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ABSTRACT targeted interventions rather than reactive responses after disen-
gagement becomes irreversible [1][3]. In this study, a cram school
refers to a private supplementary education institution that provides
after-school academic instruction, primarily aimed at supporting
students’ preparation for high school entrance examinations.

Student dropout is a major challenge in large-scale supplementary
education, where early identification of at-risk learners is essential.
Although prior educational data mining studies have explored drop-
out prediction using learning logs, long-term test-based data

common in offline settings rem.ain.underexplored. This .industry pa- Educational Data Mining (EDM) and Learning Analytics (LA) re-
per reports a real-world application of dropout prediction using search has produced a broad body of work on dropout prediction
longitudinal standardized test data from over 3,000 junior high using machine learning, often leveraging digital trace data such as
school students in a large Japanese cram school. We engineered in- LMS activity logs, clickstream behavior, and online engagement
terpretable features capturing achievement dynamics, including metrics (e.g., [1][8]).

recovery efficiency after score declines and trend consistency. Ran-

dom Forest models trained on a previous cohort were validated on In many offline or hybrid educational settings, however, these fine-
an independent cohort. The best-performing model achieved ap- grained behavioral logs are limited or unavailable. Instead, institu-
proximately 89% accuracy and a dropout Fl-score of 0.80, tions frequently maintain longitudinal assessment records—
enabling prediction before the final academic year. Feature im- standardized tests or periodic mock exams—collected consistently
portance analysis showed that recovery from performance declines over multiple years. While dropout prediction has also been studied
was a stronger indicator of dropout risk than absolute achievement. with administrative and academic records (e.g., transcripts, credits,
These results demonstrate that longitudinal test data can support grades), evidence remains comparatively thinner regarding how to
accurate and interpretable dropout prediction at scale, offering transform repeated test performance trajectories into actionable
practical value for early intervention. early warning signals in real-world, offline-dominant contexts[8].
Keywords While various ensemble learning techniques, such as Random For-

ests [2] and Gradient Boosting Decision Trees like XGBoost [4]
and GBM [6], have demonstrated high predictive accuracy in these
domains, their application to oftline longitudinal records requires
1. INTRODUCTION garefql adaptation. Speciﬁc.ally, beyon'd' achieving h.igh accuracy, it

is critical to ensure model interpretability—a growing focus in re-
cent EDM research [7]—so that predictions can directly inform
pedagogical interventions. In this study, we employ a Random For-
est approach [2] not only for its robust performance but also to
validate the effectiveness of our interpretable feature engineering

Dropout prediction, Early warning, Longitudinal assessment, Cram
school

Student dropout is a persistent challenge in large-scale supplemen-
tary education, where learners and families invest substantial time
and financial resources over multiple years. For providers, dropout
not only disrupts learning continuity but also limits the effective-
ness of long -term curricular planning and student support.
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roshi Kamio, and Toshihide Tsutsui. Early Prediction of Student viders (e.g., cram schools), where periodic test-based evaluation is
Dropout in a Large-Scale Cram School Using Longitudinal Test Per- central to instructional decision-making. Prior EDM work has
formance Data. In Anthony Botelho, Maria Mercedes T. Rodrigo, h th tential of predicti deling in J hool
Adish Singla, Hiroaki Ogata, Hyojeong So, and Young Hoan Cho shown the potential oI pre .1C 1ve modeling in ?’panese cram schoo
(eds.) Proceedings of the 19th International Conference on Educa- contexts—for example, using teacher observation reports and exam
tional Data Mining, Seoul, Republic of Korea, June, 2026, pp. 917— scores for performance prediction[5]. Building on this line of in-
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In this industry paper, we investigate how longitudinal standardized
test data can be utilized to support early identification of students
at risk of dropout in large-scale supplementary education. We focus
on a real-world setting in which repeated test-based assessments are
routinely collected but fine-grained digital learning logs are limited
or unavailable. To address this context, we design a feature engi-
neering framework that captures students’ achievement dynamics
over time, including responses to performance declines, stability of
learning trajectories, and distributional patterns of subject perfor-
mance. We then examine how such interpretable temporal
indicators can be integrated into machine learning models for prac-
tical early-warning applications. Through cohort-based model
development and independent cohort validation, this study aims to
evaluate the feasibility, generalizability, and operational relevance
of dropout prediction using offline longitudinal assessment records.
Ultimately, we seek to clarify whether existing assessment infra-
structures in supplementary education can be adapted into data-
driven early-warning systems that support timely and targeted stu-
dent interventions.

