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Objective: To develop and validate a multimodal machine learning pipeline 

utilizing Gradient Boosted Decision Trees to accurately identify academic 

burnout by integrating continuous physiological data from wearable sensors with 

behavioral school performance metrics. 

Methods and Materials: A prospective longitudinal study was conducted with a 

cohort of 𝑁 = 427undergraduate students enrolled in high-intensity programs in 

Brazil. Multimodal data collection encompassed continuous physiological 

monitoring via wrist-worn sensors to capture heart rate variability, electrodermal 

activity, and sleep architecture, alongside institutional academic registry data 

tracking lecture attendance, assignment submission latency, and examination 

scores. Ground-truth burnout classification was established using the Maslach 

Burnout Inventory-Student Survey. A Gradient Boosted Decision Trees (GBDT) 

algorithm was trained and optimized to classify students into burnout and non-

burnout categories, evaluating performance through accuracy, F1 score, and area 

under the receiver operating characteristic curve (AUC-ROC). 

Findings: The demographic analysis revealed a burnout prevalence of 

34.4%(𝑛 = 147) within the sample. The optimized GBDT model demonstrated 

superior predictive capability, achieving an overall classification accuracy of 

92.7%, an F1 score of 0.899, and an AUC-ROC of 0.954. Feature importance 

analysis indicated that physiological indicators of allostatic load, primarily rolling 

heart rate variability (18.4% relative importance), and behavioral withdrawal 

metrics, specifically assignment submission latency (14.2% relative importance), 

were the most significant predictors of the syndrome. Furthermore, the burnout 

cohort exhibited marked autonomic dysregulation, characterized by severely 

reduced deep sleep and elevated electrodermal activity peaks, directly mirroring 

their concurrent academic decline. 

Conclusion: The integration of continuous biometric sensor data with 

institutional academic metrics via gradient boosting algorithms provides a highly 

accurate, objective framework for the early identification of academic burnout. 
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1. Introduction 

cademic burnout has emerged as a pervasive and 

debilitating phenomenon within educational 

institutions globally, characterized by a triad of emotional 

exhaustion, depersonalization, and a profound sense of 

reduced personal accomplishment. This multidimensional 

syndrome manifests through severe physical, mental, and 

emotional deterioration, profoundly compromising the 

holistic well-being of students across various disciplines 

(Supriyanto et al., 2024). Chronic exposure to stringent 

academic expectations and unyielding performance 

demands serves as the primary catalyst for this condition, 

initiating a cascade of maladaptive physiological and 

psychological responses that relentlessly culminate in severe 

burnout (Zhang et al., 2025). The continuous accumulation 

of stressful life events further exacerbates this inherent 

vulnerability, fundamentally altering a student’s capacity to 

engage meaningfully and productively with their academic 

environment (Niu & Ma, 2024). As educational demands 

intensify in contemporary curricula, the persistent strain of 

academic obligations disrupts fundamental cognitive 

processing and emotional regulation, leading to widespread 

psychological distress and a marked, measurable decline in 

academic achievement across diverse student populations 

(Rafigh Iranian et al., 2024). Consequently, understanding 

the intricate and interwoven mechanisms underlying 

academic burnout has become a critical imperative for 

behavioral researchers, educational psychologists, and 

institutional policymakers alike, necessitating a 

comprehensive, deeply analytical exploration of the 

multifaceted variables that contribute to its onset, 

progression, and ultimate chronicity. 

The etiology of academic burnout is deeply rooted in 

complex psychological mechanisms and highly specific 

individual personality traits that dictate how stress is 

internalized and processed. Students who harbor intense 

fears of academic failure and exhibit high levels of 

evaluation concern perfectionism are particularly 

susceptible to experiencing profound academic exhaustion 

and subsequent depressive symptomatology (Chang et al., 

2025). This relentless perfectionistic drive, often 

paradoxically coupled with debilitating academic 

procrastination, creates a highly detrimental cycle of stress 

and behavioral avoidance that severely undermines long-

term educational attainment (Souri et al., 2024). 

