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Abstract- The enrollment process in public schools in
Northern Lima is predominantly managed through manual
forms, leading to inefficiencies, risk of information loss and ad-
ministrative overload. This research proposes a machine learn-
ing-based model to optimize the management of enrollment rec-
ords through risk-based classification, enabling the early identi-
fication of cases that may require additional administrative re-
view. A dataset of 4,500 anonymized enrollment records collected
between 2024 and 2026 from a public educational institution was
used. Three supervised learning algorithms: Random Forest,
Logistic Regression and Decision Tree were implemented and
evaluated using a time-based 80/20 train-test split where results
show that Random Forest achieved an accuracy of 60.6% and the
lowest Brier Score (0.238), while Logistic Regression obtained
the highest F1-Score (47.2%) and ROC-AUC (60.4%). Based on
these results, Random Forest was selected due to its probability
calibration and operational applicability. The proposed model
enables the classification of enrollment records into risk levels,
supporting administrative prioritization and improving decision-
making in enrollment management. The study contributes to the
digital transformation of the public education system in Peru,
with a high potential for scalability at regional and national lev-
els.

Keywords-- Machine learning, predictive modeling, digital
transformation, enrollment management, public education

1. INTRODUCTION

In recent years, digitalization has become an important
tool to improve efficiency of administrative processes across
many sectors. Nevertheless, on the Peruvian educational
side, manual management still exists, this slows down the
enrollment process, especially in public ones. According to
data from the Educational Census [1], more than 90% of
enrollment forms in Northern Lima are still managed on
paper, leading to inefficient storage, risk of document losses
and possible data duplication. This scenario is further exac-
erbated due to the high student density in public schools,
which accounts for more than half of the students in the Un-
idad de Gestion Educativa Local 04 (UGEL 04), which is
the local educational management unit of the sector of
Northern Lima for the school sample on this research [2].

Many studies highlight the positive impact that digital
transformation has had on educational processes, such as the
NEIS (National Education Information System) in South
Korea, as well as eKool in Estonia, which have demonstrat-
ed that digitalization not only improves administrative effi-
ciency but also enhances data transparency and traceability
[3], [4]. On the Peruvian context, the Ministry of Education
has promoted guidelines to support digital transformation in
public education [5]; however, despite these efforts, there is
still no system that aims to optimize the registration, valida-

tion and prioritization of enrollment forms at an educational
level.

In this context, machine learning emerges as a viable al-
ternative as it allows the analysis of large volumes of infor-
mation, identification of patterns and classification process-
es [6]. Also, recent academic literature shows that the per-
formance of algorithms varies depending on the information
included in the datasets, which makes even more critical the
correct selection of techniques for a reliable and applicable
model in education [8]. Additionally, international studies
have shown that the integration of explainable models (XAI)
have been successfully implemented to predict academic
trajectories in high school students, providing transparency
and confidence in the adoption of these technologies [7].
Applying this technology to the enrollment process would
reduce human mistakes, expedite access to information and
ensure the security of sensitive data of students. This paper
proposes a technological model based on Random Forest
that functions as an intelligent risk classification assistant in
public schools in Northern Lima, taking in consideration its
current limitations and contributing to the modernization of
the Peruvian educational system.

II. RELATED STUDIES

Over the last few years, several studies have highlighted
the impact of automation technologies on improving admin-
istrative processes within educational environments. Osco
Pupe and Aguilar-Alonso propose a web architecture with
integration of this technology in order to automate adminis-
trative workflows in a pre-university environment. This
model allows for modularity, scalability and intelligent pro-
cessing of academic information, significantly reducing pro-
cessing time and dependence on human intervention [9].
Similarly, in the field of automated academic management,
Viera-Gonzalez et al. [10] implemented a low-code pipeline
to manage scheduling-related incidents, achieving a reduc-
tion of service time by up to 80% while standardizing re-
sponse processes. Although these studies do not focus spe-
cifically on enrollment processes, they demonstrate how
automation can optimize administrative tasks, providing a
relevant foundation for improving enrollment management
in schools.

