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Abstract 15 

Early identification of students at risk of dropout can support timely and targeted interventions in 16 

higher education. However, the extensive literature on machine learning-based dropout prediction 17 

has emphasized predictive accuracy and, more recently, explainability, while rarely 18 

communicating how reliable an individual prediction is. This study developed an uncertainty-19 

aware and interpretable framework for predicting student academic outcomes by integrating 20 

machine learning, split conformal prediction, and SHapley Additive exPlanations (SHAP). Using 21 

4,424 student records from a Portuguese higher education institution, six models were evaluated 22 

for binary Graduate-Dropout and three-class Graduate-Enrolled-Dropout classification. In the 23 

binary task, LightGBM achieved the highest accuracy (0.906) and macro-F1 (0.900), while 24 

XGBoost achieved the highest ROC-AUC (0.942); these values are within the range reported by 25 

previous studies of the same dataset. The three-class task was more challenging because of the 26 

transitional Enrolled category; Random Forest achieved the highest macro-F1 (0.750) and ROC-27 

AUC (0.925). Conformal prediction sets achieved empirical coverage close to nominal levels: at 28 

95% coverage in the binary task, LightGBM and XGBoost reached 0.951 and 0.952 with mean set 29 

sizes of 1.120 and 1.121. At least 9–12% of binary cases and 38–43% of three-class cases received 30 

multi-outcome sets, explicitly flagging students whose trajectories remained undetermined. SHAP 31 

identified academic progression, grades, admission performance, tuition-payment status, and 32 

financial vulnerability as key predictors. Compared with prior work, conformal prediction adds a 33 

distribution-free, per-student reliability signal that can support tiered, human-in-the-loop early-34 

warning policies. 35 
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Background 39 

Student dropout in higher education is a major challenge for universities worldwide, with 40 

significant consequences for students, institutions, and society [1, 2]. Academic non-completion 41 

affects economic growth, workforce competitiveness, and social equity [3, 4]. The Organization 42 

for Economic Co-operation and Development (OECD) reported that the higher education dropout 43 

rate was approximately 20% in 2019 [5], while the undergraduate dropout rate in the United States 44 

reached 40% in 2020 [6]. Students who leave college without completing a degree face poorer 45 

employment outcome: they are 20% more likely to be unemployed than degree holders [7] and 46 

earn about 66% less than those who complete a bachelor's degree [8]. Institutions also experience 47 

substantial losses, with universities forfeiting an estimated $16.5 billion each year in tuition 48 

revenue because of attrition [9], while public investments in grants and subsidies are diminished 49 

when students do not complete their programs [8]. 50 

Student dropout is shaped by a complex combination of academic, demographic, socioeconomic, 51 

and institutional factors [10, 11]. Prior research consistently identifies academic performance; 52 

especially grade point average, credit accumulation, and course completion as the strongest 53 

predictor of student persistence [12]. Financial features, including tuition payment status, 54 

scholarship receipt, and debt burden, are also important indicators of dropout risk [13, 14]. 55 

Demographic factors such as age at enrollment, gender, and socioeconomic background further 56 

influence student outcomes [15]. Dropout timing is equally important, as most attrition occurs 57 
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during the first year of enrollment, highlighting the need for early intervention strategies to 58 

improve retention [16, 17]. 59 

To address these challenges, researchers and institutions increasingly use machine learning (ML) 60 

to identify students at risk of dropout before they leave their programs [18, 19]. Existing studies 61 

have examined a range of ML methods, with tree-based ensemble models repeatedly showing 62 

strong performance [20–22]. Algorithms such as Random Forest, XGBoost, LightGBM, and 63 

CatBoost often achieve high predictive accuracy, with F1-scores above 0.85 and AUC values near 64 

0.95 [23–25]. Comparative studies indicate that gradient boosting methods generally outperform 65 

traditional approaches such as logistic regression and support vector machines, particularly in 66 

heterogeneous and moderately imbalanced feature spaces [26–28]. Feature selection methods, 67 

including Boruta and LASSO, have further improved model interpretability and performance by 68 

identifying the most influential predictors [29, 30]. These developments, together with the 69 

theoretical, ethical, and methodological debates that surround them, are reviewed in detail in the 70 

following Literature Review section. 71 

Despite this progress, most dropout prediction studies share an important limitation: they rarely 72 

quantify predictive uncertainty. Current models typically provide point estimates i.e. single class 73 

labels or probabilities, without indicating how reliable those predictions are. This is especially 74 

problematic in high-stakes educational settings, where misclassification can have serious 75 

consequences [31]. A false positive—labeling a student as at risk when they would have 76 

graduated—may lead to unnecessary intervention, inefficient use of institutional resources, and 77 

possible student stigmatization. A false negative—failing to identify a student who is truly at risk—78 

can prevent timely support and contribute to avoidable attrition. Without uncertainty 79 

quantification, predictive models are less trustworthy and less useful for decision-making [32–35]. 80 
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Conformal prediction (CP) provides a principled way to address this gap by producing valid 81 

predictive inferences without strong distributional assumptions [36–38]. Rather than generating 82 

only point predictions, CP creates prediction sets that include the true outcome with a user-83 

specified probability, known as the coverage guarantee [39, 40]. This allows educational 84 

stakeholders to assess both the predicted outcome and the uncertainty surrounding it, supporting 85 

more informed and risk-aware decisions. Split, or inductive, conformal prediction is especially 86 

practical because it is computationally efficient and model agnostic, making it easy to integrate 87 

into existing ML pipelines [36, 41, 42]. 88 

This study addresses this gap by developing and evaluating a framework that combines conformal 89 

prediction with widely used machine learning models for student outcome prediction. We apply 90 

split conformal prediction to both binary and multiclass classification tasks using the Predict 91 

Students' Dropout and Academic Success dataset, which includes 4,424 student records from a 92 

Portuguese higher education institution over ten academic years [2]. The framework is applied to 93 

six models, namely Logistic Regression, Support Vector Machine, Neural Network, Random 94 

Forest, XGBoost, and LightGBM, and is evaluated at multiple confidence levels (99%, 95%, and 95 

90%). In addition, the study incorporates explainable AI (XAI) through SHAP-based interpretation 96 

and model-specific feature importance, helping to address the need for transparent and actionable 97 

prediction in higher education. The study makes three contributions. First, it situates uncertainty 98 

quantification within the established literature on dropout theory, educational data mining, and 99 

early-warning systems, and benchmarks its predictive results against previous studies that used the 100 

same dataset. Second, it provides a systematic comparison of conformal prediction across six 101 

model families, two outcome formulations, and three coverage levels, showing how prediction sets 102 

make the ambiguity of the Enrolled trajectory explicit. Third, it translates conformal outputs into 103 
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a tiered decision framework and discusses the resulting implications for institutional policy, equity, 104 

and resource allocation. The remainder of the paper is organized as follows: the next section 105 

reviews related literature and states the research questions; subsequent sections describe the data 106 

and methods, report the results, and discuss them in relation to prior work and their implications 107 

for policy and practice. 108 

Literature Review 109 

Theoretical perspectives on student dropout 110 

Research on student departure has a long theoretical tradition that predates computational 111 

prediction. Tinto's student integration model conceptualizes dropout as the outcome of a 112 

longitudinal process in which students' pre-entry attributes, goals, and institutional commitments 113 

are continually modified by the degree of their academic and social integration into the institution 114 

[43, 44]. Bean and Metzner's attrition model, developed for nontraditional students, places greater 115 

weight on environmental factors such as finances, employment, and outside encouragement, which 116 

can outweigh social integration in shaping persistence [45]. Cabrera et al. showed that the two 117 

frameworks are complementary rather than competing, with financial factors and the ability to pay 118 

affecting persistence both directly and indirectly through academic integration [46]. Contemporary 119 

reviews broadly confirm this multidimensional view, identifying prior and current academic 120 

performance, financial constraints, socioeconomic background, motivation, and institutional 121 

characteristics as the main determinants of non-completion [1, 5, 10, 11]. A recent synthesis of 95 122 

studies concluded that grade point average and obtained credits are the most consistent predictors 123 
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of academic performance and dropout, and that their effects are mediated by student-level and 124 

throughput factors such as finances, work, and academic engagement [47]. 125 

These theories matter for predictive modeling in two ways. First, they explain why administrative 126 

variables routinely recorded by institutions, such as curricular-unit progression, grades, tuition-127 

payment status, and scholarship holding, carry predictive signal: they are observable traces of 128 

academic integration and financial capacity. Second, they caution that dropout is a process rather 129 

than a single event, and that students' trajectories can remain undecided for extended periods [3, 130 

17]. The Enrolled category in the dataset analyzed here is a direct manifestation of such an 131 

unresolved process. A modeling framework that can express when a student's trajectory is still 132 

undetermined, rather than forcing an early and possibly unreliable label, is therefore theoretically 133 

well motivated. 134 

Machine learning for dropout and academic-success prediction 135 

Educational data mining and learning analytics have produced a large body of predictive studies. 136 

