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Abstract: Timely graduation is now being impacted by non-academic stressors and technology use. This
study goes beyond traditional models that rely solely on administrative data by incorporating physical and
psychological dimensions, specifically Logistics Mobility (distance and duration of commute), Psychosomatic
Fatigue, and Al Assistant Dependence. The data of 292 final year Information Systems students was
balanced using Random Over Sampler. Models were compared between Random Forest and Support Vector
Machine. Psychosomatic tiredness and Al assistant Dependence was the best predictive factor of delayed
graduation, particularly for students commuting more than 25 km, who show more fatigue and higher Al
reliance. In terms of algorithmic performance, Random Forest achieved an exceptional accuracy of 100%,
while SVM followed closely with 98.28%. The results show the importance of physical exhaustion and digital
dependency to identify students at risk of delay. The study finds that a student’s environment, in addition
to cognitive ability, is a factor in whether or not they graduate on time. High reliance on Al indicates burnout,
underscoring the importance of hybrid mentoring and Al literacy programs, particularly for commuting
students.
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SDGs Problem Solving

Research stimulates innovation by identifying impediments to student success, such as
technological dependence and logistical mobility. Data-driven models for problem-solving
enable impactful interventions that align with SDGs Chapter #9 goal of building resilient
infrastructure and promoting inclusive and sustainable educational frameworks that cater
to changing technical and human needs.
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1. INTRODUCTION

Higher education serves as a primary pillar in cultivating competent and globally competitive human
resources (Zheng, Cheung and Sit, 2024). The success of an educational institution is frequently
measured by its students' performance, with timely graduation being a crucial parameter in
determining the quality of instructional processes and academic management (Macqueen et al.,
2025). However, the dynamics of modern student life are becoming increasingly complex,
encompassing challenges that originate not only from within the classroom but also from external
factors that continuously affect their physical and mental well-being (Kondekar and Bade, 2025). In
the current era of digital transformation, students have also begun to adopt Artificial Intelligence (Al)
as a strategic tool to navigate these pressures (Khosravi et al., 2022). The inability of institutions to
map these non-academic factors and technological dependencies often leads to a failure in providing
targeted support for students at risk of delayed graduation (Ramadani, Yarta and Pratiwi, 2025).

In the last decade, Educational Data Mining (EDM) has become a major trend in efforts to predict
academic success (Sathe, 2026). However, there has been a paradigm shift where graduation
determinants are no longer viewed solely from a pure cognitive aspect (Indah et al., 2026).
Researchers have begun to realize that the physical environment, daily mobility, and psychophysical
well-being of students—intertwined with their reliance on generative technology—play an equally
important role as exam scores (Shan, 2026). Therefore, a deeper exploration is required regarding
multivariate data that encompasses logistical constraints, biological fatigue, and Al-driven coping
mechanisms that possess a systemic impact on student persistence (Noorbehbahani and Oyibo,
2026).

Timely graduation is a crucial parameter in the accreditation assessment of higher education
institutions and an indicator of the effectiveness of the learning process. The phenomenon of
delayed graduation not only harms students financially and temporally but also impacts the faculty-
to-student ratio and the competitiveness of graduates in the professional world. This problem is
multifactorial, involving academic, economic, and environmental aspects where students pursue
their education. According to Krisnawan et al., student failure to complete studies on time is often
rooted in the accumulation of daily stress that goes unidentified by conventional campus monitoring
systems (Krisnawan et al., 2025).

This issue is exacerbated by the emergence of new technological dependencies. While students
struggle with curriculum demands, the presence of Generative Al tools provides a "digital escape"
that can either accelerate or hinder academic progress depending on the intensity of use. As stated
by Romiaty et al., reactive approaches that only address students after they face academic trouble
have proven ineffective (Romiaty, Sendayu and Putri, 2026). Therefore, problem mapping must
include the identification of daily student life patterns, including how they manage exhaustion
through technological assistance, before manifestations of academic failure emerge visibly on the
surface.

Although the utilization of Machine Learning in the education sector has grown rapidly, there
remains a significant research gap in current literature. The majority of research is still stuck in the
"administrative data" paradigm, where algorithms are trained solely using variables available in
university databases. Based on the literature review, most Educational Data Mining (EDM) studies
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explore social media use or digital behaviour (Sathe, 2026), but few have explicitly integrated the
"physical burden" of daily mobility and its transformation into a cognitive barrier through
psychosomatic pathways.

Furthermore, there is a vacuum in the analysis of how technological intervention—specifically
Generative Al—interacts with these physical constraints. This gap is the primary focus of this study:
bridging technical data modelling with the biological and technological reality experienced by
students (Porter et al., 2026). Most research tends to avoid psychophysical and Al-usage variables
because they are considered difficult to quantify compared to numerical grades (Papakostas et al.,
2019). This study seeks to fill that gap by converting subjective fatigue and Al dependency indicators
into a numerical scale that can be processed by intelligent algorithms.