2. METHODS

2.1 Context, Data, and Outcome Definition
This study was conducted in collaboration with a large-scale Japa-
nese cram school that prepares students for high school entrance
examinations. We analyzed longitudinal standardized test records
collected routinely as part of instructional practice.

To ensure consistent longitudinal trajectories, we restricted the co-
hort to students who participated in the first Grade 7 diagnostic test
(N =3,316). Students subsequently took up to 15 standardized di-
agnostic and mock examinations from Grade 7 to Grade 9.
Participation decreased over time, with 2,200 students remaining at
the final Grade 9 test, corresponding to a 33.6% reduction from the
initial cohort. An overview of the dataset, observation period, and
evaluation design is summarized in Table 1.

Table 1. Overview of the Dataset

Item Description
Educa- Large-scale Japanese cram school preparing
tional students for high school entrance examinations
setting
Initial co- 3,316 students who participated in the first
hort Grade 7 diagnostic test
Observa- Grade 7 (Year 1) to Grade 9 (Year 3)
tion period
Number of Up to 15 standardized diagnostic and mock
test occa- examinations
sions
Subjects Native language, Mathematics, English, over-
analyzed all average
Label defi- Graduates: students with a graduation flag;
nition Dropouts: test participants without the flag
Final test 2,200 students at the final Grade 9 test (33.6%
participants decrease from initial cohort)
Minimum 3 test participations (for feature computation)
tests re-
quired
Evaluation | ~3,100 students (varies by model due to mini-
sample size mum test requirement)
Validation | Train on 2024 cohort, validate on independent
design 2025 cohort

Students were labeled as graduates if they were flagged as having
completed enrollment through the final examination. Test
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participants without this flag were labeled as dropouts. In addition,
for each test occasion, we recorded whether that test became the
student’s final attempt, enabling analysis of withdrawal timing. We
utilized anonymized data provided by the cram school. The use of
this data underwent internal review and approval by the partnering
cram school and the institution and was handled in strict compli-
ance with relevant privacy guidelines.

2.2 Assessment Timeline and Subjects

The assessment sequence consisted of four Grade 7 diagnostic tests,
transitional mock examinations at grade boundaries (e.g., “new
Grade 8” and “new Grade 97), and multiple Grade 8-9 high school
entrance mock tests. Each test included subject-level scores and
standardized deviation scores for Native language, Mathematics,
and English, as well as overall averages.

This repeated assessment structure enabled us to model not only
performance levels but also longitudinal achievement dynamics
across critical transitional periods in lower secondary education.

2.3 Feature Engineering

Rather than relying solely on raw test scores, we engineered inter-
pretable features designed to capture students’ longitudinal
achievement dynamics. Feature design was conducted in close con-
sultation with practitioners to ensure pedagogical relevance and
operational usability in real educational settings.

In total, 98 features were engineered from subject-wise scores and
standardized deviation scores across test occasions. These features
fall into several conceptual categories, summarized with repre-
sentative examples in Table 2.

Key feature categories include:

1). Recovery-related indicators, measuring how efficiently a
student’s performance rebounds after a decline (e.g., score
recovery efficiency).

Trend-based indicators, capturing the direction, slope, and
instability of longitudinal change (e.g., linear regression
slopes and directional change ratios).

Consistency indicators, representing the proportion of
changes occurring in the same direction over time.
Distributional indicators, such as proportions of high scores
(>80), passing scores (>60), and low scores (<40).

5).  Relative strength indicators, quantifying subject-wise

performance relative to a student’s overall average.

2).

3).

4).

For example, recovery efficiency quantifies how effectively a stu-
dent returns to their individual mean performance following a score
decrease, while directional change ratio reflects instability in
achievement trajectories caused by frequent switches between im-
provement and decline.