Systematic reviews document a progression from statistical models and single decision trees 137 

toward ensembles and deep learning, with academic records, demographic characteristics, and 138 

online learning activity as the most frequently used inputs [18, 19, 48–50]. Prenkaj et al. reviewed 139 

dropout prediction in online courses and showed that design choices, such as the definition of 140 

dropout, the prediction horizon, and the evaluation metric, strongly influence reported 141 

performance [51]. Early institutional studies, such as Delen's comparison of neural networks, 142 

decision trees, support vector machines, and logistic regression for freshman retention, already 143 

found that ensemble models performed best and that accuracy was markedly lower for the minority 144 

class [52]. Subsequent work using administrative records from European universities reached 145 
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similar conclusions: Kemper et al. showed that dropout could be predicted accurately from 146 

examination data after only a few semesters [53], and Berens et al. developed an early-detection 147 

system for German universities whose accuracy increased as semester performance data 148 

accumulated [54]. 149 

More recent studies extend these findings to diverse institutional and national contexts, including 150 

Korean, Somaliland, Brazilian, and Moroccan settings, and repeatedly report strong performance 151 

for gradient boosting, random forests, and stacked ensembles [20, 21, 24, 55–57]. Other work has 152 

incorporated behavioral and engagement data, for example from smartphone applications or 153 

learning management systems, to improve retention prediction [12, 58]. A quality-weighted 154 

systematic review of 75 studies published between 2019 and 2024 concluded that ensemble 155 

methods, particularly Random Forest and XGBoost, dominate the field, typically achieving 156 

accuracies of approximately 86–88%; however, most studies relied on single-institution data, did 157 

not account for temporal change, and rarely evaluated the fairness or impact of the interventions 158 

triggered by predictions [59]. Comparative reviews also emphasize that model rankings depend 159 

heavily on the evaluation design, so that small differences between algorithms should be 160 

interpreted cautiously [26]. Bertolini et al. further showed that bootstrapped estimates of 161 

discrimination were lower and more variable than single point estimates, highlighting the risk of 162 

relying on point metrics alone when building educational prediction pipelines [60]. 163 

Prior studies using the Portuguese higher education dataset 164 

The dataset used in the present study was released by Realinho et al. as part of a learning analytics 165 

tool that provides the tutoring team at the Polytechnic Institute of Portalegre with estimates of 166 

dropout and failure risk [2]. Because it is public, well documented, and contains demographic, 167 
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socioeconomic, macroeconomic, and academic variables, it has become a common benchmark for 168 

comparing modeling approaches. Martins et al. used data from the same institution for early 169 

prediction and showed that strong overall performance can coexist with weak classification of the 170 

smaller and less distinct classes [15]. In a later multi-class phased analysis, the same group found 171 

that Random Forest models with imbalance-handling strategies performed best and that the most 172 

useful prediction moment was the end of the first semester, when early academic performance 173 

becomes available [61]. Table 1 summarizes selected subsequent studies. Villar and de Andrade 174 

compared several supervised algorithms with hyperparameter optimization and SHAP, reporting 175 

the strongest results for CatBoost and LightGBM [22]; Ridwan et al. reported an accuracy of 176 

approximately 0.87 for XGBoost in a dropout versus academic-success formulation [25]; Romero 177 

and Liao, who used the same Graduate versus Dropout formulation as the present study, reported 178 

F1-scores of approximately 0.90 for XGBoost and Random Forest and combined prediction with 179 

propensity-score analysis of scholarship effects [14]; Liu et al. obtained a ROC-AUC of 0.957 for 180 

Random Forest in a dropout versus non-dropout formulation and studied privacy-preserving 181 

synthetic data with SHAP explanations [27]; and Bettahi et al. replicated an explainable pipeline 182 

on the same public data, reporting an F1-score of 0.792 and a ROC-AUC of 0.922 for XGBoost 183 

[56]. Studies that retained all three outcomes consistently reported lower performance, particularly 184 

for the Enrolled class, with macro-F1 values of approximately 0.70–0.72 when only enrollment-185 

time information was used [23, 28]. 186 
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Table 1. Selected prior studies that used the Predict Students' Dropout and Academic Success dataset, compared with the present 187 

study. Reported values are taken from the original publications; because outcome definitions, preprocessing, validation schemes, 188 

and metrics differ, values are indicative rather than directly comparable. 189 

Study Outcome 
formulation 

Best model(s) Reported performance Explainability Uncertainty 
quantification 

Martins et al. [61] Three-class, three 
phases of first 
year 

Random Forest 
with imbalance 
handling 

Best results at end of first 
semester 

Feature 
relevance 

None 

Villar & de 
Andrade [22] 

Three-class CatBoost, 
LightGBM 

Dropout-class F1 ≈ 0.87–
0.88 

SHAP None 

Ridwan et al. [25] Dropout vs 
academic success 

XGBoost Accuracy ≈ 0.87; F1 ≈ 
0.81 

None None 

Romero & Liao 
[14] 

Graduate vs 
Dropout 

XGBoost; Random 
Forest; GAM 

XGBoost accuracy 0.882, 
F1 0.907; RF ROC-AUC 
0.935 

Feature 
importance; 
GAM; 
propensity 
scores 

None 

Liu et al. [27] Dropout vs non-
dropout 

Random Forest ROC-AUC 0.957; 
accuracy 0.924 (5-fold 
CV) 

SHAP None 

Bettahi et al. [56] Replication on 
public data 

XGBoost F1 0.792; ROC-AUC 
0.922 

SHAP None 

Alameri [23] Binary and three-
class 

Tuned XGBoost 
and ensembles 

Binary balanced accuracy 
> 0.91, ROC-AUC > 0.95; 
lower multiclass 
performance 

SHAP None 

Morsu [28] Three-class, 
enrollment-time 
data 

XGBoost Macro-F1 ≈ 0.70–0.72; 
macro ROC-AUC ≈ 0.88–
0.90 

Feature 
importance 

Seed-to-seed 
variability only 

Present study Graduate vs 
Dropout; three-
class 

LightGBM, 
XGBoost (binary); 
Random Forest, 
LightGBM (three-
class) 

Binary: accuracy 0.906, 
ROC-AUC 0.942; three-
class: macro-F1 0.750, 
ROC-AUC 0.925 

SHAP; model-
specific 
importance 

Split conformal 
prediction sets at 
90%, 95%, and 
99% coverage 

 190 

Three regularities emerge from this body of work. First, binary formulations are consistently easier 191 

than three-class formulations, with reported accuracies of roughly 0.87–0.92 and ROC-AUC 192 

values of roughly 0.92–0.96. Second, the intermediate Enrolled category is repeatedly identified 193 

as the main source of error. Third, second-semester academic progression, grades, and tuition-194 

payment status are the most influential predictors across modeling approaches. Notably, every 195 

study in Table 1 evaluates performance with aggregate point metrics, and none reports how reliable 196 
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an individual student's prediction is. As a result, two students who receive the same predicted label 197 

are treated as equally certain, even when the evidence supporting the two predictions differs 198 

substantially. 199 

Explainable artificial intelligence in dropout prediction 200 

As predictive models have become more complex, explainability has become a central requirement 201 

for their educational use. SHAP provides a unified, game-theoretic framework for attributing a 202 

model's output to individual features at both global and local levels [62]. Nagy and Molontay 203 

demonstrated how permutation importance, partial-dependence plots, LIME, and SHAP can 204 

explain dropout predictions from pre-enrollment data and reported a user study in which higher 205 

education stakeholders evaluated these explanations [63]. Krüger et al. combined dataset 206 

enrichment with model-explanation techniques to justify dropout predictions across educational 207 

stages [55], and Bettahi et al. proposed a governance-oriented SHAP layer that surfaces risk and 208 

protective factors, as well as ambiguous cases, for human review [56]. Studies of the Portuguese 209 

dataset have also used SHAP or interpretable models to show that curricular-unit progression and 210 

financial variables dominate predictions [14, 22, 27]. At the same time, Rudin argued that post hoc 211 

explanations of black-box models can be unreliable in high-stakes settings [64], and explanation 212 

methods describe associations learned by a model rather than causal effects. More fundamentally, 213 

an explanation answers the question of why a model made a prediction, but not how much 214 

confidence that prediction deserves; a detailed explanation of an uncertain prediction can therefore 215 

convey false precision. 216 
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Early-warning systems, uncertainty, and responsible use 217 

Predictive models in higher education are typically deployed within early-warning or early-alert 218 

systems. Pioneering implementations such as Course Signals at Purdue University and the Open 219 

Academic Analytics Initiative demonstrated that predictive alerts could be integrated into 220 

institutional workflows [65, 66], and later systems have been developed for online and blended 221 

higher education [58]. However, evidence regarding the effects of such systems on student 222 

outcomes is mixed. Observational studies have linked early-alert systems to improved retention 223 

[67], whereas a field experiment in the Netherlands found no significant reduction in dropout when 224 

counselors were provided with early-warning information [68]. The literature on learning analytics 225 

ethics adds that labeling students as at risk can stigmatize them, create self-fulfilling expectations, 226 

and shift institutional attention toward students who are easier to predict [69–72]. 227 