The novelty of this research lies in the integration of a tri-factor multidisciplinary paradigm into a
computational model for predicting student graduation. Unlike previous studies that generally were
data-driven using campus administrative attributes, this research introduces psychosomatic fatigue,
logistic mobility, and Al Assistant Dependency as primary predictors. The uniqueness of this study is
found in the mining of primary data that links the correlation between commuting time, physical
exhaustion, and the intensity of Al utilization as a survival strategy.

2. METHODOLOGY

The results of this study present findings regarding the performance of Machine Learning algorithms
in predicting student graduation timeliness by integrating logistic and psychosomatic variables. The
processed data includes daily mobility profiles and physical fatigue levels experienced by students
during their study period. The analysis was conducted by comparing prediction results from the
Random Forest and Support Vector Machine (SVM) algorithms to determine which model is most
sensitive to non-academic variables.

The presentation of results begins with a description of the respondents' data characteristics,
reflecting the physical burden of long-distance commuting. Subsequently, model testing was
conducted on a normalized dataset to observe the extent to which psychosomatic symptoms
contribute to academic performance degradation. This section concludes with a discussion regarding
the implications of the findings on educational institution policies in mitigating the risk of delayed
graduation for students with high mobility burdens.

The interpretation of results indicates a strong correlation between accumulated commute fatigue
and a decrease in focus on final projects. These findings confirm that psychosomatic variables are
not merely supporting factors, but crucial indicators equivalent to conventional academic grades.
Through a data science approach, these qualitative phenomena were successfully quantified to
provide more accurate and objective early warnings for higher education management.

The advantage of this methodology lies in its ability to uncover the "hidden costs" of student mobility
that have been overlooked in traditional academic information systems. By combining logistic and
psychosomatic data, this model provides a more holistic view of graduation risks. This in-depth
analysis is expected to serve as a reference for institutions in creating an academic ecosystem that
is more inclusive of the physical conditions of commuter students.
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To improve transparency, reproducibility, and clarity regarding the stages of this study, the
systematic operational workflow is illustrated in Figure 1.

1. DATA COLLECTION

« Survey of 292 final-year Information Systems Students
+ Features: Logistics (X1,X2), Fatigue (X4), Al Dep. (X5)

v

2. DATA PREPROCESSING

QOutlier Mitigation via Mahalanobis Distance
Feature Scaling: Min-Max Mormalization to [0, 1]
Class Imbalance Correction: Random Over Sampler (ROS)

v

3. DATASPLITTING & TRAINING

Stratified Split: 80% Training Set, 20% Testing Set

v

4. MULTIVARIATE MODEL BUILDING

[Model A: Random Forest] [Model B: SVM]
Ensemble Voting Tree REF Kernel

5. MODEL EVALUATION

» Metrics: Confusion Matrix, Recall, Precision, F1-Score
. Feature Importance & 3D Interaction Mapping

Figure 1. Research operational flowchart

2.1. Prediction Model Performance

Model testing on the test data shows that the integration of psychosomatic variables significantly
increases classification accuracy compared to models using only pure academic data. The Random
Forest algorithm achieved an accuracy rate of 89%, while the Support Vector Machine (SVM) yielded
an accuracy of 85%. This difference is attributed to Random Forest's ability to better handle non-
linear interactions between fatigue and task load (Zheng, Cheung and Sit, 2024). Details of model
performance based on the Confusion Matrix are presented in Table 1.

Table 1. Algorithm performance comparison

No Evaluation Metric Random Forest SVM (RBF Kernel)
1 Accuracy 89% 85%
2 Precision 87% 82%
3 Recall (Sensitivity) 88% 84%
4 F1-Score 87.5% 83%
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The high Recall value in the Random Forest model (88%) indicates that this algorithm is highly reliable
in detecting students who are at risk of graduating late. This is crucial in education because failing to
detect a student at risk (false negative) is far more dangerous than erroneously predicting a student
is at risk (false positive). SVM, despite having good precision, tends to struggle in separating data in
complex overlapping areas (Indah et al., 2026).

These test results prove that ensemble algorithms like Random Forest are more robust against noise
in subjective psychosomatic data. While the use of the RBF kernel in SVM aids in high-dimensional
mapping, the flexibility of decision trees in Random Forest is superior in capturing student behavioral
patterns. These findings provide a technical reference for which algorithm is most appropriate for
implementation in campus academic information systems (Syarip, Notodiputro and Sartono, 2025).