In addition to automation, several studies have analyzed
the role of digital transformation in educational institutions.
Palm, Asp and Hékansta [11] examined how the adoption of
digital environments modifies the relationship between
teachers, administrators and technology within the educa-
tional system; approximately 40% of participants reported
that digital tools improved the effectiveness of work organi-
zation. Similarly, a recent study in Hong Kong researched
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the role of digital leadership in the adoption of artificial in-
telligence (AI) within the educational context. Similarly,
Cheng and Wang [12] conducted a quantitative study in 60
educational institutions with, approximately, 204 partici-
pants to evaluate the relationship between digital leadership,
perceived barriers and Al integration strategies; this model
presented high reliability levels (o = 0.836 — 0.966) and a
satisfactory fit (CFI = 0.916, RMSEA = 0.067), which sug-
gests that there is a strong and positive relationship between
digital leadership and Al adoption approaches. These find-
ings emphasize the importance of institutional readiness and
strategic direction in enabling technological integration. At a
broader level, Dubois [13] analyzed digitalization processes
within the European Union, highlighting how digital identity
and interoperability mechanisms contribute to institutional
transparency. The study reported a reduction of approxi-
mately 40% in administrative processing time, reinforcing
the impact of digital transformation on organizational effi-
ciency.

Machine learning techniques have been widely applied
in educational contexts to model complex patterns and sup-
port data-driven decision-making processes. Ahmed et al.
[14] applied ten regression model types based on machine
learning (CatBoost, XGBoost, AdaBoost, Linear Regres-
sion, KNN), these were integrated into a model called Vot-
ing Regression, which reached a R? of 0.9890 on a first set
of 10,000 records and R? of 0.7716 on a second set of 6,607
records, this approach enables the identification of the most
influential variables in academic performance. Similarly,
Delen et al. [15] combined deep learning models with tradi-
tional algorithms such as XGBoost and Random Forest,
achieving an average accuracy above 85% and an AUC of
0.88, outperforming conventional statistical methods by
approximately 12%. Their findings highlighted academic
participation and prior performance as key predictive fac-
tors, reinforcing the importance of early-stage data in educa-
tional modeling. In this context, several studies have fo-
cused on the development of predictive systems using early-
stage or pre-enrollment data. Carballo-Mendivil et al. [16]
proposed an early warning system based on the XGBoost
algorithm using pre-registration data from approximately
40,000 students. The model achieved an AUC-ROC of
0.6902, an F1-score of 0.6946 and a sensitivity of 88%, out-
performing Random Forest and demonstrating the feasibility
of transforming initial enrollment data into predictive indi-
cators of dropout. Niyogisubizo et al. [17] introduced a two-
layer machine learning architecture integrating Random
Forest, Gradient Boosting, Logistic Regression and SVM,
achieving an average accuracy of 94.8% and an AUC above
0.92. This ensemble-based approach demonstrated strong
generalization capabilities, particularly when handling im-
balanced datasets. Similarly, Seo et al. [18] developed pre-
dictive models using more than 144,000 longitudinal records
from a South Korean university, where LightGBM achieved
a ROC-AUC of 0.875, followed closely by XGBoost at
0.873, maintaining performance levels above 0.85 across
multiple scenarios. Finally, Marcolino et al. [19] imple-
mented a predictive model using CatBoost, optimized
through a multi-objective NSGA-II algorithm and
ADASYN data balancing techniques. The model achieved
an Fl-score of approximately 0.8, demonstrating a signifi-
cant improvement in the detection of students at risk.

These studies demonstrate the effectiveness of machine
learning techniques in educational data analysis, particularly
in handling large-scale datasets and identifying key predic-
tive variables and supporting early detection of risk-related
patterns.