Table 2. Categories of Engineered Features and Representative
Examples

Category Description Representative
examples
Score recovery effi-

ciency (Native

Recovery-related | Ability to re-

bound after

performance | language, Mathematics)
decline
Trend-based Direction and Linear slope, direc-
stability of tional change ratio
longitudinal
change




Category Description Representative
examples
Consistency Stability of Trend consistency ratio
improvement
or decline
Distributional Performance | High-score ratio (>80),
level distribu- low-score ratio (<40)
tion
Relative strength | Subject-wise Subject mean / overall
relative per- mean
formance

2.4 Modeling Approach

We formulated dropout prediction as a supervised binary classifi-
cation task. Specifically, we employed the Random Forest
algorithm [2], which is widely used in educational data mining for
its robustness to overfitting and interpretability. The Random For-
est model was implemented using standard hyperparameter settings,
including 100 decision trees (n_estimators = 100). Hyperparame-
ters were selected through grid search on the training cohort to
optimize predictive performance while avoiding overfitting. To ex-
amine the trade-off between prediction timing and performance, we
constructed three models that differed in the length of available lon-
gitudinal data:

Model 1: Grade 7 Test 1 to Grade 9 Test 6
Model 2: Grade 7 Test 1 to Grade 9 Test 4
Model 3: Grade 7 Test 1 to Grade 9 Test 3

These models correspond to different potential intervention points,
with earlier models providing more time for support but less com-
plete information.

Models were trained using the 2024 graduating cohort and evalu-
ated using accuracy and F1-scores for both graduates and dropouts.
Because dropout detection is of primary operational importance
and the classes are imbalanced, particular emphasis was placed on
the dropout F1-score when comparing models.

2.5 Validation Procedure and Evaluation

Metrics

To assess generalizability, all models were validated on an inde-
pendent 2025 graduating cohort. Because feature computation
required a minimum of three test participations, the evaluation sam-
ple size varied slightly across models, as summarized in Table 1.

Performance was evaluated using accuracy, precision, recall, and
F1-scores for both classes. For the selected model, we additionally
report a confusion matrix to clarify precision—recall trade-offs rel-
evant to operational deployment.

2.6 Model Selection Criterion
Model selection was based on three criteria:
1). predictive performance, particularly dropout F1-score;

2) prediction timing, enabling intervention before the final aca-
demic year; and

3) operational interpretability for practitioners.
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Based on these criteria, Model 2 was selected as the most suitable
for real-world deployment, achieving strong predictive perfor-
mance while enabling sufficiently early identification of at-risk
students.

3. RESULTS

3.1 Model Comparison and External Valida-
tion

Table 3 summarizes the performance of the three dropout predic-
tion models evaluated on the independent 2025 cohort. All models
achieved high overall accuracy, ranging from 88.2% to 89.5%,
demonstrating that longitudinal test performance data can support
reliable dropout prediction at scale.

Table 3. Performance Comparison of Dropout Prediction Mod-
els

Model Data used Accu- Gradu- Drop-
racy ate F1 out F1

Model 1 Grade 7 88.2% 0.91 0.81
Test 1 —
Grade 9
Test 6
Model 2 Grade 7 89.5% 0.93 0.80
Test 1 —
Grade 9
Test 4
Model 3 Grade 7 89.1% 0.93 0.78
Test 1 —
Grade 9
Test 3

Among the three models, Model 2, which used test data from Grade
7 Test 1 to Grade 9 Test 4, achieved the best balance between pre-
dictive performance and early identification. Specifically, Model 2
attained an accuracy of 89.5%, a graduate F1-score of 0.93, and a
dropout F1-score of 0.80. While Model 1 achieved comparable per-
formance, it relied on a longer observation period extending to the
final Grade 9 test, limiting its usefulness for early intervention. In
contrast, Model 3 enabled earlier prediction but exhibited a lower
dropout F1-score, indicating reduced sensitivity for identifying at-
risk students.

Figure 1 visualizes this trade-off between prediction timing and
predictive performance across the three models. The results indi-
cate that incorporating test data up to Grade 9 Test 4 is sufficient to
achieve strong performance while still allowing institutions to in-
tervene before the final academic year.
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Figure 1. Model Comparison

3.2 Operational Performance of the Selected
Model

To examine the practical implications of deployment, we further
analyzed the operational performance of Model 2, focusing on pre-
cision—recall trade-offs relevant to real-world intervention. As
shown in Table 3, Model 2 achieved a dropout precision of approx-
imately 81% and a dropout recall of approximately 80%, indicating
that the majority of students identified as high risk indeed withdrew,
while a substantial proportion of actual dropouts were successfully
detected.

