance differences across
models and evaluation metrics. Among all evaluated methods, GBS achieved the highest mean C-index
(0.659 £+ 0.014) and the lowest mean IBS (0.194 + 0.005), indicating the best overall predictive
performance. RSF showed competitive discrimination performance with a slightly lower mean C-index,
while ST and EST produced lower overall predictive accuracy.

Table 1. Model performance comparison
Mean C-index + Mean IBS +
Model

SD SD
ST 0.633+£0.014 0.198 + 0.005
EST 0.622 +0.021 0.208 £ 0.008
RSF 0.658 £0.016 0.211 +£0.005
GBS 0.659 £0.014 0.194 + 0.005

As presented in Table 1, GBS achieved the highest predictive discrimination and the lowest prediction error
among the evaluated models, whereas ST, EST, and RSF exhibited different trade-offs between
discrimination and calibration performance. The comparison results demonstrate different predictive
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characteristics among tree-based survival models. GBS consistently produced strong performance across
both evaluation metrics, suggesting that boosting-based approaches are more effective in capturing complex
nonlinear relationships and interactions within postgraduate educational data. RSF also achieved high
discrimination performance but showed weaker calibration compared to GBS. In contrast, the ST model
demonstrated relatively stable performance across repeated evaluations despite lower predictive capability,
while EST exhibited greater variability and sensitivity to data partitioning.
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Figure 2. Scatter plot of mean c-index and IBS across models

As illustrated in Figure 2, GBS achieved the most favorable balance between predictive discrimination and
calibration, while the remaining models showed different trade-offs between the two evaluation metrics.
Figure 3 presents the distribution of model performance across repeated evaluations using boxplots. The
repeated stratified random split approach provides a more robust evaluation framework by reducing
dependence on a single train—test partition and maintaining the proportion of censored observations in each
repetition. The boxplots show that ensemble-based models generally achieved better predictive
performance than single-tree approaches, although differences in variability remained across models.
Overall, the repeated evaluation results indicate that GBS provided the most balanced and consistent
predictive performance among the evaluated models.
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Figure 3. Boxplot of model performance across repeated evaluations

Risk Stratification Analysis

Based on the best-performing model, GBS, risk stratification was conducted using predicted survival
probabilities at a predefined 24-month time horizon. Students were grouped into low, medium, and high-
risk categories using a quantile-based approach to ensure balanced group distribution while maintaining
meaningful separation in risk levels. Figure 4 shows the Kaplan—Meier survival curves for the three risk
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groups. The curves demonstrate clear separation patterns, indicating that the stratification effectively
distinguishes students with different probabilities of delayed graduation. The log-rank test further
confirmed significant differences in survival distributions among the risk groups.
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Figure 4. Risk stratification at 24 months

The stratification results reveal several meaningful patterns associated with study duration. Table 2 shows
that students in the high-risk group tended to have higher average age and lower undergraduate GPA
compared to students in the low-risk group. These findings indicate that academic readiness and
demographic characteristics remain important factors associated with delayed graduation. In addition, the
distribution of risk groups varied across demographic and institutional backgrounds. From Figure 5, we
know that male students and students from private undergraduate institutions appeared more frequently in
the high-risk category, while female students and graduates from public institutions were more dominant
in the low-risk group. These patterns suggest that the model successfully captures heterogeneous
characteristics within postgraduate educational data.
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Figure 5. Distribution of risk groups by gender and undergraduate institution type

Table 2. Characteristics of risk groups
Mean Undergraduate

Risk Group Mean Age GPA
Low Risk 22.85 3.62
Medium Risk 25.99 3.45
High Risk 29.01 3.12
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Overall, the integration of survival prediction and risk stratification enhances the interpretability and
practical relevance of the proposed framework. The ability of the GBS model to separate students into
distinct risk categories demonstrates that tree-based survival machine learning methods can provide not
only predictive performance but also meaningful student profiling in educational time-to-event analysis.

Discussion and implications

The findings demonstrate the growing relevance of machine learning approaches in survival analysis and
educational predictive analytics. Tree-based survival models provide flexible frameworks for modeling
complex time-to-event data without requiring strict parametric assumptions [20]. Previous studies in
educational data mining and predictive analytics have also shown that machine learning methods
substantially improve the prediction of student outcomes and academic performance [6], [21]. In this study,
ensemble-based survival models consistently outperformed single-tree approaches, indicating the
importance of handling nonlinear relationships and heterogeneous educational characteristics within
postgraduate student data.