More specifically, several studies have explored the ap-
plication of machine learning techniques in enrollment-
related processes within the educational field. Abideen et al.
[20] developed a predictive model to analyze enrollment
criteria in secondary schools in Punjab, Pakistan. Using data
collected from 100 institutions and a dataset of 500 records,
multiple supervised learning algorithms were evaluated,
where Random Forest achieved a precision of 98%, outper-
forming Decision Tree (90%) and SVM (88%). These re-
sults demonstrate the effectiveness of machine learning
techniques in identifying key factors influencing enrollment
decisions with high reliability. Similarly, He et al. [21] ap-
plied five machine learning classifiers to predict college
enrollment among low-income students. The Random Forest
model achieved an accuracy of 67.73%, followed by SVM
and Gradient Boosting algorithms, confirming the ability of
machine learning models to detect complex patterns in stu-
dent admission processes. In the context of decision-making
optimization, Liu et al. [22] proposed a machine learning-
based approach to improve university admission processes
by optimizing the number of students admitted and enrolled.
The final model achieved an AUC of 0.86 and an adjusted
Brier Score of 0.14, reducing variability in enrollment pre-
diction by approximately 20%. Fiorini et al. [23] applied
machine learning techniques, including Random Forest,
Logistic Regression, and XGBoost, to analyze enrollment
decision patterns and institutional assignment. Their model
achieved an AUC of 0.91 and an overall accuracy of 87%,
reducing predictive error by 18% compared to traditional
statistical methods. These findings collectively demonstrate
the effectiveness and reliability of machine learning tech-
niques in modeling complex educational processes such as
enrollment management.

III. ARCHITECTURE MODEL

The architecture of the proposed model aims to repre-
sent the whole information workflow in a structured man-
ner, from data collection to generating useful predictions for
the administrative staff of the public school. The predictive
approach considers multiple supervised machine learning
algorithms, including Random Forest, Logistic Regression
and Decision Tree. Among these, Random Forest is selected
as the primary model due to its robustness and ability to
capture non-linear relationships, while the other models are
used as baseline references for comparative evaluation. This
model will make decisions based on previously analyzed
and observed patterns derived from historical data. It is built
using multiple decision trees that, by combining their re-
sults, will generate more stable and reliable predictions. In
Fig. 1, the methodology shown covers the process of con-
structing and developing the algorithm.
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Fig. 1 Experimental process of the study
Adapted from [24]

Each step represents a stage, such as dataset normalization, algorithm
construction and refinement of the predictive model.

The proposed architectural design aims to optimize the
enrollment process through early detection of errors, auto-
matic classification of requests and prioritization of cases
based on their risk level. Therefore, this Random Forest
model functions as an intelligent assistant that learns from
the enrollment historical data to anticipate potential delays,
suggest priorities and reduce administrative processing
times. Furthermore, the feedback capability of the model
allows it to be updated at the end of each enrollment period
which takes place between January and March. New obser-
vations and results obtained during each operational cycle
will be incorporated into the dataset in order to progressive-
ly improve the model’s predictive capacity.

In summary, this architecture provides a robust frame-
work for applying machine learning techniques in school
administration, enabling not only the prediction of delays
but also the digital transformation of the enrollment process
into an intelligent digital workflow supported by data-driven
decision-making and focused on operational efficiency.

IV. METHOD

The development of the model was carried out in the
Google Colab platform, using standard Python libraries such
as pandas, scikit-learn and matplotlib. In this environment,
the dataset was imported, cleaned and prepared for the im-
plementation, training and evaluation of multiple supervised
machine learning models including Random Forest, Logistic
Regression and Decision Tree. The process included the
encoding of relevant categorical variables, handling of miss-
ing values and the transformation of selected variables de-
rived from enrollment records.

A. Sample and Data Collection

For the construction of the predictive model, data were
obtained from enrollment form records corresponding to the
years 2024, 2025 and 2026, which were provided by the
public school IE 2022 Sinchi Roca. These records were used
as a reference to understand the structure and operational
characteristics of the enrollment process. In this first stage,
historical enrollment records were analyzed to identify rele-

vant patterns and attributes associated with the administra-
tive workflow. During this process, tasks such as detecting
and removing duplicate entries, standardizing variable
names and preparing the dataset structure were carried out.

To ensure privacy and data protection, all personal in-
formation such as student names, identification numbers and
contact details were either removed or anonymized prior to
analysis. As a result, a clean, privacy-compliant and con-
sistent dataset of 4,500 records was obtained to move on to
the next phase.