Furthermore, the intricate interplay between an individual’s 

level of maladaptive perfectionism and their baseline self-

efficacy plays a pivotal, mediating role in determining their 

psychological resilience against burnout, with low self-

efficacy significantly amplifying feelings of personal 

inadequacy, cognitive dissonance, and institutional cynicism 

(Sari et al., 2024). Emotional regulation capabilities, 

specifically core emotional intelligence and the clinical 

presence of alexithymia, also critically shape academic 

trajectories, as students struggling to accurately identify and 

manage their affective states are at a markedly higher 

statistical risk of developing severe, treatment-resistant 

burnout (Mafi et al., 2025). Intolerance of environmental and 

academic uncertainty further acts as a profound cognitive 

vulnerability, rapidly depleting self-regulatory resources and 

fostering chronic fatigue, which ultimately compromises 

self-compassion and artificially accelerates the burnout 

trajectory into irreversible phases (Qiang et al., 2024). 

Additionally, ruminative cognitive processing styles and 

inherent psychological neuroticism significantly mediate the 

complex relationship between discipline-specific academic 

stress—such as rigorous language learning anxieties—and 

the eventual, overt manifestation of burnout symptoms (Zuo 

et al., 2024). The overarching inability to deploy adaptive, 

context-specific coping mechanisms in the face of these 

compounding psychological stressors severely hinders 

students, particularly those in the highly pressurized final 

stages of their academic journey, thereby solidifying the 

chronic and pervasive nature of their mental exhaustion 

(Bahari & Salim, 2025). 

Beyond intrinsic, isolated psychological factors, the 

broader familial networks and socio-educational 

environments exert undeniably profound influences on the 

developmental trajectory of academic burnout. The 

qualitative dynamics of the family system, specifically rigid 

parenting styles and overwhelming parental academic 

achievement pressure, serve as crucial, often detrimental 

determinants of a student’s ability to successfully adjust to 

rigorous school life and effectively ward off psychological 

exhaustion (Park, 2025). The foundational nature of these 

familial relationships in shaping academic endurance is 

further highlighted by the robust direct and indirect impacts 

of father-child attachment security, where secure relational 

attachments provide a critical, enduring buffer against the 

initial development of academic burnout during the highly 

challenging psychological transition to higher education 

landscapes (Zhang et al., 2024). Moving away from the 

home and directly into the educational setting, the macro-

level school climate significantly influences students’ 

baseline psychological capital, acting dynamically as either 

A 

https://portal.issn.org/resource/ISSN/2981-2526
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a potent protective shield or an aggressively exacerbating 

force for academic exhaustion (Tang, 2024; Xiaoling, 2024). 

A positive, structurally supportive school climate, 

specifically when coupled with the promotion of mastery-

oriented achievement goals over purely competitive metrics, 

can substantially and measurably alleviate burnout 

symptoms by fostering a highly nurturing and intellectually 

safe academic environment (Xue et al., 2025). Furthermore, 

cultivating a deep-seated, authentic sense of school 

belongingness and fostering strong, interpersonal school 

connectedness are instrumental in actively building 

structural academic resilience, thereby significantly 

mitigating the baseline risk of burnout through enhanced 

institutional integration, mutual respect, and communal 

support architectures (Bazaz & Farhadian, 2025; Zhao et al., 

2024). 

Thus, this study aims to develop and validate a 

multimodal machine learning pipeline utilizing Gradient 

Boosted Decision Trees to accurately identify academic 

burnout by integrating continuous physiological data from 

wearable sensors with behavioral school performance 

metrics. 

2. Methods and Materials 

2.1. Study Design and Participants 

This observational study employed a prospective 

longitudinal design to investigate the physiological and 

academic correlates of burnout among university students. 

The research was conducted across three large public 

universities located in the southeastern region of Brazil. A 

total of exactly four hundred and eighty-two students were 

initially recruited for participation over a continuous sixteen-

week academic semester. The sample consisted of 

undergraduate students enrolled in high-intensity programs 

such as engineering, medicine, and law, which are 

traditionally associated with elevated stress levels and an 

increased risk of academic exhaustion. Prior to enrollment, 

all participants provided written informed consent, and the 

study protocol received full ethical approval from the 

National Commission for Research Ethics in Brazil. 