From an operational perspective, this balance suggests that the
model can be used to prioritize support resources toward students
most likely to disengage, without overwhelming instructors with
excessive false positives. Importantly, the model maintained high
graduate recall, ensuring that students likely to remain enrolled
were not systematically misclassified.

3.3 Feature Importance and Interpretability
To better understand why the models achieved strong predictive
performance, we examined feature importance and group-level dif-
ferences between graduates and dropouts. Across all models,
recovery-related indicators consistently ranked among the most in-
fluential predictors.

In particular, score recovery efficiency in Native language and
Mathematics emerged as the top-ranked features in Model 2. Grad-
uates showed substantially higher recovery efficiency than
dropouts, indicating that their performance was more likely to re-
bound after temporary declines. For example, the mean recovery
efficiency in Native language was 0.84 for graduates compared to
0.60 for dropouts, with a similar pattern observed in Mathematics.
Differences across the top-ranked features were statistically signif-
icant (p < .01, independent samples t-test). Assumptions of
normality were considered acceptable given the large sample size.
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Figure 3. Native language test score recovery efficiency

Figures 2, 3, and 4 presents the distributions of score recovery effi-
ciency for graduates and dropouts across three core subjects. In
Mathematics (Figure 2), graduates showed higher recovery effi-
ciency (Mean = 0.81) compared with dropouts (Mean = 0.56).
Similarly, In Native language (Figure 3), graduates exhibited sub-
stantially higher recovery efficiency (Mean = 0.84) than dropouts
(Mean = 0.60). The same pattern was observed in English(Figure
4), where graduates again demonstrated higher recovery efficiency
than dropouts. These group differences indicate that the ability to
recover after declines is strongly associated with continued enroll-
ment.



1.0 5
0.8 ’1 Mean =0.79 O
>‘ \I‘
5 8
(]
G 0.6 o I:A:I Mean = 0.58
£
w
Py
2
(]
o
0.2 1
0.0 T .
Graduates Dropouts

Figure 4. English test score recovery efficiency

3.4 Beyond Absolute Performance Levels
Notably, absolute achievement levels alone were less predictive
than longitudinal performance dynamics. Several trend-based fea-
tures, such as continuous negative deviation slopes and high
directional change ratios, were also associated with increased drop-
out risk. These findings suggest that instability and sustained
decline, rather than low scores per se, play a critical role in student
disengagement. This emphasis on achievement dynamics aligns
with practitioners’ observations that students who struggle to re-
cover from setbacks are more likely to lose motivation and
eventually withdraw, even if their overall performance remains
near average.

3.5 Summary of Key Findings

In summary, the results show that:

(1) dropout prediction using longitudinal test data generalizes well
across cohorts (Table 3, Figure 1)

(2) Model 2 provides an effective balance between early prediction
and dropout detection performance (Table 3, Figure 1)

(3) interpretable indicators capturing recovery from performance
declines consistently differentiate graduates from dropouts across
Native language, Mathematics, and English (Figures 2, 3, and 4).
Together, these findings support the practical applicability of the
proposed approach for early identification and intervention in
large-scale supplementary education settings.

4. DISCUSSION

4.1 Practical Implications for Supplementary

Education Providers

This study demonstrates that longitudinal standardized test data,
which are routinely collected in large-scale supplementary educa-
tion settings, can be leveraged to build accurate and interpretable
dropout prediction models. Unlike prior educational data mining
studies that primarily rely on digital learning logs, our approach
utilizes offline test records, making it directly applicable to institu-
tions where learning activity logs are limited or unavailable.
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The selected model (Model 2) achieved strong predictive perfor-
mance while enabling identification of at-risk students before the
final academic year (Table 3, Figure 1). From an operational per-
spective, this timing is critical: interventions initiated after Grade 9
Test 4 still allow sufficient time for academic counseling, motiva-
tional support, or tailored instructional planning. The achieved
balance between dropout precision and recall indicates that the
model can guide resource allocation without overwhelming instruc-
tors with excessive false positives.