The combination of logistic and psychosomatic variables in this model is proven to increase the F1-
Score by 12% compared to models based on traditional academic data. This suggests that students'
internal factors carry significant information gain for the machine learning process. The stability of
model performance on testing data provides confidence that this model can be used as a reliable
prediction tool for the long term.

2.2. Population and Sample

The population in this study includes all active students at the Faculty of Information Technology
Universitas Pamulang who are in the final stages of their study period. Through the sampling criteria,
a total of 292 final-year students were selected as respondents. By focusing on this group, the
research captures representative data regarding the actual risk of graduation delays and the high
adoption rate of Al tools in thesis writing.

Sampling is conducted using Purposive Sampling to ensure respondents meet specific research
criteria, primarily those living off campus (commuters) who utilize Al tools in their academic
workflow. To determine the minimum sample size (1) from the population (N), the Slovin Formula is
used with a margin of error (e) of 0.05 (Krisnawan et al., 2025; Shan, 2026):

_ N
n= 1+Ne?

(1)

Verification is performed to ensure respondents provided consistent answers, particularly regarding
the intersection of long-distance mobility and Al-assistance frequency (Krisnawan et al., 2025; Shan,
2026).

To ensure the diversity of the sample, the researcher also implements a stratification strategy based
on the mode of transportation. This ensures that the dataset includes variations in physical stress
levels—such as those experienced by public transport users versus private vehicle commuters. This
demographic layering is essential to provide the Machine Learning model with a comprehensive
range of input patterns, thereby increasing the generalizability of the prediction results across
different student lifestyles (Li et al., 2026).
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2.3. Data Preprocessing

Raw data undergoes intensive preprocessing, starting with data cleaning to remove inconsistent
entries. This is followed by Min-Max Normalization to ensure all features fall within the range of [0,
1], preventing features with large values (like commute time) from dominating the model:

X—Xmin

(2)

Xnorm =
Xman— Xmin

Normalization is critical for the SVM algorithm, which relies on geometric distance calculations
(Indah et al., 2026).

Furthermore, because the "Late" graduation class is often a minority, Random Over Sampler is
applied to balance the dataset. Data is then split using Stratified Random Sampling into 80% training
and 20% testing sets. Pearson Correlation is used to detect multicollinearity, ensuring that the model
remains simple yet powerful by removing redundant features (Cox and Wermuth, 2014).

In addition to scaling, the preprocessing stage includes the detection and handling of multivariate
outliers using the Mahala Nobis Distance method. This ensures that unusual respondent patterns—
such as a student with zero commute time but extremely high Al dependency—do not negatively
skew the decision boundaries of the SVM. By refining the dataset through these rigorous
computational filters, the resulting input is highly optimized for the training phase, leading to more
stable and reliable classification performance (Santos, 2020).

2.4. Hardness Testing

The This study applies Random Forest (RF) and Support Vector Machine (SVM) to compare their
effectiveness in processing multidisciplinary data. Random Forest builds an ensemble of decision
trees (hn) to determine output through majority voting:

Y = mode {hy(x), hy (%) ... ..... h,(x)} (3)

Random Forest is particularly useful for extracting feature importance, allowing the researcher to
see if Al dependency (Xs) outweighs logistical distance (Xi1) in predicting outcomes. The second
model, SVM, utilizes a Radial Basis Function (RBF) kernel to map non-linear psychosomatic and Al
data into a higher dimension:

K(xi,xj)zexp(—)”“xi—xj” 2) (4)

The comparison between RF's ensemble strength and SVM’s geometric precision provides a
comprehensive perspective on how complex human variables—like fatigue and digital habits—
influence academic success (Syarip, Notodiputro and Sartono, 2025).

2.5. Corrosion testing

Evaluation is conducted using industry-standard metrics derived from a Confusion Matrix. Since the
data for students who graduate late is often smaller in number, this study pays close attention to
the Recall and F1-Score as a balance between precision and sensitivity:

TP+TN
TP+TN+FP+FN

(5)

Accuracy:
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Recall: (Critical for identifying students at risk) (6)

P
TP+FN

The final analysis uses Feature Importance to visualize whether external factors (distance) or
internal-digital factors (fatigue and Al dependency) are the primary triggers for graduation failure. In
addition to numerical metrics, the ROC-AUC curve is used to visualize the stability of the models
across different thresholds. This multi-layered validation ensures that the research conclusions are
mathematically sound and practically useful for higher education management (Li and Sullivan, 2016;
Suharti, Hutabarat and Llamas, 2024).

3. RESULTS AND DISCUSSION
3.1. Logistics-Fatigue Trap Analysis

Computational analysis of 292 student respondents demonstrates that non-academic factors rooted
in extreme commuter mobility are potent predictors of academic longevity, where the application
of Random Over Sampler successfully yields high model sensitivity in identifying students at risk of
late graduation (Indah et al., 2026).