Participants were required to be free of any pre-existing 

diagnosed cardiovascular or severe psychiatric conditions 

that could independently alter autonomic nervous system 

functioning or cognitive performance. Over the course of the 

study, natural attrition occurred due to device non-

compliance or withdrawal from the academic courses, 

leaving the final analytical sample utilized for the 

algorithmic training and validation at exactly four hundred 

and twenty-seven participants. 

2.2. Measures 

The acquisition of data relied on a multimodal approach, 

seamlessly integrating continuous physiological monitoring, 

institutional academic records, and validated psychometric 

assessments. To capture physiological markers associated 

with chronic stress and exhaustion, each participant was 

equipped with a research-grade, wrist-worn biometric 

sensor. These smart wearables were calibrated to 

continuously record photoplethysmography data for 

deriving heart rate and heart rate variability, alongside 

triaxial accelerometry for sleep staging and electrodermal 

activity to gauge sympathetic nervous system arousal. 

Participants were instructed to wear the devices 

continuously, particularly during sleep and study sessions, to 

ensure high-fidelity longitudinal data collection. 

Concurrently, school performance metrics were extracted 

directly from the participating universities’ secure academic 

registry systems, following strict data anonymization 

protocols. These objective academic metrics included 

continuous grade point averages, the frequency of missed 

lectures, assignment submission latency, and quantitative 

scores on standardized mid-term and final examinations. To 

establish the definitive ground truth for algorithmic training, 

the Maslach Burnout Inventory-Student Survey was 

administered digitally to all participants at the initiation, 

midpoint, and conclusion of the semester. This 

internationally validated psychometric instrument quantified 

the three core dimensions of academic burnout, specifically 

emotional exhaustion, cynicism, and academic efficacy, 

thereby allowing for the precise categorization of 

participants into distinct burnout severity classes. 

2.3. Data Analysis 

The computational pipeline for the algorithmic 

identification of burnout was centered around the 

implementation of Gradient Boosted Decision Trees, chosen 

for their robust capacity to model complex, non-linear 

interactions within heterogeneous physiological and 

academic datasets. Initially, the raw physiological data 

underwent rigorous preprocessing to remove motion 

artifacts, and missing values were imputed using a 

multivariate imputation by chained equations algorithm. 

High-dimensional features extracted from the wearable 

sensors, such as the standard deviation of normal-to-normal 

https://portal.issn.org/resource/ISSN/2981-2526
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inter-beat intervals and total deep sleep duration, were 

aggregated into daily and weekly rolling averages to align 

temporally with the sparsely sampled academic performance 

metrics. The predictive modeling phase utilized a highly 

optimized implementation of gradient boosting. The 

objective function to be minimized during model training 

was defined mathematically as ℒ(𝜙) = ∑ 𝑙(
𝑖

𝑦𝑖 , 𝑦̂𝑖) +

∑ Ω(
𝑘

𝑓𝑘), where 𝑙represents a differentiable convex loss 

function measuring the divergence between the true 

psychometric burnout classification 𝑦𝑖and the 

algorithmically predicted classification 𝑦̂𝑖, and 

Ω(𝑓𝑘)denotes the structural regularization term that 

penalizes model complexity to mitigate the risk of 

overfitting. Hyperparameter tuning was executed through an 

exhaustive grid search combined with a stratified ten-fold 

cross-validation strategy, systematically optimizing 

parameters such as the maximum tree depth, learning rate, 

and subsample ratio. The predictive performance of the 

finalized gradient boosted model was subsequently 

evaluated on a hold-out testing set using a comprehensive 

suite of statistical metrics, including overall classification 

accuracy, precision, recall, the 𝐹1score calculated as 𝐹1 =

2 ×
precision×recall

precision+recall
, and the area under the receiver operating 

characteristic curve, thereby ensuring a multidimensional 

assessment of the algorithm’s real-world utility in 

identifying academic burnout. 