B. Data pre-processing

In this stage, missing values were handled using statis-
tical imputation methods and numerical variables were
standardized to ensure consistent scale across features, while
categorical variables were encoded using One-Hot Encoding
to allow their integration into the different machine learning
models shortly after.

To maintain model consistency, only variables available
at the initial stage of the enrollment process were included
such as age, gender, school level, grade, number of submit-
ted documents, type of identification document, district of
residence and registration date.

To maintain a realistic prediction scenario, variables as-
sociated with post-process outcomes such as observations,
revisions and total processing time were excluded from the
feature set. Additionally, columns related to identifiers such
as student and guardian information were removed from the
training data as they do not contribute to predictive perfor-
mance.

Therefore, the model receives data with greater coher-
ence and predictive relevance, which enhances its accuracy
and generalization capacity to operate in real-world enroll-
ment scenarios.

This stage was implemented using a ColumnTrans-
former pipeline, where numerical features were standardized
using StandardScaler and missing values were handled us-
ing Simplelmputer, while categorical variables were encod-
ed using OneHotEncoder.

C. Building prediction algorithm

As shown in Fig. 2, the core of the predictive approach
is based on the Random Forest algorithm, evaluated along-
side Logistic Regression and Decision Tree as baseline
models. In this model, each decision tree is trained on a ran-
dom sample of the dataset and it evaluates a subset of the
variables. In this context, the model learns to distinguish
between enrollment records without administrative issues
and those with a higher likelihood of risk. Each tree gener-
ates an individual classification and the final prediction is
obtained by aggregating the outputs of all trees. This en-
semble reduces dependence on a single decision rule.

The models were implemented using the scikit-learn li-
brary with specific hyperparameter configurations. No ex-
tensive hyperparameter tuning was performed; instead, con-
figurations were selected based on standard practices to en-
sure model stability and generalization. The Random Forest
classifier was configured with 200 decision trees
(n_estimators = 200), a maximum depth of 10 levels
(max_depth = 10), a minimum of 10 samples required to
split an internal node (min_samples_split = 10) and a mini-
mum of 5 samples required at each leaf node
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(min_samples_leaf = 5). The model also incorporated class
weighting (class_weight = "balanced") to address class im-
balance and a fixed random state (random_state = 42) to
ensure reproducibility.

The Logistic Regression model was implemented with a
maximum of 1000 iterations (max iter = 1000) and bal-
anced class weights (class_weight = "balanced") to improve
convergence and handle class imbalance.

The Decision Tree classifier was configured using a
fixed random state (random_state = 42) and class weighting
(class weight = "balanced") to maintain consistency across
models and address the imbalanced distribution of the target
variable.

Training Data Instance
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Fig. 2 Diagram of the Random Forest Model Operation
Adapted from [25]

Each decision tree learns specific patterns from the enrollment records
(age, grade level, number of submitted documents, etc.).

D. Evaluation of the algorithm

The evaluation of the built model was carried out using
a time-based validation strategy, which suggests using 80%
of the historical records for training and the remaining 20%
for testing in a controlled environment. This method re-
flects, in a more realistic way, the operational conditions in
a real-world context within the educational institution. The
final split consisted of 3,600 records for training and 900
records for testing. The target variable was defined as a bi-
nary classification indicating whether an enrollment record
presents administrative risk (1) or not (0), based on observed
patterns derived from historical enrollment data. The dataset
is moderately imbalanced, with a higher proportion of non-
risk cases. Out of the total 4,500 records, 65.73% corre-
spond to non-risk cases (class 0), while 34.27% correspond
to records with administrative risk (class 1). Precision, Re-
call and F1-Score were calculated using a binary classifica-
tion approach, focusing on the positive class. Metrics were
computed without macro or weighted averaging, in order to
directly evaluate the model’s ability to detect high-risk cas-
es. Given the imbalanced nature of the dataset, accuracy
alone is not sufficient to evaluate performance. Therefore,
greater emphasis is placed on Precision, Recall and F1-
Score.