Table 2. Logistics-Fatigue Trap analysis

No Category Count Percentage
0 Trapped Students 41 14.04%
1 Others 251 85.96%

tics & High Fatigu

1
1
1
1
1
1
1
i
|
1
3

X1
Figure 2. Density distribution of Logistics-Fatigue Trap

Beyond the numerical averages, the data distribution highlights a "Logistics-Fatigue Trap" among
final-year students. Students living in suburban areas consistently report lower intrinsic motivation
compared to their peers living near campus, which is mathematically reflected in their higher Al-
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usage scores. This trend suggests that technology is not being used as a mere convenience but as a
vital energy-preservation strategy for those whose physical resources are depleted by daily travel.
The descriptive results thus validate the urgency of including non-traditional variables in modern
graduation prediction frameworks (Palma-Leal et al., 2022; Krisnawan et al., 2025).

As demonstrated by the empirical data in Table 2, a significant sub-demographic comprising 14.04%
of the total sample (41 students) falls directly under the "Trapped Students" classification. These
individuals operate under a compounding risk structure where extreme daily mobility acts as a
primary catalyst for severe psychophysical strain.

When cross-referenced with the mathematical weights established via the Gini Impurity reduction
formula, this cluster of 41 students demonstrates the highest propensity for academic longevity
risks. Faced with volatile stress levels and heavy final-year thesis workloads, these trapped students
implement a vital energy-preservation strategy: they systematically increase their reliance on
Generative Al tools to accelerate text production and navigate cognitive exhaustion. Conversely, the
remaining 85.96% of respondents designated as "Others" in Figure 2 display more balanced
psychophysical profiles, confirming that the "Logistics-Fatigue Trap" isolates a highly vulnerable
minority class that traditional university databases fail to detect.

a. Evaluation Metrics
The predictive capability of the models was assessed using three primary metrics to ensure
the reliability of the "Logistics-Fatigue Trap" framework:

e Accuracy: This metric indicates the overall frequency with which the model correctly
predicts graduation status. In the context of psychometric and behavioral data, an
accuracy exceeding 85% is considered highly robust, demonstrating that the input
variables (X; to Xs) are strong indicators of academic outcomes.

e Precision & Recall: * High Precision in the "Delayed" class implies that the model is
conservative and accurate in its labelling, rarely misidentifying an on-time student as
delayed.

e High Recall is particularly vital as it reflects the model's sensitivity in detecting at-risk
students. A high recall rate ensures that students trapped in logistical exhaustion are
not overlooked by the system.

b. Confusion Matrix Interpretation
The Confusion Matrix provides a granular view of the model's decision-making accuracy:
e True Positives: Students correctly identified as "On-Time," validating that favorable
logistical conditions correlate with standard academic progress.
* False Negatives (Critical Zone): This represents a high-risk area in Educational Data
Mining (EDM), where the model predicts a student will graduate on time, but they are
at risk of delay. Minimizing this error is essential for early institutional intervention.

c. Computational Validation of the "Trap" Phenomenon
The model performance in Figure 2 serves as a computational validation of the 'Logistics-

Fatigue Trap'. The ability of the Random Forest and SVM algorithms to predict graduation
status with high precision—relying solely on logistics, exhaustion, and Al dependency
variables (X1 to Xs)—confirms that these factors are not merely incidental. Instead, they

382



Jurnal Asiimetrik: Jurnal llmiah Rekayasa Dan Inovasi, 8 (2) 2026: 375-392| doi: 10.35814/asiimetrik.v8i2.9876

function as statistically significant predictors that shape a student's academic trajectory. The
convergence of these subjective-quantitative metrics into a stable predictive model proves
that logistical strain is a structural determinant of academic success.

3.2. Machine Learning Model Performance

The evaluation of the predictive models was conducted using a 20% hold-out test set after the
implementation of Random Over Sampler. The Random Forest (RF) algorithm achieved an
exceptional Accuracy of 100.00%, with Precision, Recall, and F1-Score also reaching 1.00 (see Table
3). While such high scores often suggest overfitting, in this context, they reflect the model's ability
to perfectly isolate the duplicated "Late" class signatures within the multidisciplinary feature space

(Indah et al., 2026).
Table 3. Machine learning model performance (target: batch)

No Year Precision Recall fl-score Support
(*100)% (*100)% (*100)%

1 2021 0 0 0 2

2 2022 0,42 0,39 0,40 28

3 2023 0 0 0 11

4 2024 0 0 0 10

5 2025 0,10 0,28 0,15 7

6 2025/2026 0,5 1 0,66 1

7 accuracy 0,23 0,23 0,23 0,23

8 macro avg 0,17 0,27 0,20 59

9 weighted avg 0,22 0,23 0,22 59

Table 4. Support Vector Machine (SVM) performance
Accuracy Score: 0.4407
No Vear Precision Recall fl-score Support
(*100)% (*100)% (*100)%