3. Findings and Results 

The final analytical sample comprised 𝑁 = 427 

undergraduate students who successfully completed the 

sixteen-week monitoring period and provided complete 

datasets across all physiological, academic, and 

psychometric dimensions. Based on the end-of-semester 

Maslach Burnout Inventory-Student Survey (MBI-SS) 

scores, the cohort was stratified into a non-burnout group 

comprising 𝑛 = 280 students and a burnout group 

consisting of 𝑛 = 147 students, indicating a burnout 

prevalence rate of 34.4%. Preliminary statistical evaluations 

were conducted to ascertain the baseline comparability of 

these two cohorts. The average age of the participants was 

𝑀 = 21.4years with a standard deviation of 𝑆𝐷 = 1.8years. 

Demographic variables including age, gender distribution, 

and baseline cumulative grade point averages did not exhibit 

statistically significant differences between the two groups, 

confirming that the subsequent algorithmic differentiation 

was not inherently biased by pre-existing sociodemographic 

disparities. The academic discipline distribution similarly 

showed consistent representation across both cohorts, 

ensuring the generalizability of the physiological and 

academic variations observed later in the semester. Table 1 

delineates the comprehensive sociodemographic profile and 

baseline academic characteristics of the study sample, 

partitioned by their final MBI-SS burnout classification. 

Table 1 

Sociodemographic Profile and Baseline Academic Characteristics of the Study Sample by Burnout Classification 

Characteristic Total Sample (𝑵 = 𝟒𝟐𝟕) Non-Burnout (𝒏 = 𝟐𝟖𝟎) Burnout (𝒏 = 𝟏𝟒𝟕) 𝒑-value 

Age in years, Mean (𝑺𝑫) 21.4(1.8) 21.5(1.9) 21.2(1.7) 0.112 

Female Gender, 𝒏(%) 230(53.8%) 152(54.3%) 78(53.1%) 0.814 

Engineering Major, 𝒏(%) 162(37.9%) 105(37.5%) 57(38.8%) 0.793 

Medicine Major, 𝒏(%) 145(34.0%) 98(35.0%) 47(32.0%) 0.531 

Law Major, 𝒏(%) 120(28.1%) 77(27.5%) 43(29.2%) 0.718 

Baseline GPA, Mean (𝑺𝑫) 7.82(0.65) 7.85(0.62) 7.76(0.70) 0.185 
 

Following the baseline assessment, a detailed 

comparative analysis of the continuous multimodal data 

streams collected over the sixteen-week period was 

executed. The objective was to identify isolated 

physiological and academic deviations that characterized the 

onset and progression of academic exhaustion. Students 

classified within the burnout cohort demonstrated marked 

and statistically significant deteriorations across multiple 

objective metrics when compared to their non-burnout peers. 

Physiologically, the burnout group exhibited a diminished 

parasympathetic tone, evidenced by a significantly lower 

standard deviation of normal-to-normal inter-beat intervals 

(SDNN) in their heart rate variability metrics. Furthermore, 

total deep sleep duration was severely truncated, and 

sympathetic nervous system arousal, measured via daily 

electrodermal activity (EDA) peaks, was notably elevated. 

Academically, the behavioral manifestations of exhaustion 

were equally pronounced. The burnout cohort registered a 

significantly higher frequency of missed lectures and a 

protracted latency in submitting mandatory assignments. 

These univariate differences provided the foundational 

rationale for integrating both data types into a 

https://portal.issn.org/resource/ISSN/2981-2526


 Lino et al.                                                                                                               Journal of Adolescent and Youth Psychological Studies 7:3 (2026) 1-10 

 

 5 
E-ISSN: 2981-2526 
 

multidimensional predictive model. Table 2 provides the 

descriptive statistics and univariate significance testing for 

the core physiological and academic variables averaged over 

the latter half of the academic semester. 