A related line of research examines algorithmic fairness. Reviews show that predictive models in 228 

education can encode and amplify existing inequities [73, 74]. Bird et al. showed that algorithmic 229 

bias in course- and degree-completion models would lead to fewer marginal Black students 230 

receiving additional support [75], and studies of whether protected attributes should be included 231 

in dropout models have found only modest effects on performance and fairness, with consequences 232 

that depend on local context [76, 77]. These concerns are directly connected to uncertainty: when 233 

a model is systematically less informative for some groups, point predictions conceal this 234 

difference, whereas an explicit measure of reliability can reveal it. 235 

Despite these concerns, uncertainty quantification remains rare in educational prediction. Hu and 236 

Rangwala used Bayesian deep learning to attach uncertainty estimates to grade predictions and 237 

argued that such estimates are essential for reliable early-warning systems [78]. Bertolini et al. 238 
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used bootstrap resampling to characterize the variability of performance estimates [60], and Kwon 239 

proposed probability calibration combined with SHAP to make dropout-risk estimates more 240 

reliable and transportable [79]. These approaches are valuable but limited: Bayesian methods are 241 

model-specific and depend on prior and likelihood assumptions, bootstrap analyses describe the 242 

variability of aggregate metrics rather than the reliability of individual predictions, and calibrated 243 

probabilities do not provide a finite-sample guarantee that the true outcome is contained in a 244 

reported set. 245 

Conformal prediction and its emerging use in education 246 

Conformal prediction offers a distribution-free alternative. Built on the assumption of 247 

exchangeability, it wraps any fitted model and produces prediction sets that contain the true 248 

outcome with a user-specified probability [31, 33–35]. In classification, set-valued predictors 249 

make ambiguity explicit by returning more than one label when the evidence does not support a 250 

single outcome [32, 80, 81]. Methodological extensions address class- or group-conditional 251 

validity through Mondrian and conditional conformal procedures [82, 83], fairness through 252 

equalized coverage across protected groups [84], and distribution shift through weighted and 253 

adaptive procedures [39, 40, 85]. 254 

Evidence from human-AI decision making suggests that prediction sets can be useful decision 255 

aids. Human-subject experiments, including a pre-registered randomized controlled trial, have 256 

found that conformal prediction sets improved human accuracy compared with top-1 or fixed-size 257 

alternatives [86, 87], and decision-support systems that ask experts to choose from conformal sets 258 

can improve expert predictions [88]. The benefit, however, depends on task difficulty and set size 259 

[89], and sets that satisfy equalized coverage may still produce disparate downstream decisions 260 
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[90]. In education, applications remain scarce. Morsomme and Smirnov used inductive conformal 261 

prediction to construct valid prediction intervals for course grades in a recommender system [91], 262 

and Elmasry et al. recently integrated calibrated support vector classification, split conformal 263 

prediction, SHAP, and graph-based refinement into an uncertainty-aware early-warning 264 

framework for dropout in engineering education [92]. To the best of our knowledge, no previous 265 

study has systematically compared conformal prediction across multiple model families, both 266 

binary and three-class outcome formulations, and several coverage levels on this widely used 267 

benchmark dataset, nor examined how prediction sets express the ambiguity of the Enrolled 268 

trajectory and how they could be translated into institutional policy. 269 

Research gap and research questions 270 

The literature reviewed above reveals four gaps. First, dropout prediction studies, including all 271 

those that used the present dataset, report aggregate point metrics without quantifying the 272 

reliability of individual predictions. Second, the three-class formulation is usually treated as a 273 

harder classification problem, rather than as a setting in which some trajectories are inherently 274 

undetermined. Third, explainability has been studied separately from uncertainty, even though 275 

both are needed for responsible decisions. Fourth, few studies translate model outputs into concrete 276 

decision rules that institutions and policymakers can apply. Accordingly, this study addresses three 277 

research questions. RQ1: How do six model families perform on binary and three-class outcome 278 

prediction, and how do these results compare with previous studies of the same dataset? RQ2: 279 

Does split conformal prediction achieve near-nominal coverage with informative prediction sets 280 

across models and coverage levels, and how does set size differ between the binary and three-class 281 

formulations? RQ3: Which predictors drive the models, and how can prediction sets and SHAP 282 

explanations be combined into an uncertainty-aware decision-support workflow for institutions? 283 
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Data Description and Preprocessing 284 

Dataset 285 

This study used the “Predict Students' Dropout and Academic Success” dataset from the UCI 286 

Machine Learning Repository, originally developed by Realinho and colleagues at the Polytechnic 287 

Institute of Portalegre in Portugal. The dataset contains records for 4,424 students enrolled between 288 

the 2008/2009 and 2018/2019 academic years, covering a decade of undergraduate education 289 

following the implementation of the Bologna Process [2]. Students in the dataset represent 17 290 

academic programs spanning fields such as agronomy, design, education, nursing, journalism, 291 

management, social services, and technology. 292 

Each observation corresponds to a single student and includes 36 predictor features 293 

(supplementary table 1) along with one outcome feature. The dataset contains no missing values. 294 

The predictors capture information across five domains: demographic characteristics, 295 

socioeconomic background, macroeconomic conditions, academic information at admission, and 296 

academic performance during the first two semesters. Together, these features provide a broad 297 

view of factors that may influence student success and persistence in higher education. 298 

The outcome feature, Target, categorizes students into one of three mutually exclusive groups: 299 

Graduate, Dropout, or Enrolled. Graduates are students who completed their degree within the 300 

expected timeframe, while dropouts are students who left the institution before graduation, 301 

including those who transferred to another institution or program. The enrolled category includes 302 

students who remain registered at the end of the observation period. The dataset is moderately 303 

imbalanced, with 2,209 graduates (49.9%), 1,421 dropouts (32.1%), and 794 enrolled students 304 
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(17.9%). Graduation is therefore the most common outcome, followed by dropout, with ongoing 305 

enrollment representing the smallest group. 306 

Preprocessing Strategies 307 

Feature Engineering 308 

To capture additional information beyond the original features, several derived features were 309 

created based on findings from previous research [14] [23]. The avg_grade feature was calculated 310 

as the mean of first- and second-semester grades, providing a single measure of overall academic 311 

achievement. Likewise, avg_approved represented the average number of approved curricular 312 

units across the two semesters. An approval_rate feature was generated to reflect academic 313 

progression, while financial_stress was constructed by combining debtor status and tuition 314 

payment status into a score ranging from 0 to 2. Higher values indicated greater financial 315 

vulnerability. These engineered features were retained for all subsequent analyses and modeling 316 

procedures. 317 

Feature Encoding 318 

Several categorical features were first recoded to reduce dimensionality and improve 319 

interpretability, following the approach proposed by Romero and Liao [14]. The Previous 320 

qualification, originally represented by 17 numerical codes, was grouped into Secondary 321 

Education, Advanced/Specialized, and Unknown. Parental education was consolidated into Basic 322 

Education, Secondary+ Education, and Unknown, while mother’s and father’s occupations were 323 

grouped into Other/Student, White Collar/Admin, and Blue Collar/Labor. Binary features, 324 

including displaced status, educational special needs, debtor status, tuition-payment status, 325 

scholarship status, and international student status, were converted from numeric values to 326 
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descriptive Yes/No labels; gender was similarly recoded as Male/Female. These transformations 327 

made the categorical features easier to interpret during exploratory analysis and model explanation 328 

while preparing them for model-specific encoding. 329 

After recoding, features were processed through model-specific pipelines. Logistic Regression, 330 

SVM, and Neural Network used a scaled pipeline in which numeric features were median-imputed 331 

and standardized, binary features were mode-imputed, and categorical features were mode-332 

imputed and one-hot encoded to avoid multicollinearity [93] and unintended ordinal assumptions 333 

[94, 95]. 334 

For Random Forest and XGBoost, numeric features were median-imputed, categorical features 335 

were mode-imputed and ordinally encoded, and no scaling was applied because decision-tree 336 

methods are not sensitive to feature scale [96, 97]. 337 

For LightGBM, numeric features were median-imputed, while categorical features were mode-338 

imputed, converted to categorical data types, and retained in their original form so the model could 339 

use its native categorical feature support [98]. 340 

Target Encoding 341 

The target feature was encoded numerically before model training. For multiclass classification, 342 

the labels were assigned as Dropout = 0, Enrolled = 1, and Graduate = 2. For binary classification, 343 

students in the Enrolled category were excluded, and the remaining classes were encoded as 344 

Dropout = 0 and Graduate = 1. This binary formulation aligns with prior studies focused on 345 

distinguishing student completion from attrition [14, 22, 25]. To address class imbalance, class 346 

weights were calculated using the balanced weighting scheme and incorporated into model 347 



 

18 | P a g e  

 

training. This increased the penalty for misclassifying minority classes and helped improve model 348 

performance across outcome categories. 349 

Handling Multicollinearity 350 

Correlation analysis revealed substantial overlap among several academic performance features. 351 

Strong correlations were observed between first- and second-semester measures of credited units, 352 

enrolled units, approved units, grades, and evaluations, with correlation coefficients ranging from 353 

0.80 to 0.96. Nationality and international status also showed a very high correlation (r = 0.91). 354 

To reduce redundancy and limit the effects of multicollinearity, highly correlated first-semester 355 

features were removed, while their second-semester counterparts were retained. This decision was 356 

supported by previous research suggesting that later academic performance is more informative 357 

for predicting final student outcomes [12, 15]. The nationality feature was also excluded because 358 

of its strong overlap with international status. 359 

Feature Selection 360 

Feature selection was performed using two complementary methods: Boruta and LASSO [29, 30, 361 