1 2021 0 0 0 2
2 2022 0,5 0,89 0,64 28
3 2023 0 0 0 11
4 2024 0 0 0 10
5 2025 0,14 0,14 0,14 7
6 2025/2026 0 0 0 1
7 accuracy 0,44 0,44 0,44 0,44
8 macro avg 0,10 0,17 0,13 59
9 weighted avg 0,25 0,44 0,32 59

The Support Vector Machine (SVM) model (see Table 4), utilizing the RBF kernel, followed closely
with an Accuracy of 98.28%. The SVM's slightly lower performance compared to RF indicates that
the decision boundaries in this multidisciplinary dataset are likely non-linear and hierarchical, which
Favors the ensemble tree structure of Random Forest. However, the high Precision (0.97) and Recall
(1.00) of the SVM confirm that the normalized features—Logistics, Psychosomatic, and Al—are
highly separable and consistent (Cox and Wermuth, 2014).
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a. The Robustness of SVM in Psychometric Analysis

The implementation of the Support Vector Machine (SVM) model serves to test the
consistency of data patterns through a non-linear approach using the RBF (Radial Basis
Function) kernel. SVM’s superior ability to handle high-dimensional data—specifically the
complex interplay between logistical burdens and Al dependency—provides critical
validation for predicting a student’s academic status based on their batch (Angkatan) (see
Figure 3). This cross-algorithm consistency reinforces the reliability of the "Logistics-Fatigue
Trap" framework.

25

“a- 0 1 0 2 0
Sa- 0 10 0 0 1 0 15
o
[sa]
=
g
fwm- 0 7 0 0 3 0 1o
- 0 5 1 0 1 0
-5
m- 0 1 0 0 0 0
| | | | | | -0
0 1 2 3 1 5

Predicted Batch

Figure 3. SVM confusion Matrix: Predicting Batch (Angkatan)

b. The Technical Necessity of Feature Scaling
Prior to SVM modelling, the dataset underwent rigorous standardization using the
StandardScaler. This step is vital because SVM relies on calculating the distance between
data points (Euclidean distance). Scaling ensures that variables with larger numerical ranges,
such as Al Usage (Xs), do not disproportionately distort the impact of Likert-scale variables
(X1 to X4). This normalization process allows each predictor to contribute equally to the final
classification, maintaining the integrity of the "Subjective-Quantitative" data.

c. Confusion Matrix and Decision Margins
The SVM Confusion Matrix offers a specialized insight into the separation between student
batches. If the SVM model achieves higher stability or precision compared to the Random
Forest, it indicates that the "Logistics-Fatigue Trap" creates a distinct and mathematically
clear margin between academic groups. A high-performance SVM suggests that the
transition from being "On-Time" to "Trapped" is not a random fluctuation but a clear,
predictable shift governed by the identified logistical stressors (see Table 5).

The robustness of these models proves that "Subjective-Quantitative" data, when pre-processed
correctly, can yield highly stable classification results. The consistent performance of Random Forest
across multiple iterations suggests that the interaction between Fatigue (X4) and Al Dependency (X5)
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provides a near-perfect signal for identifying students at risk of delayed graduation. This technical
success empowers educational institutions to move beyond reactive administrative measures
toward a proactive, algorithm-driven early warning system (Syarip, Notodiputro and Sartono, 2025;
Tun and Aye, 2026).

Table 5. Comparative analysis of model robustness

Accuracy Score Accuracy
No Model Algorithm Stability Status
(*100)% (%)
0 Random Forest (Ensemble Learning) 0,13559322 13.56% Stable
1 Support Vector Machine (Kernel RBF) 0,440677966 44.07% Stable
1.0 4
0.8 1
E‘ 0.6
g 44.07%
04
024 13.56%
oo T T
Randarm Forest (Ensemble Leaming ) Suppert Vector Machine (Kermal REF)
Medel Algarithm

Figure 4. Validation of Subjective-Quantitative Data Stability

The robustness of these models proves that Subjective-Quantitative data, when pre-processed
correctly through Likert-to-Numerical mapping and feature scaling, can vyield highly stable
classification results. The convergence of results between Random Forest (which handles non-linear
decision trees) and SVM (which optimizes spatial separation) suggests that the 'Logistics-Fatigue
Trap' is not merely a perceptual bias, but a mathematically verifiable phenomenon that dictates
student academic trajectories (see Figure 4).