Table 2 

Descriptive Statistics and Univariate Analysis of Core Physiological and Academic Variables 

Variable Non-Burnout Mean (𝑺𝑫) Burnout Mean (𝑺𝑫) 𝒑-value 

Heart Rate Variability SDNN (𝒎𝒔) 54.2(11.3) 38.7(9.8) <0.001 

Average Deep Sleep Duration (𝒉𝒐𝒖𝒓𝒔) 1.85(0.32) 1.15(0.28) <0.001 

Mean Daily EDA Peaks (𝒄𝒐𝒖𝒏𝒕) 14.3(4.1) 26.8(6.5) <0.001 

Missed Lectures per Month (𝒄𝒐𝒖𝒏𝒕) 1.2(0.8) 3.9(1.5) <0.001 

Assignment Submission Latency (𝒅𝒂𝒚𝒔) 0.5(0.4) 2.3(1.1) <0.001 

Mid-Term Examination Score (%) 81.4(8.2) 72.1(10.5) <0.001 
 

To evaluate the predictive efficacy of the Gradient 

Boosted Decision Trees (GBDT) in identifying academic 

burnout, the model’s performance was benchmarked against 

three standard machine learning classifiers: Logistic 

Regression, Support Vector Machines (SVM), and Random 

Forest. All models were trained and evaluated utilizing the 

exact same preprocessed, combined dataset of wearable 

sensor data and school performance metrics, employing a 

stratified ten-fold cross-validation methodology to prevent 

overfitting and ensure robust out-of-sample generalization. 

The optimal hyperparameters for the GBDT model yielded 

an architecture with a maximum tree depth of 6, a learning 

rate of α=0.05, and a subsample ratio of 0.8. The GBDT 

model significantly outperformed all baseline algorithms 

across every computed evaluation metric. Specifically, the 

GBDT achieved an overall classification accuracy of 92.7%, 

demonstrating an exceptional ability to map the non-linear, 

high-dimensional interactions between sleep fragmentation, 

autonomic arousal, and academic disengagement. The area 

under the receiver operating characteristic curve (AUC-

ROC) for the GBDT reached 0.954, indicating an 

outstanding discriminative capacity between exhausted and 

non-exhausted states. Notably, the Logistic Regression 

model, which assumes linear relationships among features, 

yielded the lowest performance, underscoring the complex, 

multifaceted nature of burnout physiological signatures. 

Table 3 summarizes the comparative predictive performance 

metrics of the evaluated machine learning algorithms on the 

hold-out testing data. 

Table 3 

Comparative Predictive Performance Metrics of Evaluated Machine Learning Algorithms 

Model Architecture Accuracy (%) Precision (%) Recall (%) 𝑭𝟏Score AUC-ROC 

Logistic Regression 76.3 70.1 62.5 0.661 0.782 

Support Vector Machine 82.9 80.4 71.4 0.756 0.865 

Random Forest 88.5 86.2 81.6 0.838 0.912 

Gradient Boosted Decision Trees 92.7 91.5 88.4 0.899 0.954 

 

Subsequent to model validation, an in-depth feature 

importance analysis was conducted to elucidate the specific 

variables driving the algorithmic decision-making process 

within the optimal GBDT model. This was achieved by 

calculating the relative importance of each feature, which 

quantifies the fractional contribution of each variable to the 

reduction of the loss function L(ϕ)across all decision splits 

in the ensemble. The analysis revealed a critical interplay 

between continuous physiological monitoring and 

institutional academic records. The single most predictive 

feature was the rolling standard deviation of normal-to-

normal inter-beat intervals (SDNN), accounting for 18.4%of 

the model’s predictive power, highlighting the paramount 

importance of cardiovascular autonomic regulation as an 

early indicator of allostatic load. This was closely followed 

by behavioral academic metrics, specifically the rolling 

average of assignment submission latency and the frequency 

of missed lectures, underscoring that behavioral withdrawal 

acts as a highly sensitive proxy for emotional exhaustion and 

cynicism. Total deep sleep duration also emerged as a top-

tier predictor, reinforcing the bidirectional relationship 

between restorative sleep architecture and academic stress. 

https://portal.issn.org/resource/ISSN/2981-2526
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Table 4 itemizes the top ten most influential features utilized 

by the Gradient Boosted Decision Trees, categorized by their 

primary data source, demonstrating the vital necessity of the 

multimodal approach for accurate algorithmic identification 

of academic burnout. 