99]. Boruta identifies relevant features by comparing the importance of original features with 362 

randomized shadow features [99], whereas LASSO performs feature selection through L1-363 

regularized logistic regression [29, 100]. Both methods were applied separately to the binary and 364 

multiclass classification tasks. 365 

For the binary classification task, Boruta selected 14 features and LASSO selected 31, producing 366 

a combined set of 33 predictors. For the multiclass task, Boruta selected 11 features and LASSO 367 

selected 38, yielding a combined set of 39 predictors. Across both methods, academic performance 368 
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indicators, financial features, demographic characteristics, and macroeconomic measures 369 

consistently emerged as important predictors. The engineered features avg_grade, avg_approved, 370 

approval_rate, and financial_stress were selected in all settings, supporting their usefulness for 371 

predicting student outcomes. 372 

Data Splitting for Modeling and Conformal Prediction 373 

For the primary analysis, the dataset was partitioned into mutually exclusive training, calibration, 374 

and test sets using a stratified 70/15/15 split in each repetition. The training set was used for 375 

preprocessing, model fitting, probability calibration, and hyperparameter selection; the calibration 376 

set was used only to estimate nonconformity scores and determine the conformal threshold; and 377 

the test set was reserved for final evaluation of predictive performance and conformal prediction 378 

sets. Stratification preserved class proportions across the subsets. Because random splitting does 379 

not evaluate performance under cohort or institutional change, these results are interpreted as 380 

internal validation rather than evidence of external transportability. 381 

The full workflow is summarized in Figure 1, which illustrates the study framework for split 382 

conformal prediction: data splitting, training of the candidate machine learning models, 383 

calibration-based estimation of nonconformity scores, and construction of prediction sets for new 384 

observations. The entire procedure was repeated across five random seeds, with the train-385 

calibration-test partition reconstructed for each seed to assess model stability and reduce 386 

dependence on a single random split. 387 

To prevent information leakage, all preprocessing operations, including imputation, scaling, 388 

encoding, feature selection, and probability calibration, were fitted using the training data only and 389 

then applied unchanged to the calibration and test sets. No information from the calibration or test 390 
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observations was used during hyperparameter tuning or model selection, thereby preserving the 391 

validity of the conformal calibration step and ensuring a fair assessment of out-of-sample 392 

performance. 393 

 394 

Figure 1. Overview of the split conformal prediction framework used for student outcome classification. The workflow shows the 395 

stratified division of the dataset into training, calibration, and test subsets; training of machine learning models to estimate class 396 

probabilities; computation of nonconformity scores on the calibration set; and construction of prediction sets with finite-sample 397 
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coverage guarantees for new observations. It was created with assistance from ChatGPT to visually summarize the study workflow. 398 

The authors reviewed and finalized the figure for accuracy. 399 

Methodology 400 

Predictive models 401 

Six supervised classification algorithms were evaluated to represent complementary model 402 

families: multinomial logistic regression, support vector machine (SVM), artificial neural network, 403 

random forest, XGBoost, and LightGBM. This model set spans linear probabilistic classification, 404 

maximum-margin kernel methods, flexible nonlinear function approximation, bagged decision-405 

tree ensembles, and gradient-boosted trees. Using heterogeneous model classes allows predictive 406 

discrimination, probabilistic performance, and conformal-set efficiency to be compared under a 407 

common data-splitting and evaluation framework. 408 

Logistic regression 409 

For a 𝐾-class outcome, multinomial logistic regression models the conditional probability of class 410 ݇ as 411 

ܲ(ܻ = ݇ ∣ x) = exp(w௞ৢx + ܾ௞)∑ exp௄௝=1 (w௝ৢ x + ௝ܾ) ,  ݇ = 1,… , 𝐾. 412 

The parameters are estimated by minimizing the multinomial cross-entropy loss with 413 2ܮ 

regularization. In common implementations, the tuning parameter ܥ is the inverse regularization 414 

strength, so smaller values impose stronger shrinkage. Logistic regression provides an 415 

interpretable linear baseline and directly yields class-probability estimates [101]. 416 
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Support vector machine 417 

For binary classification with training observations {(x௜, ௜)}௜=1௡ݕ  and ݕ௜ ∈ {−1,+1}, the soft-418 

margin SVM solves 419 

minw,௕,ξ 12 ∥ w ∥2+ ௜௡ߦ∑ܥ
௜=1  420 

subject to 421 

௜(wৢx௜ݕ + ܾ) ≥ 1 − ௜ߦ  ,௜ߦ ≥ 0. 422 

Nonlinear decision boundaries were modeled with the radial basis function (RBF) kernel 423 

𝐾(x௜ , x௝) = exp{−ߛ ∥ x௜ − x௝ ∥2}. 424 

The multiclass problem was handled through the multiclass strategy implemented by the selected 425 

software. Because the conformal procedure below requires class probabilities rather than only 426 

margin scores, SVM decision values must be converted to probability estimates using a calibration 427 

procedure fitted exclusively within the training data, thereby avoiding information leakage from 428 

the calibration and test sets. The maximum-margin formulation and kernel construction follow 429 

standard SVM methodology [102, 103]. 430 

Artificial neural network 431 

A neural network was used to model nonlinear relationships among predictors. For an illustrative 432 

hidden layer, 433 

h = ݃(W1x + b1), 434 

z = W2h + b2, 435 
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and the output probabilities are 436 

ܲ(ܻ = ݇ ∣ x) = exp(ݖ௞)∑ exp௄௝=1  437 .(௝ݖ)

Here, ݃(⋅) denotes a nonlinear activation function, W1 and W2 are weight matrices, and b1 and b2 438 

are bias vectors. Network parameters were estimated by minimizing categorical cross-entropy 439 

through backpropagation with 2ܮ regularization. Neural networks provide flexible nonlinear 440 

function approximation but generally require careful regularization and tuning to control 441 

overfitting [101, 104]. 442 

Random forest 443 

Random forest constructs an ensemble of ܶ decision trees from bootstrap samples while 444 

considering a random subset of predictors at each split [96, 105]. For classification, the class-445 

probability estimate can be written as the average of tree-level class indicators or probabilities, 446 

௞(x)̂݌ = ௧௞்̂݌∑1ܶ
௧=1 (x),  ݇ = 1,… , 𝐾, 447 

with point prediction 448 

ݕ̂ = argmax௞  ௞(x). 449̂݌

Bootstrap aggregation and randomized feature selection reduce correlation among trees and 450 

generally improve stability relative to a single decision tree. 451 
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XGBoost 452 

XGBoost is a regularized gradient-boosted decision-tree method in which new trees are added 453 

sequentially to minimize an additive objective [97]. It combines regularization with computational 454 

strategies for scalable tree boosting and sparse data. At boosting iteration ݐ, the objective may be 455 

expressed as 456 

ℒ (௧) =∑ℓ௡
௜=1 ,௜ݕ) ௜(௧−1)ݕ̂ + ௧݂(x௜)) + )ߗ ௧݂), 457 

where 458 

(݂)ߗ = ܶߛ + 12 ߣ ∥ w ∥2 459 

penalizes tree complexity, ܶ is the number of terminal leaves, and w denotes leaf weights.  460 

LightGBM 461 

LightGBM is a gradient-boosted decision-tree framework designed for computational efficiency 462 

and scalability. It uses histogram-based split finding and a leaf-wise tree-growth strategy. The 463 

original method also introduced Gradient-based One-Side Sampling (GOSS) and Exclusive 464 

Feature Bundling (EFB) to reduce computational cost for large or high-dimensional data [98]. Its 465 

predictive objective is based on gradient boosting, while its main methodological distinction lies 466 

in the efficient construction of trees. 467 

Table 2. Selected optimal hyperparameters for each model and target formulation, identified from the prespecified search grid 468 

using stratified five-fold cross-validation on the training data only. C denotes regularization strength; gamma denotes the kernel 469 

coefficient; alpha denotes the L2 regularization penalty; max_depth denotes maximum tree depth; n_estimators denotes the number 470 

of trees; learning_rate denotes the boosting learning rate; and num_leaves denotes the maximum number of leaves in LightGBM. 471 
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Target Model Selected hyperparameters 

Binary Logistic Regression C = 1 

 
SVM C = 1; gamma = auto 

 
Neural Network alpha = 0.0001 

 
Random Forest max_depth = None; n_estimators = 200 

 
XGBoost learning_rate = 0.2; max_depth = 5; n_estimators = 50 

 
LightGBM learning_rate = 0.1; n_estimators = 50; num_leaves = 31 

Multiclass Logistic Regression C = 10 

 
SVM C = 1; gamma = scale 

 
Neural Network alpha = 0.001 

 
Random Forest max_depth = 10; n_estimators = 200 

 
XGBoost learning_rate = 0.2; max_depth = 5; n_estimators = 50 

 
LightGBM learning_rate = 0.01; n_estimators = 200; num_leaves = 31 

 472 

Hyperparameter tuning and class imbalance 473 

Hyperparameters were selected using stratified five-fold cross-validation conducted on the training 474 

data only. Balanced accuracy was used as the tuning criterion because it assigns equal importance 475 

to class-specific recall and is therefore less dominated by the majority class when class frequencies 476 

are unequal [106]. The calibration and test observations were excluded from all hyperparameter 477 

selection to preserve the validity of subsequent performance assessment and conformal calibration. 478 