To evaluate the classification performance and proba-
bility calibration of the models, a total of six metrics were
used. The notation used is defined as follows: TP = true
positives, TN = true negatives, FP = false positives, FN =
false negatives, p = predicted probability, y = real value, N
= total number of observations.

Additionally, baseline models such as Logistic Regres-
sion and Decision Tree were implemented to provide a

comparative analysis of model performance, ensuring that
the analysis does not rely exclusively on a single algorithm.

(1) Accuracy: Total percentage of correct predictions.

. TP + TN .
Couracy = Lo L TN + FP + FN© WD)

(2) Precision: Of the cases that the model marked as “risk”,
how many are actually risky.

re

Precision = ————= .
recision TF % FF

(2)
(3) Recall (Sensitivity): Of all the cases that actually had

observations, how many were detected by the built
model.

TP

Recall = TP L FN (3)

(4) F1-Score: It is the harmonic mean between precision
and recall, which helps measure the balance between
both metrics.

(Precision x Recall)

Fl1—- 5§ =2x .
core (Precision + Recall)

(5) ROC-AUC: It measures the ability of the predictive
model to distinguish between correct forms and those
with observations; it is better as long as the metric gets
closerto 1.

1

ROC — AUC :ITPR{FPRJ d(FPR). (5]

o

(6) Brier Score: It evaluates the calibration of probabilities
where values closer to 0 indicates a good coherence.

N
1 )
Erier Score = I Z{;}, — 1. (6)
‘ i=1

Finally, the Random Forest model generates a risk
probability on each enrollment record, which is then auto-
matically transformed into a three-level classification. To
ease the interpretation by the administrative staff, the fol-
lowing thresholds were defined for each enrollment form:
“Fast Track” for low risk (p < 0.33), “To Review” for medi-
um risk (0.33 < p < 0.66) and “Warning” for high risk (p >
0.66).

V. RESULTS

The experimentation was conducted on the Google
Colab platform, where the proposed methodology was car-
ried out. The performance of the evaluated models was
measured using the test dataset, which represents 20% of the
most recent enrollment records (see Table I).

The comparative results obtained from the three evalu-
ated models show that, Random Forest achieved the highest
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accuracy of 60.6% and the lowest Brier Score (0.238),
which indicates better calibration of predicted probabilities
while Logistic Regression obtained the highest F1-Score of
47.2% and ROC-AUC of 60.4% suggesting a better balance
between precision and recall, as well as a slightly stronger
ability to discriminate between classes. Lastly, the Decision
Tree model showed the lowest performance across most
metrics, indicating limited generalization capability in the
administrative context.

Although Logistic Regression achieved a higher F1-
Score and ROC-AUC, Random Forest was selected as the
primary model due to both technical and operational consid-
erations. From a technical perspective, Random Forest is
well-suited for handling datasets with mixed variable types
and non-linear relationships, as is the case in this study,
where both numerical and categorical features derived from
enrollment forms are used. Additionally, its ensemble struc-
ture reduces variance and improves generalization, particu-
larly in moderately sized datasets with class imbalance, such
as the one analyzed.

From an applied perspective, Random Forest provides
more stable and calibrated probability estimates, which are
essential for the implementation of risk-based classification
in administrative environments. Since the objective of the
model is not only to classify records but to support prioriti-
zation decisions, the reliability of predicted probabilities
becomes more critical than maximizing a single perfor-
mance metric.

TABLE I
COMPARATIVE PERFORMANCE OF MACHINE LEARNING MODELS

Ref. Metric R:gi(;?l Loggriesstiicolrlle— Decision Tree

(1)| Accuracy 0.606 0.576 0.580

(2)| Precision 0.419 0.404 0.365

(3)| Recall 0.465 0.568 0346

(4)| F1-Score 0.441 0.472 0.355

(5)| ROC-AUC 0.593 0.604 0.522

(6) | Brier Score 0.238 0.243 0.420

In addition to classification performance, the Random
Forest model was used to assign probability-based risk cate-
gories for each enrollment record in the test set.