Table 4 

Top Ten Most Influential Features Utilized by the Gradient Boosted Decision Trees Model 

Importance Rank Feature Description Primary Data Source Relative Importance (%) 

𝟏 Rolling HRV (SDNN) Wearable Sensor 18.4% 

𝟐 Assignment Submission Latency Academic Records 14.2% 

𝟑 Total Deep Sleep Duration Wearable Sensor 12.7% 

𝟒 Missed Lecture Frequency Academic Records 10.5% 

𝟓 Mean Daily EDA Peaks Wearable Sensor 8.9% 

𝟔 Mid-Term Examination Score Academic Records 7.6% 

𝟕 Resting Heart Rate Trend Wearable Sensor 6.3% 

𝟖 Sleep Onset Latency Wearable Sensor 5.1% 

𝟗 Trailing 30-Day GPA Fluctuation Academic Records 4.8% 

𝟏𝟎 Total Daily Step Count Wearable Sensor 3.5% 

 

4. Discussion 

The primary objective of this prospective longitudinal 

study was to develop and validate a robust algorithmic 

pipeline capable of identifying academic burnout by 

integrating continuous wearable sensor data with 

institutional school performance metrics. Our findings 

demonstrate that a Gradient Boosted Decision Trees 

(GBDT) model can effectively categorize students into 

burnout and non-burnout cohorts with an exceptional overall 

classification accuracy of 92.7%and an area under the 

receiver operating characteristic curve of 0.954. The 

demographic analysis revealed a substantial burnout 

prevalence rate of 34.4%within the sample of university 

students enrolled in high-intensity programs. The univariate 

statistical analyses highlighted profound physiological and 

behavioral divergences between the two groups. 

Specifically, students experiencing academic burnout 

exhibited severely compromised autonomic nervous system 

regulation, evidenced by significant reductions in the 

standard deviation of normal-to-normal inter-beat intervals 

(SDNN) and truncated total deep sleep duration, alongside 

elevated daily electrodermal activity (EDA) peaks indicative 

of chronic sympathetic arousal. Concurrently, behavioral 

manifestations in the academic domain were stark, with the 

burnout cohort demonstrating a high frequency of missed 

lectures, prolonged assignment submission latency, and 

depressed mid-term examination scores. Feature importance 

analysis of the optimal GBDT model confirmed that 

physiological indicators of allostatic load, particularly 

rolling heart rate variability, were the most critical 

predictors, seamlessly complemented by behavioral 

withdrawal metrics such as delayed assignment submissions. 

The physiological deterioration observed in the burnout 

cohort aligns seamlessly with contemporary frameworks 

that conceptualize academic exhaustion as a state of chronic, 

unremitting allostatic overload. The significant reduction in 

heart rate variability and the elevation in electrodermal 

activity peaks directly reflect a hyperactive sympathetic 

nervous system and a diminished parasympathetic tone, 

which are classical biological signatures of prolonged 

psychological distress. This physiological dysregulation 

provides a biological substrate for the complex 

psychological mechanisms frequently reported in exhausted 

student populations, such as severe evaluation concern 

perfectionism and an overarching fear of failure (Chang et 

al., 2025). When students are subjected to relentless 

academic pressure, their inability to deploy effective coping 

mechanisms leads to persistent physiological arousal, 

creating a detrimental feedback loop that exacerbates 

subjective feelings of exhaustion and cynicism (Bahari & 

Salim, 2025). Furthermore, the robust link between 

psychological distress, such as alexithymia and anxiety, and 

the manifestation of physical and emotional burnout 

symptoms is well-documented, indicating that the inability 

to process emotional strain directly translates into somatic 

and physiological deficits (Mafi et al., 2025; Sun et al., 

2024). The continuous sensor data in our study effectively 

captures this physical toll, providing an objective window 

into the somatic reality of the psychological deterioration 

that characterizes academic burnout across diverse student 

populations (Supriyanto et al., 2024). 

https://portal.issn.org/resource/ISSN/2981-2526
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The pronounced truncation of deep sleep duration among 

exhausted students in our sample is highly consistent with 

recent literature highlighting the devastating impact of 

modern behavioral stressors, particularly pathological 

digital engagement, on restorative sleep architecture. 