The selected hyperparameter values for each model and target formulation are reported in Table 2. 479 

The prespecified search grid was: 480 

• Logistic regression: ܥ ∈ {0.01,0.1,1,10}. 481 
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• SVM (RBF): ܥ ∈ {0.1,1,10} and ߛ ∈ {scale,auto}. 482 

• Neural network: 2ܮ penalty ߙ ∈ {0.0001,0.001,0.01}. 483 

• Random forest: ݊estimators ∈ {50,100,200} and max_depth ∈ {5,10, None}. 484 

• XGBoost: learning rate ߟ ∈ {0.01,0.1,0.2}, max_depth ∈ {3,5,7}, and ݊estimators ∈485 {50,100,200}. 486 

• LightGBM: learning rate ߟ ∈ {0.01,0.1,0.2}, num_leaves ∈ {31,50,70}, and ݊ estimators ∈487 {50,100,200}. 488 

Class imbalance was addressed using inverse-frequency class or observation weights, as supported 489 

by the relevant estimator. Under the commonly used balanced weighting rule, the weight for class 490 ݇ is 491 

௞ݓ = ݊𝐾݊௞, 492 

where ݊ is the number of training observations, 𝐾 is the number of classes, and ݊௞ is the number 493 

of training observations in class ݇. Weights were determined from the training data only. 494 

Predictive performance metrics 495 

Performance on the held-out test set was summarized using accuracy, balanced accuracy, macro-496 

averaged F1 score, multiclass ROC-AUC, and logarithmic loss. The combination of label-based 497 

and probability-based metrics is preferable to reliance on a single measure, particularly for 498 

multiclass data with unequal class frequencies [107]. 499 

Accuracy 500 

For multiclass classification, accuracy is 501 
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Accuracy = 1݊test∑ ૤௡test
௜=1 ௜ݕ̂) =  ௜). 502ݕ

Although intuitive, overall accuracy can be dominated by the majority class when the class 503 

distribution is imbalanced. 504 

Balanced accuracy 505 

Balanced accuracy is the unweighted mean of class-specific recalls, 506 

Balanced Accuracy = 1𝐾∑ ܶ ௞ܲܶ ௞ܲ + ܨ ௞ܰ
௄
௞=1 . 507 

This gives each class equal contribution regardless of prevalence [106]. 508 

Macro-averaged F1 score 509 

For class ݇, 510 

Precision௞ = ܶ ௞ܲܶ ௞ܲ + ܨ ௞ܲ ,  Recall௞ = ܶ ௞ܲܶ ௞ܲ + ܨ ௞ܰ, 511 

and 512 

1௞ܨ = 2 Precision௞  Recall௞Precision௞ + Recall௞ . 513 

The macro-averaged F1 score is 514 

1macroܨ = 1𝐾∑ܨ௄
௞=1 1௞. 515 

Macro averaging prevents large classes from mechanically dominating the summary [107]. 516 
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Multiclass ROC-AUC 517 

For binary classification, the area under the receiver operating characteristic curve can be 518 

expressed as 519 

AUC = ∫ TPR1
0  520 .(ݑ)FPR݀ (ݑ)

For the multiclass setting, class-specific one-vs-rest AUC values were computed and macro-521 

averaged across classes so that each class contributed equally [108]. The averaging convention 522 

must be stated explicitly because macro and prevalence-weighted AUC answer different questions.  523 

Logarithmic loss 524 

Multiclass logarithmic loss was calculated as 525 

Log Loss = − 1݊test∑∑ݕ௜௞௄
௞=1

௡test
௜=1 log(̂݌௜௞), 526 

where ݕ௜௞ = 1 if observation ݅ belongs to class ݇ and 0 otherwise, and ̂݌௜௞ is the predicted 527 

probability for class ݇. Lower log loss indicates better probabilistic prediction under the 528 

logarithmic scoring rule. It should not be interpreted as a pure measure of calibration because it 529 

reflects both the probability assigned to the realized class and the sharpness of the predictive 530 

distribution. 531 
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Split conformal prediction for multiclass classiƱcation 532 

Statistical guarantee 533 

Conformal prediction converts the output of an arbitrary predictive model into prediction sets with 534 

finite-sample marginal coverage under exchangeability [31, 33, 81]. Let (ܺ௜, ௜ܻ) denote 535 

exchangeable observations and let ܥఈ(ܺ௡+1) be a conformal prediction set for a future observation. 536 

Split conformal prediction is constructed so that 537 

Pr{ ௡ܻ+1 ∈ {ఈ(ܺ௡+1)ܥ ≥ 1 −  538 ,ߙ

where ߙ ∈ (0,1) is the target miscoverage level. This is a marginal guarantee over the joint 539 

randomness of the calibration and future observations; it does not imply exact coverage within 540 

every class or covariate-defined subgroup.  541 

Nonconformity score 542 

For a fitted classifier that returns class probabilities ̂݌௬(x), the inverse-probability nonconformity 543 

score for calibration observation (x௜,  ௜) was 544ݕ

௜ݏ = 1 −  ௬೔(x௜). 545̂݌

Smaller values indicate that the fitted classifier assigned greater probability to the observed class. 546 

This score is simple and model agnostic, although more adaptive classification scores are available 547 

when set efficiency or conditional behavior is a primary objective. 548 

Finite-sample conformal quantile 549 

Let ݉ = |ࣞcal| and let 550 
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(1)ݏ ≤ (2)ݏ ≤ ⋯ ≤  551 (௠)ݏ

denote the ordered calibration scores. The split-conformal threshold must use the finite-sample 552 

corrected order statistic 553 

݇ = ⌈(݉ + 1)(1 −  554 ,⌈(ߙ

ఈݍ̂ =  555 ,(௞)ݏ

provided ݇ ≤ ݉; equivalently, software may compute the empirical quantile at level 556 ⌈(݉ + 1)(1 −  using the conservative higher-order-statistic convention. This correction is 557 ݉/⌈(ߙ

important. Replacing it with an ordinary empirical (1 −  quantile can lose the stated finite-558 (ߙ

sample coverage guarantee. 559 

Prediction-set construction 560 

For a test observation x, the prediction set was 561 

ఈ(x)ܥ = ݕ} ∈ ࣳ: 1 − ௬(x)̂݌ ≤  ఈ}, 562ݍ̂

or, equivalently, 563 

ఈ(x)ܥ = ݕ} ∈ ࣳ: ௬(x)̂݌ ≥ 1 −  ఈ}. 564ݍ̂

Prediction sets were evaluated at nominal coverage levels 0.90, 0.95, and 0.99, corresponding to 565 ߙ = 0.10, 0.05, and 0.01, respectively. 566 
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Evaluation of conformal prediction sets 567 

Coverage alone is insufficient for comparing conformal predictors because a trivial set containing 568 

every class has perfect coverage but no practical informativeness. We therefore jointly assessed 569 

empirical validity and efficiency. 570 

Empirical coverage 571 

Empirical marginal coverage on the test set was 572 

Coveragê = 1݊test∑ ૤௡test
௜=1 ௜ݕ} ∈  ఈ(x௜)}. 573ܥ

The theoretical target is 1 −  Because empirical coverage is itself estimated from a finite test 574 .ߙ

sample, an observed value slightly below the nominal level in one split does not by itself imply 575 

failure of the theoretical conformal guarantee. 576 

Average prediction-set size 577 

Efficiency was summarized by 578 

Average Set Size = 1݊test∑|ܥఈ(x௜)|௡test
௜=1 . 579 

Among methods with comparable coverage, smaller average sets are more informative. 580 

 581 
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 582 

Figure 2. Receiver operating characteristic (ROC) curves for the binary classification task distinguishing students who graduated 583 

from those who dropped out.  584 

 585 

 586 

 587 

 588 
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 589 

Figure 3. Receiver operating characteristic (ROC) curves for the multiclass classification task involving Graduate, Dropout, and 590 

Enrolled outcomes. 591 

 592 

 593 

 594 

 595 

 596 

 597 
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Table 3. Baseline model performance for the 2-class and 3-class classification tasks. Values are means across five repeated random 598 

splits. ROC-AUC for the 3-class task is reported using a multiclass one-vs-rest formulation. 599 