As shown in Table II, once applied the classification to
the 20% test set of the total enrollment records in the da-
taset, a predominance of the “To Review” level was ob-
served, reflecting that the model identifies a high concentra-
tion of borderline cases that require administrative valida-
tion rather than clearly low-risk or high-risk scenarios.

This behaviour reflects a realistic operational context,
where most enrollment forms are neither entirely error-free
nor critically problematic, but require some level of review.

TABLE II
DISTRIBUTION OF RISK CATEGORIES ASSIGNED TO ENROLLMENT FORMS
Category Count Percentage
Fast Track 25 2.78%
To Review 857 95.22%
Warning 18 2.00%

VI. DISCUSSION

The predominance of the “To Review” category
(95.22%) indicates that the model identifies a large number
of borderline cases within the enrollment process. This be-
havior may be associated with the moderate class imbalance
present in the dataset, where 65.73% of enrollment forms
correspond to non-risk cases, as well as by the inherent vari-
ability of administrative patterns in early-stage enrollment
data. Since the model relies exclusively on pre-registration
variables, such as demographic and submission-related in-
formation, its predictive capacity is naturally constrained by
the limited availability of contextual and process-related
features. In this context, the obtained performance metrics
reflect a realistic operational scenario, where most records
are not clearly distinguishable as either low-risk or high-risk
cases. Instead, they require some degree of administrative
validation, which explains the concentration of predictions
in the intermediate category. Therefore, rather than indicat-
ing a limitation in the model itself, these results highlight
the complexity of decision-making processes in real-world
enrollment environments and reinforce the importance of
supporting administrative prioritization through probabilistic
classification.

VII. CONCLUSIONS

The results obtained from the case study at IE 2022
Sinchi Roca show that the proposed machine learning-based
model can support the prioritization of enrollment records
using early-stage data. Among the evaluated algorithms,
Random Forest achieved the highest accuracy (60.6%) and
the lowest Brier Score (0.238), indicating better probability
calibration, while Logistic Regression obtained the highest
F1-Score (47.2%) and ROC-AUC (60.4%). Despite these
differences, Random Forest was selected due to its robust-
ness in capturing non-linear relationships, its ensemble-
based stability and its superior calibration, which is essential
for risk-based classification in administrative contexts.

The model enables the classification of enrollment rec-
ords into three risk levels (“Fast Track”, “To Review” and
“Warning”), facilitating the prioritization of administrative
tasks and reducing reliance on manual validation. Within the
scope of the analyzed dataset, this represents a practical con-
tribution by introducing a data-driven approach to support
decision-making in the enrollment process. Although the
results are limited to a single institutional context and pre-
registration variables, the proposed approach provides a
foundation for future extensions involving broader datasets
and more complex feature sets.

VIII. LIMITATIONS

Despite the promising results obtained, this study pre-
sents some limitations. The dataset was obtained from a
single public educational institution, which may limit the
external validity of the model, as its performance could vary
when applied to other educational contexts with different
administrative processes or data characteristics.

Furthermore, the model relies exclusively on pre-
registration variables, which restricts its predictive capabil-
ity in scenarios where additional information becomes
available during later stages of the enrollment process. Last-
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ly, the implementation of this model in a real-world envi-
ronment would require integration with existing institutional
systems, as well as training for administrative staff to ensure
effective adoption and support a successful digital transfor-
mation process.

IX. RECOMMENDATIONS

Even though the results obtained demonstrate moderate
predictive performance of the Random Forest based model,
there are opportunities for improvement aimed at increasing
the algorithm’s generalization capability and practical ap-
plicability.

First, future work could explore the optimization of
classification thresholds to achieve a better balance between
precision and recall, particularly for the identification of
higher-risk cases.

Second, the incorporation of additional contextual vari-
ables, such as institutional or operational factors, could im-
prove the model’s predictive capacity and allow a more
comprehensive representation of the enrollment process.

Finally, the integration of the algorithm with explaina-
ble artificial intelligence (XAI) techniques would enhance
the interpretability of predictions, allowing administrative
staff to better understand the factors influencing each classi-
fication. This would support institutional trust and the adop-
tion of the algorithm in similar educational contexts, thereby
supporting broader adoption in the Peruvian educational
system.
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