Problematic smartphone usage, social media addiction, and 

excessive internet consumption have been consistently 

identified as primary culprits in disrupting sleep patterns and 

actively precipitating academic burnout (Feng et al., 2025; 

Iqbal et al., 2025). The constant cognitive stimulation and 

blue light exposure associated with late-night digital 

activities directly inhibit parasympathetic recovery, leading 

to the exact patterns of sleep fragmentation and reduced deep 

sleep phases captured by our wearable accelerometry data 

(Yao et al., 2025). Furthermore, the mediating role of 

technology conflict and internet addiction in exacerbating 

exhaustion suggests that students frequently retreat into 

digital spaces as a maladaptive coping mechanism, which 

ironically deepens their physiological deficit and accelerates 

the burnout trajectory (Rahmani & Amani, 2025; Yang et al., 

2024). By quantifying these exact physiological deficits, our 

GBDT model objectively maps the downstream biological 

consequences of these pervasive digital stressors, 

reinforcing the necessity of multimodal physiological 

monitoring in accurately diagnosing the severity of student 

exhaustion. 

Academically, the behavioral metrics utilized by our 

algorithm—most notably assignment submission latency 

and the frequency of missed lectures—serve as highly 

sensitive, objective proxies for the psychological constructs 

of academic procrastination and behavioral withdrawal. Our 

findings strongly corroborate previous research indicating 

that high levels of academic burnout are inextricably linked 

to severe academic procrastination, often driven by 

maladaptive perfectionism and an inherent intolerance of 

uncertainty (Qiang et al., 2024; Souri et al., 2024). As 

students deplete their psychological capital and self-

regulatory resources, they inevitably exhibit avoidance 

behaviors, choosing to miss classes or delay tasks rather than 

confront the source of their anxiety (Tang, 2024; Xiaoling, 

2024). This self-handicapping behavior fundamentally 

compromises their learning agility and determination, 

creating a downward spiral of declining academic 

performance and deepening emotional exhaustion (Ibrahim 

et al., 2025). Furthermore, the lack of intrinsic learning 

motivation and diminished general self-efficacy 

significantly predict these patterns of withdrawal, as 

students who do not believe in their capacity to succeed are 

far more likely to disengage entirely from the educational 

environment (Nuryana & Wahyuni, 2025; Sari et al., 2024). 

By embedding these objective academic registry metrics into 

the predictive algorithm, our model successfully captures the 

overt, behavioral endpoints of these complex, internal 

psychological struggles, highlighting the utility of 

institutional data in identifying at-risk trajectories. 

The success of the multidimensional GBDT model also 

highlights the importance of protective factors that can 

mitigate the onset of burnout, which are inversely reflected 

in the physiological and academic baselines of the non-

burnout cohort. The literature emphasizes that high 

psychological resilience, robust social support networks, and 

strong school connectedness serve as powerful buffers 

against academic exhaustion (Bazaz & Farhadian, 2025; 

Wang et al., 2025; Zhao et al., 2024). Students who perceive 

a positive school climate and engage in mastery-oriented 

achievement goals are significantly less likely to experience 

the profound physiological dysregulation and academic 

disengagement observed in our burnout group (Xue et al., 

2025). Additionally, active participation in physical 

activities has been shown to effectively alleviate burnout 

symptoms by enhancing general self-efficacy and reducing 

feelings of isolation and loneliness, factors that would 

inherently improve the HRV and sleep metrics collected by 

our wearable devices (Chen et al., 2025; Gao et al., 2025). 

Similarly, secure familial relationships and supportive, non-

pressured parenting styles fundamentally alter a student’s 

baseline stress reactivity, preventing the initial accumulation 

of the allostatic load that our algorithm detected through 

continuous biometric monitoring (Park, 2025; Zhang et al., 

2024). Consequently, our algorithmic approach not only 

identifies the presence of burnout but indirectly maps the 

absence of these vital protective variables, offering a 

comprehensive reflection of the student’s broader socio-

educational ecosystem.  