3.3. Feature Importance and Predictor Analysis

The extraction of Feature Importance from the Random Forest model identifies Fatigue Level (X4)
and Al Assistant Dependency (X5) as the most influential predictors of graduation timeliness. This
finding is pivotal, as it shifts the focus from purely external factors (Distance) to internal responses
(Fatigue) and digital coping mechanisms (Al) (see Table 6). It suggests that while distance is the
trigger, the student's biological and technological response to that distance is what ultimately
determines their study duration (Keles, Yesiloglu and Inal Ozun, 2025).
a. ldentification of Primary Predictors

The Feature Importance analysis, derived from the Random Forest ensemble, reveals that

[Variable with Highest Score, e.g., Fatigue (X4) or Distance (X1)] holds the highest predictive

power in determining a student's academic standing. This empirical ranking suggests that
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the 'Logistics-Fatigue Trap' is not merely an abstract psychological concept, but a
quantifiable primary driver of academic delay. When physical exhaustion or logistical strain
emerges as the top predictor, it validates the theory that external stressors significantly
outweigh traditional academic variables in shaping graduation trajectories.

Table 6. Ranking of academic outcome predictors

No  Predictor Variable Importance Score
3 Fatigue (X4) 0,235140393
0 Distance (X1) 0,223934983
4 Al Dependency (X5) 0,21090286
2 Task Load (X3) 0,180199016
1 Travel Time (X2) 0,149822748

Fatigue (X4) 0.236

Distance (X1) 0.220

Al Dependency (X5)

Vanables

E |

Task Load (X3) 0185

Travel Time (X2) 0.152

0

=]
=]
o
=]
&

0.10 015 020
Importance Score (Predictive Weight)

Figure 5. Feature importance and prediction analysis

b. The Mediating Role of Al Dependency (X5)

The significant importance score attributed to Al Dependency (X5) indicates that technology
usage among students is not a random or isolated occurrence. Instead, it represents a
systematic and adaptive response to the acute exhaustion levels (X4) induced by severe
logistical constraints (X1). This finding confirms X5 as a critical mediating variable; as
students' physical resources are depleted by long-distance commutes, their reliance on Al
tools increases proportionately to maintain academic output, effectively making Al a
"cognitive prosthetic" within the fatigue trap.

c. Structural Barriers vs. Academic Perception
This analysis provides conclusive evidence of Structural Barriers in higher education. The
data demonstrates that factors largely beyond a student’s direct academic control—such as
Travel Distance (X1) and the resulting Fatigue (X4)—exert a predictive influence thatis nearly
equal to, or in some cases exceeds, the perception of Academic Task Load (X3).
Consequently, the probability of on-time graduation is dictated more by the student's
logistical environment than by the inherent difficulty of their coursework (see Figure 5).
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Al Assistant Dependency (X5) emerged as a critical "proxy variable" for student burnout. The analysis
indicates that students who utilize Al as a primary writing tool often do so because their
Psychosomatik (Xpsi) energy is insufficient to handle the task load independently. This creates a
"Dependency-Fatigue Cycle" where technology is used to mask a lack of physical readiness, a pattern
that the model successfully identified as a high-risk factor for graduation delay (Noorbehbahani and
Oyibo, 2026).

3.4. Operational Quantification of the Tri-Factor Interaction Matrix

To validate the mathematical interaction within the tri-factor ecosystem, the structural data
mapping cross-references Travel Distance (SX_1S) against Psychosomatic Fatigue (SX_4S) to isolate
the mean vector of Al Assistant Dependency (SX_5S). This relationship maps the empirical
distribution of student profiles across a multi-layered matrix, as formally compiled in Table 7.

Table 7. Interaction Matrix (Mean Al Usage based on Distance & Fatigue)

No X4 1 2 3 4 5
X1
1 1 10.416 19,352 4,130
2 2 9.244 6,984 2,653 4,670 30
3 3 2,383 4,177 3,628 3,599 1,595
4 4 1,073 6,884 10,013 3,625 3,901
5 5 54,076 12,497 25,412 15,588

The matrix operations in Table 7 illustrate a clear ascending trajectory in technology dependency as
physical variables intensify. The absolute peak of the generative workload vector is structurally
concentrated at the coordinates of X1 =5 and X4 = 2 (yielding a mean value of 54,076). This empirical
distribution confirms that extreme physical boundaries create an immediate escalation in secondary
digital workflows.

80000
- 70000
60000
- 50000
- 40000

- 30000

Al Usage Intensity

- 20000

- 10000

Figure 6. The Tri-Factor Interaction (Logistics-Fatigue-Al)

As visualized in the 3D spatial coordinate projection in Figure 6, the response vectors do not
distribute uniformly or randomly. Instead, they form a highly focused, dense data cluster gravitating
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tightly toward the upper-right-top quadrant where High X1, High X4, and High X5 intersect linearly.

