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Sexual violence in the campus environment is a serious problem that
requires an effective reporting and handling system. This research aims to
develop a Natural Language Processing (NLP)-based system that can
improve the process of reporting and handling cases of sexual violence on
campus. The methodology used includes the application of NLP techniques
such as sentiment analysis and entity recognition to automate the
identification and handling of reports. The Support Vector Machines
(SVM) algorithm is used for the classification of text in this system. The
data is collected from various sources, pre-processed, and used to train NLP

models. The results of the study show that the system developed has an
accuracy level of 91%, precision of 93%, and recall of 87%, which
illustrates its effectiveness in collecting reports of sexual violence
anonymously and accurately. Feedback from early adopters shows that the
system improves the efficiency and accuracy of the reporting process. The
conclusion of this study is that the implementation of NLP can significantly
improve the reporting and handling system of sexual violence on campus.
Further research is suggested to expand the scope of the system and
improve its analysis capabilities.
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1. INTRODUCTION

This research is motivated by the fact that sexual violence in the educational environment [1-3],
especially on campus, has become one of the major sins that threatens the integrity and safety of
educational institutions [4]. This problem not only violates human rights but also creates an unsafe
environment, hindering the learning process and personal growth of students. Although many cases
occur, most go unreported due to the lack of an accessible, anonymous, and sensitive reporting facility
to the needs of victims [5]. Therefore, the purpose of this research is to develop a more effective
reporting system that addresses these gaps by providing a platform that ensures anonymity and
sensitivity to the victim's needs. This research seeks to fill the gap by focusing on the development of
reporting mechanisms in educational institutions, particularly in higher education, which have not been
adequately addressed in previous studies.

Sexual violence in the campus environment is a serious problem that has a significant impact on
the mental and physical health of the victim, and can damage the reputation of educational institutions
[6]. According to data from https://databoks.katadata.co.id/, there were many cases of sexual violence,
namely 13,156 in 2023. Victims of sexual violence are reluctant to report such incidents due to fear,
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social stigma, and distrust of the existing reporting system [7]. This situation demands a more efficient
and reliable reporting system to ensure that all cases of sexual violence are handled appropriately.

Current sexual violence reporting systems are often less effective in identifying and following up
on reports [8]. Limitations in analyzing report data quickly and accurately lead to many cases that are
not handled properly, leaving victims without adequate support. Therefore, a new approach is needed
that can improve accuracy and efficiency in handling reports of sexual violence.

Various studies have been conducted to overcome this problem with various technological
approaches, including using text mining techniques to analyze reports of sexual violence, but facing
obstacles in handling large volumes of data [9]. Developed a mobile application for reporting sexual
violence, but still faced problems in validating report data [10]. Applied the Naive Bayes algorithm for
text classification, but the results were less accurate in the context of sexual violence reports [11]. Using
Random Forests to improve classification accuracy, but this model still faces challenges in interpreting
the results [12]. Lastly, applying deep learning for sentiment analysis, but it requires high computing
and is difficult to implement on a large scale [13]. While these approaches make a significant
contribution, they still lack accuracy and scalability. This research offers a new approach by combining
Natural Language Processing (NLP) and Support Vector Machines (SVM) algorithms to automate the
process of reporting and handling cases of sexual violence on campus. SVM was chosen because of its
strong ability to handle text classification with high accuracy and good interpretability [14]. This
approach is expected to overcome the limitations of previous research and provide a more effective and
efficient solution.

The main purpose of this study is to develop and implement a reporting and handling system for
sexual violence cases based on NLP and SVM in the campus environment. In addition, the study aims
to increase the reporting rate of sexual violence cases, reduce social stigma, and provide better support
for victims. This research makes a significant contribution to science by providing a new approach to
dealing with sexual violence on campus through NLP and SVM technology. In addition, this research
also opens up opportunities for further development in a more sophisticated and user-friendly sexual
violence reporting system. Thus, this research is expected to be an important reference for researchers
and practitioners in the field of campus security and information technology.

This research seeks to fill the gap by focusing on the development of reporting mechanisms in
educational institutions, particularly in higher education, which have not been adequately addressed in
previous studies. The problem addressed in this research is the lack of a robust reporting system that can
ensure both accessibility and protection for victims, which has led to underreporting and ineffective
handling of sexual violence cases. The objective is to create a solution that improves the accuracy and
efficiency of reporting, while fostering a safer environment for students.