The observed performance differences are also closely related to the characteristics of the dataset. The
educational dataset used in this study consists of heterogeneous demographic and academic variables,
including both numerical and categorical predictors, with potentially nonlinear relationships to study
duration. Such characteristics are well suited to ensemble tree-based survival methods because they can
automatically capture complex interactions without relying on proportional hazards or linearity
assumptions. Consequently, GBS demonstrated superior predictive performance by iteratively reducing
prediction errors while effectively modeling the heterogeneous structure of the educational data.

Among the evaluated models, GBS achieved the best overall predictive performance, demonstrating its
effectiveness in capturing subtle patterns associated with study duration. The boosting mechanism
iteratively minimizes prediction errors, enabling better discrimination and calibration performance across
repeated evaluations [22]. In contrast, RSF also demonstrated strong predictive capability through bootstrap
aggregation and ensemble learning, which improve model robustness and reduce variance, However, its
higher IBS suggests that strong discrimination performance does not necessarily guarantee optimal
calibration over time [23], [24]. Comparative studies across survival modeling applications similarly report
that ensemble-based approaches generally outperform simpler tree-based methods in complex prediction
tasks [25]. In addition, recent developments in scalable and hybrid survival machine learning frameworks
further highlight the growing capability of advanced predictive models for structured survival data [26],
[27].

The repeated stratified random split evaluation used in this study also emphasizes the importance of
robustness assessment in survival machine learning research. Although RSF achieved competitive
discrimination performance, GBS provided a better balance between discrimination and calibration across
repeated experiments. These findings suggest that model evaluation should not rely solely on a single
performance metric or a single train—test partition. The observed variability among models further confirms
that predictive performance in survival analysis is highly dependent on dataset characteristics and model
learning strategies [28]. Compared with conventional approaches, survival machine learning frameworks
provide more adaptive and data-driven solutions for modeling longitudinal educational outcomes.

The integration of survival prediction and risk stratification also enhances the practical relevance of the
proposed framework in higher education settings. The ability to identify students with different levels of
graduation risk enables institutions to implement more targeted academic monitoring and intervention
strategies. Previous studies in learning analytics and educational data science similarly emphasize the
growing role of predictive systems in supporting student success, academic planning, and institutional
decision-making [29], [7], [8]. Broader applications of machine learning and educational data mining
further demonstrate the increasing adoption of data-driven approaches in educational systems [30]. In this
context, the proposed survival machine learning framework offers a more proactive approach for
identifying students who may require additional academic support during their study period. From a
practical perspective, the proposed framework is most beneficial when applied during the early to middle
stages of graduate study, before students approach the expected graduation period. Early prediction enables
universities to identify students with an elevated risk of delayed graduation while sufficient time remains
for academic advising, mentoring, or other targeted interventions. Consequently, the framework may
support proactive rather than reactive academic monitoring. Accordingly, the proposed framework is
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particularly suitable for educational datasets containing heterogencous student characteristics, mixed
numerical and categorical predictors, and right-censored time-to-event outcomes.

This study has several limitations. The analysis was conducted using data from a single institution, which
may limit the generalizability of the findings to other educational environments. In addition, the study only
considered structured demographic and academic variables, while other potentially relevant factors such as
behavioral, financial, and psychological characteristics were not included. External validation using
independent educational datasets was also not conducted in this study. Future studies may explore
multicenter educational datasets, additional predictors, and more advanced survival modeling approaches
to further improve predictive performance and model generalizability.

CONCLUSION

This study demonstrates that tree-based survival machine learning provides an effective framework for
predicting graduate study duration while supporting meaningful student risk stratification in higher
education. Among the evaluated models, Gradient Boosting Survival showed the most reliable overall
predictive performance, indicating the potential of ensemble-based survival methods to model complex
educational time-to-event data. Beyond model comparison, the integration of survival prediction with risk
stratification offers a practical approach for identifying students who may require earlier academic support,
thereby enabling more proactive and evidence-based academic monitoring. These findings contribute to the
growing application of survival machine learning in educational analytics by providing both
methodological guidance for model selection and practical insights for institutional decision-making.
Future studies may further improve the generalizability of this framework through external validation using
multicenter educational datasets and additional behavioral or socioeconomic predictors.
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