These results suggest that supplementary education providers can
integrate predictive analytics into existing assessment infrastruc-
tures with minimal additional data collection burden. In practice,
this supports data-driven early-warning systems that prioritize stu-
dents requiring attention, thereby improving retention and
educational outcomes.

4.2 Interpretability and Educational Meaning

of Recovery Efficiency

Beyond predictive performance, an important contribution of this
study lies in the interpretability of the proposed features. Across all
subjects, recovery efficiency consistently distinguished graduates
from dropouts (Figures 2—4), indicating that resilience to academic
setbacks is a central factor associated with continued enrollment.
Notably, absolute achievement levels alone were less informative
than performance dynamics, aligning with practitioners’ observa-
tions that disengagement often follows repeated failures to rebound
from declines rather than single low test scores.

This finding offers actionable insights for educators. Students with
persistently low recovery efficiency may benefit from targeted in-
terventions focusing on study strategies, self-regulation, or
motivational support. Thus, the model does not merely predict
dropout risk but also provides interpretable indicators that inform
the design of individualized support measures.

4.3 Contribution to Industry-Oriented Educa-

tional Data Mining

From an industry-oriented EDM perspective, this work contributes
areal-world case study demonstrating how predictive modeling can
be embedded into commercial educational operations at scale. The
dataset spans over 3,000 students across three academic years, and
the models were validated on an independent graduating cohort, ad-
dressing a common limitation of prior studies that rely on single-
cohort evaluation.

Furthermore, the feature engineering strategy—summarized in Ta-
ble 2—offers a reusable framework for institutions seeking to
derive meaningful predictors from longitudinal assessment data.
The emphasis on recovery-related and trend-based features high-
lights the value of modeling temporal learning trajectories,
extending beyond traditional snapshot-based performance indica-
tors.

5. LIMITATIONS AND FUTURE WORK

Several limitations should be acknowledged. First, the present anal-
ysis focuses primarily on longitudinal test performance data and
does not incorporate behavioral or attitudinal measures such as at-
tendance records, homework completion, or survey-based
motivation indicators. Integrating multimodal data sources, includ-
ing digital learning logs and other behavioral traces, may further
enhance predictive performance and provide richer explanatory in-
sights into student disengagement processes. In addition, the
dataset includes students whose final outcomes were not fully



observed at the time of analysis. These cases may be considered as
right-censored data, which could introduce uncertainty in the defi-
nition of dropout status.

Second, while the current models generalize across cohorts within
a single institution, external validation across different supplemen-
tary education providers remains an important direction for future
research. Institutional differences in curricula, testing schedules, or
instructional policies may influence feature distributions and model
transferability. In addition, ensuring the reproducibility of the pro-
posed feature engineering procedures and modeling pipeline across
diverse institutional contexts will be essential for broader deploy-
ment and comparative evaluation[9].

Finally, the present study examines prediction at discrete test inter-
vals. Future work may explore continuous risk monitoring
frameworks that update predictions as new assessments become
available, enabling more adaptive intervention strategies [ 10]. Such
extensions could also incorporate fine-grained learning logs
[11][12], where available, to complement test-based indicators and
support more responsive early-warning systems.

6. CONCLUSION

This industry paper presented a real-world application of dropout
prediction in large-scale supplementary education using longitudi-
nal standardized test data. By engineering interpretable features
capturing achievement dynamics and validating models on an inde-
pendent cohort, we demonstrated that early identification of at-risk
students can be supported using routinely collected assessment rec-
ords. The selected model achieved stable predictive performance
while enabling intervention before the final academic year.

Beyond predictive accuracy, the analysis indicated that recovery
efficiency after performance declines is consistently associated
with student persistence across Native language, Mathematics, and
English. This insight offers practical guidance for designing tar-
geted academic support.

While several limitations remain and further validation across in-
stitutions and data modalities is needed, the proposed approach
illustrates how existing assessment infrastructures can be adapted
into practical early-warning systems, contributing operational
value for educational service providers and methodological insights
for industry-oriented educational data mining.
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