2. RESEARCH METHOD

Sexual violence on campus is a serious problem that requires special attention. To effectively
address this problem, this study uses methodologies based on Natural Language Processing (NLP) and
Support Vector Machines (SVM) in developing a system for reporting and handling sexual violence.
The diagram below explains the stages of the methodology used in this study. Each stage is designed to
ensure that the data is processed correctly and produce an accurate and reliable model.
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Figure 1. Research methodology

The methodology of this research consists of several systematic stages, ranging from data collection

to model evaluation. Each stage has an important role in the process of developing a system for reporting
and handling sexual violence. Here is a detailed explanation of each stage:

1.

2.

Start, this stage marks the beginning of the research process, where the research objectives and

framework are established.

Data Collection, Data collection on sexual violence reports is carried out through various sources,

such as surveys, anonymous reports, or data from related institutions. The data collected must

include the different types of sexual violence that occur on campus to get a comprehensive picture.

Preprocessing

a. Cleaning, the data cleaning process is carried out to remove irrelevant information or noise
from the raw data. This includes the removal of unnecessary special characters, numbers, and
punctuation.

b. Case Folding, all text is converted to lowercase letters to ensure consistency in data processing.
For example, the words "Violence™ and "violence" are considered the same after case folding.

¢. Normalization, Text normalization is done by changing words into standard or standard forms.
This can involve replacing abbreviations with full forms or changing non-standard word forms
to standard forms.

d. Tokenizing, the process of tokenization breaks down text into smaller units, such as words or
phrases. These tokens are then used in the next stage of analysis.

e. Stopword Removal, Common words that do not provide significant information (stopwords)
such as "and", "which", "with", are removed from the text to reduce noise.

f.  Lemmatization, Lematization transforms words into their basic form or lemma. For example,
the words "run,” "run," and "run" are all changed to "run."

Data Splitting, the processed data was then divided into two sets: a training set of 80% data or 3368

data and a testing set of 20% or 842 data. The training set is used to train the model, while the test

set is used to evaluate the model's performance.

TF-IDF Weighting, TF-IDF (Term Frequency-Inverse Document Frequency) It is used to give

weight to words in text based on their frequency in the document and their relative frequency

throughout the document. This weight helps in identifying the most relevant words in the

classification.
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6. Classification with SVM, Algoritma Support Vector Machines (SVM) used to classify text into
appropriate categories. SVM was chosen because of its strong ability to handle text classification
problems with high accuracy.

Table 1. Kernel Formula In SVM[15]

Karnel Formula
Polynomial[16] k(x,y)=(x.y+c)¢
Sigmoid[17] k(x, y) =tanh(yx. y + ¢)
Linear[18] k(x,y)=x.y+cv
Radial Basis Function (RBF)[19] | k(x, y) =exp (—y|lx —y|| 2)

The SVM, as shown in Table 1, employs various kernel functions (Polynomial, Sigmoid, Linear,
and RBF) to convert input data into a higher-dimensional feature space, facilitating the
identification of a hyperplane separator. The choice of kernel function and its parameters is
influenced by the nature of the data, as each kernel has its own strengths and weaknesses. For
instance, the Polynomial kernel elevates a dot product to a specified power and adds a constant, the
Sigmoid kernel utilizes a hyperbolic tangent function, the Linear kernel carries out a dot product
operation, and the RBF kernel assesses distances using the Gaussian function.

7. Evaluation, the evaluation stage is carried out to assess the performance of the classification model.
Evaluation metrics such as accuracy, precision, recall, and F1-score are used to measure how well
the model can identify and classify reports of sexual violence.

a. Akurasi

TP+FP+TN+FN

TP+TN (1)
In equation (1) it can be explained that, TP (True Positive) is the number of correct positive
predictions, TN (True Negative) is the number of correct negative predictions, FP (False
Positive) is the number of false positive predictions, FN (False Negative) is the number of
false negative predictions. Accuracy provides an overview of how often classification models
give correct predictions, but can be misleading if there is a class imbalance[20].

b. Precision

Accuracy =

TP
TP+FN ()

In equation (2) it can be explained that, TP (True Positive) is the number of correct positive
predictions, FP (False Positive) is the number of false positive predictions, Precision shows
the proportion of correct positive predictions of all positive predictions made. High precision
means that the model rarely makes positive mistakes [21].