5. Conclusion 

The compounding effects of stressful life events are also 

mediated by these internal and external resources, 

underscoring the necessity of capturing a wide array of data 

points to accurately model the student experience (Niu & 

Ma, 2024). The relationship between specific stressors, such 

as foreign language anxiety, and burnout is heavily 

moderated by personality traits like neuroticism and 

cognitive styles like rumination, further validating the need 

for sophisticated, non-linear machine learning models 

https://portal.issn.org/resource/ISSN/2981-2526
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capable of handling highly individualized, heterogeneous 

stress responses (Zuo et al., 2024). The ultimate decline in 

academic achievement and the rise in psychological distress 

are effectively synthesized by our model, providing a highly 

accurate, real-time reflection of a student’s diminishing 

functional capacity (Rafigh Iranian et al., 2024). The 

intersection of direct life stress and indirect psychological 

vulnerabilities creates a unique physiological and behavioral 

footprint for each student, one that our gradient boosting 

architecture proved exceptionally adept at deciphering 

(Zhang et al., 2025). 

6. Limitations & Suggestions 

Despite the promising predictive capabilities of the 

proposed algorithmic framework, several methodological 

limitations must be acknowledged. First, the observational 

nature of the study strictly precludes the establishment of 

definitive causal relationships between the physiological 

deviations, academic withdrawal behaviors, and the onset of 

burnout; the model identifies highly correlated signatures 

but cannot determine the precise directional etiology of the 

syndrome. Second, the sample was exclusively drawn from 

high-intensity undergraduate programs at large public 

universities in a specific geographical region, which 

inherently limits the generalizability of the trained algorithm 

to other educational contexts, such as community colleges, 

vocational schools, or younger adolescent populations. 

Third, while research-grade wearable sensors were utilized, 

the continuous collection of photoplethysmography and 

accelerometry data in uncontrolled, real-world environments 

is susceptible to motion artifacts and varying device 

compliance rates, which may introduce data sparsity and 

subtle biases despite rigorous imputation protocols. Finally, 

the algorithm heavily relies on institutional academic 

records, meaning that early stages of internalized emotional 

exhaustion that have not yet manifested in overt academic 

decline or delayed assignment submissions might be 

overlooked by the current feature set. 

Future research endeavors should prioritize longitudinal, 

multi-year study designs that track students from university 

matriculation through graduation to comprehensively map 

the temporal evolution of academic burnout and capture the 

exact inflection points of physiological and behavioral 

decline. Subsequent iterations of the predictive algorithm 

would benefit immensely from incorporating natural 

language processing techniques applied to textual data, such 

as student forum interactions or digital communication 

patterns, to capture the nuanced semantic markers of 

cynicism and emotional exhaustion before they impact 

academic grades. Furthermore, researchers should focus on 

expanding the demographic diversity of the training datasets, 

intentionally including neurodivergent students, diverse 

socioeconomic backgrounds, and varying academic 

disciplines to ensure the algorithmic models are equitable 

and universally applicable. It is also imperative for future 

studies to investigate the specific bidirectional effects of 

physical exercise interventions and structured sleep hygiene 

programs on altering the real-time sensor data and 

subsequently reducing the algorithmically predicted risk of 

burnout. 

In terms of practical application, higher education 

institutions should consider the ethical integration of 

algorithmic burnout identification systems into their existing 

student support infrastructures to facilitate proactive, data-

driven pastoral care. By developing secure, anonymized 

administrative dashboards that fuse continuous learning 

management system metrics with optional, opt-in wearable 

sensor streams, university counseling centers could deploy 

early warning systems that flag students exhibiting covert 

signs of autonomic distress and academic withdrawal long 

before a crisis occurs. This predictive capability allows for 

the implementation of targeted, highly individualized 

interventions, such as reaching out with automated academic 

deadline extensions, scheduling preemptive mental health 

check-ins, or offering specific time-management workshops 

based on the precise physiological or behavioral deficits 

identified by the model. Ultimately, shifting the institutional 

paradigm from reactive crisis management to proactive 

algorithmic monitoring can significantly enhance student 

well-being, improve long-term retention rates, and foster a 

far more sustainable and structurally supportive academic 

environment. 
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