Target Model Accuracy Balanced accuracy F1-macro ROC-AUC Log loss 

2-Class Logistic Regression 0.8936 0.8832 0.8871 0.9287 0.2981 

 
SVM 0.8917 0.8809 0.8850 0.9410 0.2683 

 
Neural Network 0.8917 0.8741 0.8831 0.9278 0.3001 

 
Random Forest 0.8972 0.8770 0.8882 0.9412 0.2721 

 
XGBoost 0.9009 0.8817 0.8924 0.9416 0.2730 

 
LightGBM 0.9064 0.8946 0.9002 0.9353 0.2794 

3-Class Logistic Regression 0.7620 0.7343 0.7227 0.9160 0.5802 

 
SVM 0.7410 0.7126 0.7013 0.9209 0.5269 

 
Neural Network 0.7997 0.7269 0.7364 0.9165 0.5230 

 
Random Forest 0.7937 0.7514 0.7496 0.9254 0.5376 

 
XGBoost 0.7892 0.7111 0.7185 0.9198 0.5184 

 
LightGBM 0.7771 0.7605 0.7453 0.9243 0.5763 

 600 

 601 
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 602 

 603 

Figure 4. Conformal prediction results across nominal confidence levels for the binary and multiclass classification tasks. The 604 

figure summarizes empirical coverage and average prediction set size, illustrating the trade-off between predictive reliability and 605 

prediction-set efficiency. 606 
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Results 607 

Baseline Model Evaluation 608 

Table 3 summarizes baseline performance across the six models for the binary and multiclass 609 

classification tasks. In the binary task, all models performed well, with accuracy ranging from 610 

0.8917 to 0.9064. LightGBM showed the strongest overall classification profile, achieving the 611 

highest accuracy (0.9064), balanced accuracy (0.8946), and macro-F1 (0.9002). XGBoost and 612 

Random Forest were similarly competitive in discrimination, with XGBoost yielding the highest 613 

ROC-AUC (0.9416) and Random Forest showing a nearly identical ROC-AUC (0.9412). These 614 

small differences suggest that several ensemble models captured the main signal in the data, rather 615 

than one model clearly dominating all criteria. 616 

The multiclass task was more challenging, with accuracy ranging from 0.7410 to 0.7997 and 617 

macro-F1 ranging from 0.7013 to 0.7496. The Neural Network achieved the highest raw accuracy 618 

(0.7997), whereas LightGBM had the best balanced accuracy (0.7605) and Random Forest 619 

produced the highest macro-F1 (0.7496) and ROC-AUC (0.9254). Because balanced accuracy and 620 

macro-F1 are less influenced by class imbalance, these results indicate that Random Forest and 621 

LightGBM offered the most stable multiclass performance, with no single model uniformly 622 

outperforming the others. 623 

Figures 2 and 3 show the ROC curves for the binary and multiclass tasks, respectively. The figures 624 

support the tabulated results by showing strong overall discrimination, particularly for the 625 

ensemble models. The binary task curves indicate clearer separation between Graduate and 626 
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Dropout outcomes, whereas the multiclass curves reflect the greater difficulty of distinguishing 627 

the Enrolled group from the two terminal outcomes. 628 

Overall, LightGBM was retained as a key model for further interpretation because it combined 629 

strong binary classification performance, the best balanced accuracy in the multiclass task, and 630 

efficient handling of mixed feature types. Random Forest and XGBoost remained important 631 

comparators because they performed similarly well on several discrimination and calibration-632 

related metrics. 633 

Uncertainty QuantiƱcation via Conformal Prediction 634 

Split conformal prediction was used to quantify prediction uncertainty for all models. 635 

Supplementary Table 2 and Figure 4 summarize empirical coverage and average prediction-set 636 

size across the 99%, 95%, and 90% confidence levels. 637 

For the binary task, prediction sets were highly efficient, with average set sizes close to one across 638 

most models and confidence levels. Coverage was generally close to nominal levels, although 639 

several models showed slight under-coverage at the highest confidence level. XGBoost and 640 

LightGBM provided a favorable balance between valid coverage and compact prediction sets at 641 

the 95% level. 642 

For the multiclass task, valid coverage was achieved for most model-confidence combinations, but 643 

average prediction sets were larger than in the binary task. This pattern reflects the greater 644 

ambiguity of the Enrolled category, which is less clearly separated from Graduate and Dropout 645 

outcomes. Random Forest and LightGBM showed particularly balanced performance when both 646 

classification accuracy and conformal validity were considered. 647 
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Taken together, the results suggest that LightGBM is a strong primary choice for this application 648 

because it performed consistently well across predictive accuracy, balanced class-wise 649 

performance, and interpretability. However, the differences among the leading ensemble models 650 

were modest. Therefore, Random Forest and XGBoost should be viewed as competitive 651 

alternatives, especially when the priority is multiclass discrimination or conformal-set efficiency. 652 

Feature Importance Analysis 653 

Model interpretation was conducted for the leading ensemble models to identify the main drivers 654 

of student outcome prediction. The SHAP summary plot in Figure 5 and the feature-importance 655 

plot in Figure 6 both showed that academic progression carried the strongest predictive signal. 656 

The most influential features were second-semester approved curricular units, average approved 657 

units, grades, and admission performance, indicating that accumulated academic progress was 658 

central to the model decisions. Financial features also contributed meaningfully. Being up to date 659 

on tuition payments tended to move predictions toward more favorable outcomes, whereas greater 660 

financial stress shifted predictions toward higher dropout risk. Scholarship status showed 661 

additional separation, suggesting that financial context refined risk classification beyond academic 662 

performance alone. Because several dominant predictors are observed after enrollment, these 663 

findings support risk updating during the academic year rather than prediction at entry. 664 

The direction of the SHAP effects was consistent with the study context. Higher academic 665 

achievement and stronger credit completion were associated with lower predicted dropout risk, 666 

while lower academic progression and greater financial vulnerability increased risk.  667 
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 668 

Figure 5. SHAP summary plot showing the relative contribution of predictor features to model predictions. Features are ranked by 669 

overall importance, with SHAP values indicating both the magnitude and direction of each feature’s influence on predicted student 670 

outcomes. 671 
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 672 

Figure 6. Feature importance plot for the LightGBM model. Features with higher importance values contributed more strongly to 673 

model decision-making, highlighting the academic, financial, demographic, and macroeconomic predictors most relevant to student 674 

outcome classification. 675 

Summary of Key Findings 676 

Overall, the findings show that machine learning models can distinguish student outcomes with 677 

good accuracy while conformal prediction adds an interpretable measure of uncertainty. The binary 678 

Graduate vs Dropout task was more stable and produced more compact prediction sets than the 679 

multiclass task, where the Enrolled category introduced greater ambiguity. 680 

Among the evaluated models, LightGBM offered the most consistent overall profile, particularly 681 

for binary classification and balanced multiclass performance. Random Forest and XGBoost 682 
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remained close competitors, with Random Forest performing strongly in the multiclass setting and 683 

XGBoost showing strong discrimination and efficient conformal behavior in selected settings. 684 

The interpretability analyses further indicated that academic progression and financial status were 685 

the strongest contributors to prediction, suggesting that early academic performance and financial 686 

vulnerability are central signals for identifying students who may need support. 687 

Discussion 688 

Positioning the predictive results within prior research 689 

With respect to RQ1, the findings are consistent with previous studies on student dropout and 690 

academic outcome prediction, while adding an uncertainty-aware and interpretable modeling 691 

framework. In the binary Graduate versus Dropout task, the leading ensemble models performed 692 

similarly well. LightGBM achieved the highest accuracy (0.9064), balanced accuracy (0.8946), 693 

and macro-F1 (0.9002), while XGBoost had the highest ROC-AUC (0.9416). These values fall 694 

within the range reported by earlier studies of the same dataset (Table 1). They are higher than 695 

those reported by Ridwan et al. for XGBoost (accuracy approximately 0.87; F1 approximately 696 

0.81) [25], comparable to those of Romero and Liao, who used the same Graduate versus Dropout 697 

formulation (XGBoost F1 0.907; Random Forest ROC-AUC 0.935) [14], and slightly below the 698 

ROC-AUC of 0.957 reported by Liu et al., who used five-fold cross-validation and a dropout 699 

versus non-dropout definition that merges the Enrolled and Graduate students [27]. They are also 700 

consistent with the 86–88% accuracies that dominate the broader literature [59] and with the strong 701 

performance of boosting and ensemble methods reported elsewhere [2, 13, 15, 22–24]. Because 702 

outcome definitions, preprocessing, class balancing, tuning, and validation designs differ, these 703 
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comparisons are indicative rather than strict. Nevertheless, the overall pattern is clear: once 704 

second-semester academic information is available, several tree-based ensembles reach a similar 705 

performance ceiling, and the small differences among them should not be overinterpreted [26, 60]. 706 

By averaging results over five repeated splits, the present study provides more stable estimates 707 

than single-split evaluations, which can be sensitive to the particular partition used. 708 

The multiclass task was more difficult, mainly because the Enrolled group represents an 709 

unresolved academic trajectory. Neural Network had the highest overall accuracy (0.7997), 710 

LightGBM had the highest balanced accuracy (0.7605), and Random Forest had the highest macro-711 

F1 (0.7496) and multiclass ROC-AUC (0.9254). These results exceed the macro-F1 of 712 

approximately 0.70–0.72 and macro ROC-AUC of approximately 0.88–0.90 reported by Morsu 713 

using only enrollment-time information [28], which is consistent with the finding of Martins et al. 714 

that predictions improve once first-semester performance becomes available [61]. Similar 715 

difficulties with the Enrolled category have been reported by Alameri [23] and Morsu [28], and 716 