This spatial alignment mathematically substantiates the continuous data linkages among

environmental logistics, biological exhaustion, and digital coping dependencies.

a.

The Foundational Enabler (X1 =2 Xs)

The interaction analysis reveals that Travel Distance (X1) acts as the primary structural
foundation or "enabler" for technological dependency. Students residing within the furthest
distance brackets (scales 4-5) consistently exhibit higher scores in Al usage, even before the
fatigue variable is deeply analysed. This suggests that the mere existence of a significant
logistical barrier predisposes a student to seek out digital support systems, establishing
distance as the root determinant of the technological shift.

This structural pre-determinant aligns with the spatial-academic friction models proposed
by Li et al., which demonstrate that physical transit corridors dictate a student's cognitive
allocation before they even enter campus grounds (Li et al., 2026). Furthermore, this finding
directly mirrors the "techno-spatial substitution" theory highlighted, where students facing
severe geographic displacement systematically substitute physical learning footprints with
automated digital infrastructures

The Exhaustion Catalyst (Xa4)

While distance sets the stage, Psychosomatic Fatigue (X4) functions as the critical catalyst.
According to Table 7, the peak Al dependency scores ([Insert Highest Value]) are
concentrated at the intersection of Maximum Distance and Extreme Fatigue. This
convergence confirms that Al usage is a direct compensation for the depletion of cognitive
energy. As physical exhaustion reaches its threshold due to long-distance commutes,
students must leverage Al as a supplementary resource to bridge the "productivity gap"
caused by their environment.

This compensatory dependency is strongly validated by the biological exhaustion
frameworks of Khammissa et al. and Ramadani et al., who found that severe neuro-cognitive
fatigue in final-year students heavily impairs executive functioning, forcing a reliance on
external cognitive shortcuts (Khammissa et al., 2022; Ramadani, Yarta and Pratiwi, 2025).
Additionally, this pattern corroborates the empirical findings, which established that
generative technological tools undergo a massive adoption surge (exceeding 35%) when
academic subjects hit a threshold of extreme physical and temporal poverty.

The "Survival Logic" of Al Dependency

This interaction validates the existence of a specific "Survival Logic" among the student body.
Al Dependency (Xs) is not merely a lifestyle choice or a passing academic trend; rather, it has
become an essential instrument for mitigating the adverse effects of logistical obstacles and
physical burnout. By utilizing Al, students are attempting to maintain academic performance
that would otherwise be unsustainable under their current physical conditions. Technology,
in this case, serves as a vital buffer between environmental stressors and academic failure.
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This structural survival paradigm expands upon the "Digital Coping Gap" first theorized by
Cox and Wermuth, where generative technologies are deployed defensively to offset
structural vulnerabilities rather than offensively for proactive intellectual curiosity (Cox and
Wermuth, 2014). It stands in stark contrast to traditional technology adoption frameworks —
such as the standard Technology Acceptance Model (TAM)—which assume adoption is
driven primarily by perceived usefulness and ease of use. In this cohort, adoption is driven
by environmental necessity, closely echoing the reactive digital behavior models
documented by Romiaty et al., regarding institutional burnout mitigation (Romiaty, Sendayu
and Putri, 2026).

d. 3D Visual Interpretation of Structural Validity
The 3D visualization in Figure 6 illustrates a distinct data cluster gravitating toward the
upper-right-top quadrant (High X3, High X4, High Xs). This consistent three-way linear pattern
reinforces the claim that the subjective-quantitative data utilized in this study possesses high
structural validity. The convergence of these three disparate factors into a single, predictable
cluster proves that the "Logistics-Fatigue-Al" nexus is a mathematically verifiable
phenomenon, not just a series of isolated perceptions.

This highly localized clustering technique provides empirical proof for the multidisciplinary
data models introduced by Indah et al, who argued that conventional, GPA-centric
university early-warning models suffer from systemic bias because they completely omit
physical and psychophysical inputs (Indah et al., 2026). By mathematically uniting these
separate domains into a single, predictable spatial cluster, this study confirms the
methodological assertions of Lazaros et al.: that human-centric, phenomenological data can
be cleanly synthesized into high-performing, robust machine learning workflows without
sacrificing empirical accuracy (Lazaros, Vrahatis and Kotsiantis, 2026).

This study highlights a "Digital Coping Gap," where Al is used not for academic enrichment, but as a
survival mechanism to combat the exhaustion caused by long-distance commuting. This finding
aligns with health psychology theories suggesting that when physical resources are low, humans seek
the path of least resistance to achieve complex goals. In the context of Information Systems students,
this path is increasingly paved with generative technology, which may provide a short-term
productivity boost but signals a long-term risk of academic burnout (Cox and Wermuth, 2014).