c. Recall

Precision =

TP
TP+FN

Recall = 3
In equation (3) it can be explained that, TP (True Positive) is the number of correct positive
predictions, FN (False Negative) is the number of false negative predictions. The recall shows
the proportion of correct positive predictions of all instances that are actually positive. High
recall means that the model successfully captures maost positive instances [22].

d. F-1Score

Precision x Recall
F—1Score= 2% ——F—— 4)

Precision+ Recall

F1-Score achieves its best score of 1 and worst at 0, providing a balance between precision
and recall, especially useful in cases with an unbalanced class distribution [23].
8. End, The final stage of the research process where the results of analysis and evaluation are
collected and interpreted to make conclusions and recommendations.
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With this structured methodology, the research is expected to produce a more effective, efficient,
and accurate reporting and handling system for sexual violence in the campus environment.

3. RESULTS AND DISCUSSION

The results of the study will be discussed in depth to understand the implications of the findings,
as well as to compare them with previous relevant studies. The analysis will include evaluation metrics
such as accuracy, precision, recall, and F1-score to assess the performance of the classification model
that has been developed.

3.1. Data Collections

The study used 3000 reports covering different types of sexual and non-sexual violence. The data
is categorized into three main types: Non-Sexual Violence Data, Physical Sexual Violence Data, and
Non-Physical Sexual Violence Data. Non-Sexual Violence data includes reports such as lost items or
non-violent incidents. Physical Sexual Violence data involves reports of physical contact, such as
physical harassment and rape. Meanwhile, Non-Physical Sexual Violence Data includes reports such as
verbal, visual, and online harassment. Data collection is carried out through surveys, anonymous reports,
and data from related institutions. Each report is anonymized to protect the privacy of the reporter and
is processed through various stages of preprocessing before being used for training and evaluation of
the classification model. The goal is to provide a representative dataset to train an SVM-based
classification model that is effective in identifying and handling reports of sexual violence on campus.
An example of the data used is shown in Figure 2.

RangeIndex: 4210 entries, @ to 4209
Report Category

Data columns (total 3 columns):
The individual kept touching my hair and face without permission. | told them to stop, but they did... Physical Sexual Harassment { )

While waiting for the bus, a stranger attempted to grope me. | shouted for help, and they fled the ... Non-Sexual Harassment # Column  Non-Null Count Dtype

The perpetrator blocked my path and tried to kiss me. | managed to push them away and run to s...  Non-Sexual Harassment

The individual followed me to my dorm room and tried to grab me. | managed to escape and lock t... Physical Sexual Harassment No 4210 non-null int64

The perpetrator touched me without my consent during a campus event. | felt violated and immed... Physical Sexual Harassment

Report 4210 non-null object

Category 4210 non-null object

dtypes: int64(1), object(2)

memory usage: 98.8+ KB

Figure 2. Data collection results

This DataFrame contains 4,210 entries with three columns, namely "No", "Report”, and
"Category". The "No" column has an integer data type (int64) that serves as the sequence number or
index for each entry. The "Report” column contains a description of the report, while the "Category"
column contains the category or label associated with each report. There are no blank values in these
three columns, so all entries are complete. The size of the memory used by this DataFrame is about 98.8
KB, indicating that this dataset is light to process.

3.2. Preprocesing

Pre-processing is an important step in data analysis or machine learning workflows, especially
when working with text data. The main purpose of pre-processing is to convert the raw data into a clean,
structured format that is suitable for analysis. This step involves a series of operations that help improve
data quality, reduce noise, and ensure that the resulting features are informative and representative of
the underlying patterns in the data.
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198

Original 'Report’ column:

Report
The individual kept touching my hair and permi Id them to stop, but they didn't liste
‘While waiting for the bus, a stranger attempted to grope me. | shouted for help, and they fled the scene
‘The perpetrator blocked my path and tried to kiss me. | managed to push them away and run to safety.
The individual followed me to my dorm raom and tried to grab me. | managed to escape and lock the door.