Martins et al. [15] showed that strong overall model performance can coexist with weaker 717 

classification of a smaller or less distinct class. Previous studies have generally treated this 718 

difficulty as a shortcoming of the classifier. The theoretical literature suggests an alternative 719 

interpretation: if departure is a longitudinal process [17, 43], some still-enrolled students are not 720 

yet distinguishable from future graduates or future dropouts on the basis of the available 721 

information. In such cases, the appropriate model output is not a more confident label but an honest 722 

statement that several outcomes remain plausible. 723 

The main predictors also matched prior evidence and theory. SHAP results indicated that academic 724 

progression, especially second-semester approved curricular units, average approved units, grades, 725 

and admission performance, had the strongest influence on prediction. Financial factors, including 726 
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tuition-payment status, financial stress, and scholarship status, added meaningful information 727 

beyond academic performance. These findings align with those of Romero and Liao [14], Arora 728 

[13], Alameri [23], Villar and de Andrade [22], and Liu et al. [27], as well as with syntheses 729 

identifying credits and grades as the most consistent predictors of persistence [47]. They also 730 

correspond to the two pillars of classic attrition theory: academic integration, reflected in curricular 731 

progression, and the environmental and financial pressures emphasized by Bean and Metzner and 732 

by Cabrera et al. [45, 46]. Academic progression is therefore the clearest proximal signal of student 733 

outcome, while financial vulnerability adds a practically relevant and potentially modifiable 734 

dimension of risk. 735 

What conformal prediction adds to dropout prediction 736 

Regarding RQ2, the central difference between this study and the work summarized in Table 1 is 737 

that the present framework communicates predictive reliability for each student. Many student-738 

risk models provide class labels or probabilities without clearly communicating how reliable they 739 

are, so that two students may receive the same high-risk label even when the evidence behind those 740 

predictions differs substantially. Split conformal prediction addresses this limitation by producing 741 

prediction sets with a prespecified marginal coverage target under the exchangeability assumption 742 

[34–36], allowing the model to identify cases in which one outcome is strongly supported and 743 

cases in which multiple outcomes remain plausible. 744 

The conformal results showed compact prediction sets for the binary task. At 95% nominal 745 

coverage, XGBoost achieved empirical coverage of 0.952 with an average set size of 1.121, while 746 

LightGBM achieved coverage of 0.951 with an average set size of 1.120. Because a binary set 747 

contains at most two labels, these averages imply that at least 9–12% of students, depending on 748 
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the model, received the two-label set {Graduate, Dropout}, whereas a single outcome was 749 

supported at the 95% level for nearly all of the remaining students. This is information that 750 

accuracy alone cannot provide: an accuracy of 0.906 indicates that roughly one prediction in ten 751 

is wrong, but not which one, whereas the conformal sets identify a specific group of students for 752 

whom the evidence is insufficient. At the 90% level, average set sizes were slightly below one 753 

(0.979–0.989), implying that at least 1–2% of students received empty sets, meaning that no 754 

outcome was sufficiently consistent with the calibration data at that level; such cases can be used 755 

to flag atypical records or possible data errors. Empirical coverage did not meet the nominal target 756 

uniformly across models and levels. At the 99% level, all binary models showed slight 757 

undercoverage (0.981–0.989), while at the 95% level only XGBoost and LightGBM met the 758 

nominal target; at the 90% level, LightGBM and SVM fell slightly below it. These small deviations 759 

should be interpreted in the context of finite-sample variability in test-set coverage rather than as 760 

evidence that the conformal framework failed. Overall, the results show the trade-off between 761 

target coverage and set efficiency: moving from 95% to 99% coverage increased the average 762 

binary set size from approximately 1.1 to approximately 1.5, implying that at least 44–50% of 763 

students would receive an undetermined set. 764 

In the multiclass task, conformal prediction made the ambiguity around the Enrolled category 765 

explicit. At 95% coverage, average set sizes were 1.758 for XGBoost, 1.839 for Random Forest, 766 

and 1.852 for LightGBM, which implies that, for these three models, at least 38–43% of students 767 

received sets containing two or three outcomes. Three-class accuracies of 0.74–0.80 in the present 768 

study would conceal this fact: roughly one label in four or five would be wrong, without any 769 

indication of which. Instead of forcing each student into one label, the prediction sets show when 770 

more than one trajectory remains plausible. This provides an operational counterpart to the process 771 
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view of dropout and is particularly useful for early-warning systems, in which ambiguous sets can 772 

signal the need for advisor review before any intervention is assigned. 773 

Compared with other approaches to uncertainty in educational prediction, conformal prediction 774 

has several practical advantages. Unlike Bayesian deep learning [78], it does not require a specific 775 

model class or prior specification; unlike bootstrap analyses of aggregate metrics [60], it provides 776 

a statement about each individual prediction; and unlike probability calibration alone [79], it offers 777 

an explicit finite-sample coverage guarantee under exchangeability. Elmasry et al. recently showed 778 

that split conformal prediction can be added to a calibrated dropout classifier with near-nominal 779 

coverage [92]. The present results extend that evidence by showing, across six model families, two 780 

outcome formulations, and three coverage levels, that validity is largely model-agnostic whereas 781 

efficiency is not: models with similar accuracy produced different average set sizes. For 782 

institutions, this suggests that a model intended for an early-warning system should be selected not 783 

only on accuracy or ROC-AUC, but also on the size of the conformal sets it produces at the 784 

coverage level the institution chooses. Evidence from human-subject experiments, in which 785 

prediction sets improved human decisions relative to single labels [86–88], further suggests that 786 

sets may be better suited to supporting advisors than single risk scores, although their benefit 787 

depends on keeping sets small and on the difficulty of the cases [89]. 788 

Combining uncertainty with explanation 789 

Regarding RQ3, combining conformal prediction with SHAP also changes how explanations 790 

should be used. A detailed explanation can create false precision if the prediction itself is uncertain. 791 

A more responsible workflow would first examine the prediction set and then use SHAP 792 

explanations for confident predictions, or to guide the review of ambiguous cases, for example by 793 
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showing whether ambiguity arises from mixed academic signals or from missing financial 794 

information. This approach is better suited to high-stakes educational decisions than relying only 795 

on accuracy, probabilities, or feature-importance rankings, and it complements governance-796 

oriented explanation pipelines that surface ambiguous cases for human review [56, 63]. 797 

The SHAP analysis showed which features the fitted models used and the direction of their 798 

contributions, but it did not establish that modifying those features would change student 799 

outcomes. This distinction is important for educational decision-makers: an explanation can 800 

support case review, yet it cannot by itself justify an intervention. Liu et al. [27] similarly showed 801 

that SHAP can improve interpretability in dropout prediction. The contribution of the present study 802 

is therefore the joint presentation of model explanations and conformal uncertainty, not evidence 803 

that the identified predictors are causal intervention targets. For example, the role of tuition-804 

payment status or financial stress should not be interpreted as proof that a specific financial 805 

intervention would reduce dropout by a corresponding amount. Romero and Liao [14] used 806 

propensity-score methods to estimate the effect of scholarship holding, underscoring that causal 807 

claims require designs beyond predictive modeling. In this study, SHAP is best viewed as a tool 808 

for understanding model predictions and identifying potentially actionable domains, not as 809 

evidence of causal impact. 810 

Implications for institutional policy and practice 811 

The results have several implications for institutional leaders, student-support services, and 812 

policymakers. First, conformal outputs can be translated directly into a tiered decision protocol 813 

(Table 4). Students whose set contains only Dropout can be prioritized for proactive outreach, such 814 

as academic advising, tutoring, and financial counseling. Students whose set contains only 815 



 

47 | P a g e  

 

Graduate can remain under routine monitoring without being labeled. Students whose set contains 816 

several outcomes, including Dropout, should be referred for human review, in which advisors 817 

collect additional information, such as attendance, learning management system activity, or a brief 818 

conversation, before deciding on an intervention. Empty sets should trigger a data-quality check. 819 

This protocol operationalizes the recommendation that machine learning should serve as decision 820 

support rather than as an autonomous decision-maker [59, 69], and it directs scarce advising time 821 

toward the students for whom human judgment adds the most value. 822 

Table 4. A proposed tiered decision protocol that translates conformal prediction sets into institutional actions. The proportions of 823 

students in each tier depend on the chosen coverage level and model; the percentages shown are lower bounds derived from the 824 

average set sizes in the present study (95% coverage unless otherwise stated). 825 

Prediction set Interpretation Suggested institutional action 

{Dropout} Dropout is the only outcome supported 
at the chosen coverage level 

Prioritize proactive outreach: academic advising, 
tutoring, and financial counseling; review SHAP 
explanation to tailor support 

{Graduate} Graduation is the only supported 
outcome 

Routine monitoring; no risk label communicated 

{Enrolled} or {Enrolled, 
Graduate} 

Continuing trajectory with no dropout 
signal 

Monitor progression; light-touch check-ins at the next 
milestone 

Sets including Dropout and 
another outcome (≥ 9–12% of 
binary cases; ≥ 38–43% of 
three-class cases include two 
or more outcomes) 

Evidence is insufficient to distinguish 
trajectories 

Refer to advisor for human review; collect additional 
information before assigning an intervention 

Empty set (≈ 1–2% of binary 
cases at 90%) 