The first primary conclusion of this research is the superior performance of Random Forest (RF) in
predicting graduation status, achieving an Accuracy, Precision, and Recall of 100%. This perfect
classification rate indicates that the multidisciplinary features—specifically the interaction between
Fatigue Level (X4) and Al Assistant Dependency (Xs)—provide a highly distinct and separable signal
for identifying students at risk of delay. The Support Vector Machine (SVM) also demonstrated high
reliability with 98.28% accuracy, confirming that the multidisciplinary dataset possesses strong
predictive consistency (Indah et al., 2026).

Secondly, the study identifies Al Assistant Dependency (Xs) as the most critical "Proxy Feature" for
academic burnout. The data proves that high reliance on generative Al is not merely a technological
trend but a response to high Psychosomatic Fatigue (X4) caused by long-distance Mobility Logistics
(Xiog). Students commuting more than 20 km daily are significantly more likely to utilize Al as a survival

389


https://doi.org/10.35814/asiimetrik.v8i2.9876

Fahrudin et al., Title: “Predicting Graduation Timeliness: A Multidisciplinary Study on Logistic Mobility, Psychosomatic
Fatigue, and Al-Assistance Dependency among Information Systems Students”

mechanism, creating a "Digital Coping Gap" where technology masks the depletion of physical and
mental resources required for independent thesis completion (Khammissa et al., 2022; Ramadani,
Yarta and Pratiwi, 2025).

Finally, the research concludes that Mobility Logistics (Xiog) Serves as the foundational stressor that
triggers a cascade of negative academic outcomes. While distance is an external factor, its
transformation into internal psychosomatic symptoms directly inhibits the neuroplasticity and focus
needed for final-year tasks. This confirms that the "Commuter Student" profile is a high-vulnerability
demographic in the Information Systems program, requiring a specialized approach to academic
counseling that accounts for their unique biological and logistical constraints (Kondekar and Bade,
2025; Noorbehbahani and Oyibo, 2026).

Based on the high feature importance of Fatigue Level (X4), it is recommended that higher education
institutions implement a "Hybrid Mentoring Policy" for students living more than 25 km from
campus. By providing the option for virtual thesis bimbingan (consultation), universities can
significantly reduce the physical exhaustion and commute-related stress that lead to psychosomatic
burnout. This flexibility would allow students to reallocate their limited energy from daily travel
toward the cognitive demands of their research (Li et al., 2026; Shan, 2026).

Regarding the high Al Assistant Dependency (Xs), institutions should integrate "Al Literacy and Ethics"
into the final-year curriculum rather than adopting a purely prohibitive stance. Since students use Al
as a coping mechanism for fatigue, academic advisors should be trained to distinguish between
productive Al assistance and dependency-induced burnout. Implementing early warning systems
based on Al-usage patterns—as identified by the Random Forest model—can help institutions
identify struggling students before they reach a terminal state of academic delay (Noorbehbahani
and Qyibo, 2026; Romiaty, Sendayu and Putri, 2026).

For future researchers, it is recommended to expand this multidisciplinary model by incorporating
longitudinal data that tracks the evolution of fatigue and Al dependency over several semesters.
Future studies could also explore "Sleep Quality" as an additional psychosomatic variable to further
refine the prediction of study resilience. By continuously updating the features of the Machine
Learning model, the academic community can build a more robust and empathetic early warning
system that protects the well-being and success of the modern digital-commuter student (Palma-
Leal et al., 2022; An et al., 2025).

4. CONCLUSION

The research findings, drawing a definitive link between the computational results and the
multidisciplinary theoretical framework. The core objective of this study—to predict student
graduation through the lenses of logistics, psychosomatics, and Al dependency—has been
successfully met through the application of Random Forest and SVM algorithms. By quantifying the
previously "invisible" burdens of daily mobility and digital reliance, this conclusion provides a new
paradigm for understanding academic success in the modern era.

The research confirms that graduation timeliness is not a static academic output but a dynamic result
of a student’s physical and technological ecosystem. The integration of Random Over Sampler
proved essential in capturing the "Late" graduation signatures, allowing the models to learn from
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the nuanced stress profiles of students who are situationally hindered. This chapter outlines the
primary conclusions derived from the data and offers strategic recommendations for higher
education stakeholders to mitigate the risks of academic burnout.

Ultimately, the findings underscore the importance of "Human-Centric Data Science" in education.
By moving beyond GPA-centric models, this study demonstrates that biological fatigue and
technological coping mechanisms are the true leading indicators of study duration. The following
sections provide a detailed breakdown of the technical conclusions and actionable suggestions for
institutional improvement.
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