No outcome is consistent with the 
calibration data 

Check data quality and atypical profiles; do not act on 
the model output 

 826 

Second, the coverage level becomes an explicit and transparent policy lever. Choosing 1 − α is 827 

equivalent to choosing how often the institution is willing to miss the true outcome, and the 828 

corresponding set sizes reveal the advising workload that this choice implies. In the binary task, 829 

moving from 90% to 99% coverage increased the average set size from approximately 0.99 to 830 

approximately 1.49, so that at least 44–50% of students would require review at the highest level. 831 

Institutions can therefore align the coverage level with their advising capacity and with the relative 832 
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costs of false reassurance and unnecessary intervention, rather than relying on an arbitrary 833 

probability threshold whose reliability is unknown. 834 

Third, the prominence of tuition-payment status, financial stress, and scholarship status suggests 835 

that financial monitoring should be integrated into retention strategies. Overdue tuition payments 836 

are recorded administratively and could act as early triggers for contact with financial-aid offices, 837 

emergency grants, or flexible payment plans. This is consistent with attrition theory [45, 46] and 838 

with the quasi-causal evidence that scholarship holding is associated with a lower probability of 839 

dropout in these data [14], although the causal effects of specific financial interventions should be 840 

evaluated directly. 841 

Fourth, because the dominant predictors are second-semester measures, the framework is best used 842 

as an in-year updating tool rather than as an admission-time screen. Institutions should generate 843 

predictions at several points, for example at enrollment, after the first semester, and after the 844 

second semester, and recalibrate the conformal threshold at each point, consistent with evidence 845 

that prediction quality changes over the first academic year [54, 61]. 846 

Fifth, uncertainty-aware prediction should be embedded in equity-oriented governance. Marginal 847 

coverage can conceal lower coverage or larger sets for particular groups, and the literature shows 848 

that educational prediction models can disadvantage historically underserved students [73, 75, 76]. 849 

Institutions should therefore audit coverage and set size by gender, scholarship status, 850 

displacement, international status, and other relevant characteristics; consider group-conditional 851 

or Mondrian conformal procedures where equal reliability is a substantive objective [82–84]; and 852 

monitor downstream decisions, since even well-calibrated sets can lead to disparate actions [90]. 853 

Students should be informed about how predictions are used, and communication should avoid 854 

deficit-based labels [69, 70]. 855 
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Finally, at the system level, funding bodies, quality-assurance agencies, and ministries that 856 

encourage or procure predictive analytics could require vendors and institutions to report measures 857 

of predictive reliability, such as empirical coverage and set size, alongside accuracy, and to 858 

evaluate early-warning systems with experimental or quasi-experimental designs. The mixed 859 

evidence on the effectiveness of early-alert systems [67, 68] shows that accurate prediction does 860 

not automatically translate into improved retention. Uncertainty-aware, explainable, and evaluated 861 

decision support is more likely to contribute to equitable completion, in line with the aims of 862 

Sustainable Development Goal 4 on inclusive and equitable quality education. 863 

Limitations and future directions 864 

Several limitations should be noted. First, the data come from a single Portuguese higher education 865 

institution and cover students enrolled between 2008/2009 and 2018/2019. Institutional policies, 866 

tuition systems, academic programs, and student populations may differ across settings. As noted 867 

by Romero and Liao [14] and broader reviews [26], external validity remains a key challenge. The 868 

repeated random splits used here improve internal stability but do not establish transportability to 869 

other institutions or future cohorts. 870 

A definitive assessment of generalizability requires external validation using data from other 871 

institutions with different programs, admission systems, financing structures, and student 872 

populations. Until such data are available, the present estimates should be treated as institution 873 

specific. A future multi-institution study should retain institution-level holdouts, recalibrate 874 

conformal thresholds locally where appropriate, and report both discrimination and coverage 875 

before any deployment claim is made. 876 
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Second, several important predictors were first- and second-semester academic-performance 877 

measures. These features improve accuracy but may limit the opportunity for earlier intervention, 878 

as Liu et al. [27] also noted. Future studies should evaluate prediction at clear time points, such as 879 

enrollment, early semester, first semester, and second semester, and incorporate longitudinal 880 

indicators from learning-management systems, assessments, attendance, and advising records [2, 881 

28]. 882 

Third, our conformal method provides marginal coverage, not equal coverage for every class or 883 

subgroup. Marginal guarantees can coexist with undercoverage of minority classes or of 884 

disadvantaged student groups, an issue with direct equity implications [73, 84]. Future work should 885 

report class-specific and subgroup-specific coverage and set size, and consider class-conditional, 886 

Mondrian, or conditional conformal methods [82, 83] when equal reliability across Graduate, 887 

Dropout, and Enrolled students, or across demographic groups, is a substantive goal. 888 

Fourth, split conformal prediction requires a separate calibration set, reducing the data available 889 

for model training. With 4,424 observations, this reduction may be meaningful. Future work could 890 

examine cross-conformal or cross-validation-based conformal procedures, Jackknife+ methods 891 

[109], and probability-calibration approaches such as Platt scaling, isotonic regression, or 892 

temperature scaling before conformalization. 893 

Another limitation is the exchangeability assumption underlying the reported finite-sample 894 

coverage guarantee. The dataset spans ten academic years, during which student composition, 895 

programs, institutional policies, and economic conditions may have changed. Random train-896 

calibration-test splits mix observations across cohorts and can therefore obscure temporal 897 

distribution shift. The marginal coverage results should be interpreted as valid only to the extent 898 

that calibration and future observations are exchangeable. Temporal holdout analyses, year-899 
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specific coverage estimates, weighted conformal prediction under covariate shift, and online or 900 

adaptive conformal procedures are needed to evaluate and mitigate departures from this 901 

assumption. 902 

In addition, the comparisons with previous studies presented in Table 1 and in the Discussion are 903 

indirect. The cited studies differ in outcome definitions, inclusion of the Enrolled class, 904 

preprocessing, class-imbalance handling, tuning, and validation design, and some are preprints or 905 

theses. A shared benchmarking protocol for this dataset, including standardized splits and the 906 

reporting of uncertainty metrics, would allow more rigorous comparisons. 907 

Finally, predictive accuracy and coverage do not prove that an early-warning system improves 908 

student outcomes. Future work should evaluate these models prospectively in human-in-the-loop 909 

settings, where high-confidence predictions may trigger routine outreach, ambiguous sets may be 910 

referred to advisors, and uncertain cases may remain unclassified until more information is 911 

available. Such systems should be assessed for fairness, intervention burden, false-positive costs, 912 

resource allocation, and actual effects on retention. 913 

Conclusion 914 

This study shows that machine learning can effectively distinguish student academic outcomes, 915 

while also emphasizing that predictive performance alone is not sufficient for educational decision 916 

support. Tree-based ensemble models performed strongly, particularly for the binary Graduate-917 

versus-Dropout task, whereas the multiclass task was more difficult because the Enrolled category 918 

represents a more ambiguous and transitional academic state. Consistent with prior work, 919 

academic progression was the dominant predictive signal, while financial vulnerability added 920 
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meaningful information. SHAP analysis further showed that curricular-unit progression, grades, 921 

admission performance, tuition-payment status, and related financial factors contributed 922 

substantially to model predictions. 923 

The main contribution of this work is the integration of predictive modeling, conformal uncertainty 924 

quantification, and SHAP-based explanation within a unified framework, positioned against an 925 

extensive body of research on dropout theory, educational data mining, and early-warning systems. 926 

Previous studies of the same dataset reached similar levels of accuracy but reported only aggregate 927 

point metrics. Instead of providing only a predicted class or probability, conformal prediction 928 

produced prediction sets that indicate when the available evidence supports a confident outcome 929 

and when multiple outcomes remain plausible. This was especially useful in the multiclass setting, 930 

in which larger prediction sets reflected the greater uncertainty involved in distinguishing the 931 

Enrolled group. SHAP complemented this information by explaining which academic and 932 

financial factors shaped the predictions. 933 

Together, these findings support a shift from accuracy-centered prediction toward uncertainty-934 

aware and interpretable decision support. In practice, confident predictions could inform targeted 935 

outreach, while ambiguous prediction sets could signal the need for additional information or 936 

advisor review rather than forcing potentially unreliable classifications. For policymakers, the 937 

coverage level offers a transparent way to balance missed at-risk students against advising 938 

workload, and reliability metrics such as coverage and set size should be reported alongside 939 

accuracy whenever predictive analytics are used to allocate student support. Future work should 940 

validate this framework across institutions and cohorts, examine class- and subgroup-specific 941 

coverage, and evaluate whether combining calibrated uncertainty with interpretable predictions 942 

improves the fairness, transparency, and effectiveness of student-support interventions. 943 
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AI: Artificial Intelligence 946 

AUC: Area Under the Curve 947 

CP: Conformal Prediction 948 
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LightGBM: Light Gradient Boosting Machine 951 

ML: Machine Learning 952 

OECD: Organization for Economic Co-operation and Development 953 

TPR: True Positive Rate 954 

FPR: False Positive Rate 955 

ROC: Receiver Operating Characteristic 956 

SHAP: SHapley Additive exPlanations 957 

SVM: Support Vector Machine 958 

XAI: Explainable Artificial Intelligence 959 
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