The perpetrator touched me without my consent during a campus event. | felt violated and immediately reported it to

Cleaned 'Report' column:

C

Cleaned_Report
The individual kept touching my hair and face without permission | tald them to stop but they didnt listen
While waiting for the bus a stranger attem) > grope me | shouted for help and they fled the scene
The perpetrator blocked my path and tried ta kiss me | managed to push them away and run to safety
The individual followed me to my dorm raom and tried o grab d to escape and lock the door

The perpetrator touched me without my consent during a campus event | felt violated and immediately reported it to security

Figure 3. Data cleaning

leaned 'Report' column before casefolding:
Cleaned_Report
The individual kept touching my hair and face without permission | told them to stop but they didnt listen
While waiting for the bus a stranger attempted to grope me | shouted for help and they fled the scene
The perpetrator blocked my path and tried to kiss me | managed to push them away and run to safety
The individual followed me to my derm room and tried to grab me | managed to escape and lock the door

The perpetrator touched me without my consent during a campus event | felt violated and immediately reported it to security

Sesudah Casefolding:

Cleaned 'Report' column after casefolding

o

2

3

4

Casefolded_Report
the individual kept touching my hair and face without permission i told them to stop but they didnt listen
hile waiting for the bus a stranger attempted to grope me i shouted for help and they fled the scene
the perpetrator blocked my path and tried to kiss me i managed to push them away and run to safety
the individual followed me to my dorm room and tried to grab me | managed to escape and lock the door

the perpetrator touched me without my consent during a campus event i felt violated and immediately reported it to security

Figure 4. Case folding

Casefolded 'Report' column after normalisasi

o

1

2

Ca

Casefolded_Report
the individual kept touching my hair and face without permission | told them to stop but they didnt listen
while waiting for the bus a stranger attempted to grope me | shouted for help and they fled the scene
the perpetrator blocked my path and tried to kiss me i managed to push them away and run to safety
the individual followed me to my dorm room and tried to grab me i managed to escape and lock the door

the perpetrator touched me without my consent during a campus event i felt violated and immediately reported it to security

sefolded 'Report' column before normalisasi:

Normalized_Report
the individual kept touching my hair and face without permission | told them to stop but they did not listen
while waiting for the bus a stranger attempted to grope me | shouted for help and they fled the scene
the perpetrator blocked my path and tried to kiss me | managed to push them away and run to safety
the individual followed me to my dorm room and tried to grab me | managed to escape and lock the door

the perpetrator touched me without my consent during a campus event i felt violated and i ammediately reported it to security

Figure 5. Normalization
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rmalized 'Report’ column before tokenization:

Normalized_Report
the individual kept touching my hair and face without permission i told them to stop but they did not listen
while waiting for the bus a stranger attempted to grope me i shouted for help and they fled the scene
the perpetrator blocked my path and tried to kiss me | managed to push them away and run to safety
the individual followed me to my dorm room and tried to grab me i managed to escape and lock the door
4  the perpetrator touched me without my consent during a campus event i felt violated and i ammediately reported it to security

After Tokenization:

Normalized 'Report' column after tokenization:

Tokenized_Report
[the, individual, kept, touching, my, hair, and, face, without, permission, i, told, them, to, stop, but, they, did, not, listen]
[while, waiting, for, the, bus, a, stranger, attempted, to, grope, me, I, shouted, for, help, and, they, fled, the, scene]
[the, perpetrator, blocked, my, path, and, tried, to, kiss, me, i, managed, to, push, them, away, and, run, to, safety]
[the, individual, followed, me, to, my, dorm, room, and, tried, to, grab, me, i, managed, to, escape, and, lock, the, door]

[the, perpetrator, touched, me, without, my, consent, during, a, campus, event, i, felt, violated, and, i, ammediately, reported, it to, security]

Figure 6. Tokenizing

Before Stopword Removal:
Tokenized 'Report' column before stopword removal:

Tokenized_Report
[the, individual, kept, touching, my, hair, and, face, without, permission, i, told, them, to, stop, but, they, did, not, listen]
[while, waiting, for, the, bus, a, stranger, attempted, to, grope, me, i, shouted, for, help, and, they, fled, the, scene]
[the, perpetrator, blocked, my, path, and, tried, to, kiss, me, i, managed, to, push, them, away, and, run, to, safety]
[the, individual, fallowed, me, to, my, dorm, room, and, tried, to, grab, me, i, managed, to, escape, and, lock, the, door]

[the, perpetrator, touched, me, without, my, consent, during, a, campus, event, i, felt, violated, and, i, ammediately, reported, it, to,

security]

After Stopword Removal:

Tokenized 'Rep column after stopword removal:
Stopword_Removed_Report
findividual, kept, touching, hair, face, without, permission, told, stop, listen]
[waiting, bus, stranger, attempted, grope, shouted, help, fled, scene]
[perpetrator, blocked, path, tried, kiss, managed, push, away, run, safety]
[individual, followed, dorm, room, tried, grab, managed, escape, lock, door]

[perpetrator, touched, without, consent, campus, event, felt, violated, ammediately, reported, security]

Figure 7. Stopword Removal

Stopword Removed 'Report’ column before lemmatization:
Stopword_Removed_Report
[individual, kept, touching, hair, face, without, permission, told, stop, listen]
[waiting, bus, stranger, attempted, grope, shouted, help, fled, scene]
[perpetrator, blocked, path, tried, kiss, managed, push, away, run, safety]
[individual, followed, dorm, room, tried, grab, managed, escape, lock, door]
[perpetrator, touched, without, consent, campus, event, felt, violated, immediately, reported, security]

After Lemmatization:

Stopword Removed 'Report’ column after lemmatizatio

Lemmatized_Report
[individual, kept, touch, hair, face, without, permission, told, stop, listen]
[wait, bus, stranger, attempt, grope, shout, help, flee, scene]
[perpetrator, block, path, try, kiss, manage, push, away, run, safety]
[individual, follow, dorm, room, try, grab, manage, escape, lock, door]

[perpetrator, touch, without, consent, campus, event, felt, violate, immediately, report, security]

Figure 8. Lemmatization
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The image shows the steps in the text cleaning and processing process in Natural Language

Processing (NLP):

1. Figure 3: Data Cleanup — Remove punctuation, contraction, and lower capital letters to get cleaner
text.

2. Figure 4: Case Folding — Lowercase all text for consistency.

3. Figure 5: Normalization - Correcting spelling errors, removing unimportant words, and word
duplication.

4. Figure 6: Tokenizing - Breaks down the text into word units (tokens) for more detailed analysis.

5. Figure 7: Stopword Removal - Removes common words that do not have significant informational
value.

6. Figure 8: Lemmatization — Converting a word to its basic form for consistency and reducing word
variation.

This process ensures that the text becomes cleaner and ready for further analysis in NLP
applications.

3.3. Data Splitting

Data splitting is an important step in data analysis and machine learning that aims to separate the
dataset into two main parts: training and testing. This data sharing ensures that the built model can be
evaluated objectively and has good generalization capabilities against new data. Training sets are used
to train models, where the model learns patterns and relationships from that data. The test set is used to
evaluate the performance of a model after it has been trained, with the goal of measuring how well the
model performs on data that has never been seen before. By dividing the data into training and testing
sets, we can avoid overfitting and ensure a more robust and reliable model.

3.4. TF-IDF Weighting

TF-IDF (Term Frequency-Inverse Document Frequency) is a statistical method used to evaluate
how important a word is in the context of a document relative to the document set (corpus). It helps in
identifying keywords that have significant meaning in the text.

accidentally account activity advance almost annoyed another anxious

3368 3368 3368 3368 3368 3368 3368 3368
0.0094312517  0.0052885365 0.0047927277 0.015868244  0.0049096861 0.0034802996  0.0034802996 0.0039670765
0.054041494 | 0.0454526182 0.0411913616  0.0682104348 0.0453672864 0.0344686643 0.0344686643 0.0387185154

0 0 0

0.3429979625 0.395817578  0.3587090384 0.3295720732 0.423995455 0.3447543839 0.3447543839 0.3817461074

Figure 9. TF-IDF Results

Figure 9 shows a basic statistical table for some of the words in the dataset, including mean,
standard deviation, minimum, maximum, and specific percentiles for the TF-IDF values of each word.
For example, the word "accidentally" has a TF-IDF mean value of 0.0049 and a standard deviation (std)
of 0.0540.
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Top 20 Words with Highest Average TF-IDF Scores

make
someone
kept

try

away
perpetrator
felt

sexual
campus

report

Words

without
uncomfortable
feel

manage

left

push

touch

person

stop

individual

0.00 0.01 0.02 0.03 0.04 0.05
Average TF-IDF Score

Figure 10. Words with the highest average TF-IDF value in Corpus

Figure 10. shows a bar graph showing 20 words with the highest average TF-IDF value in the
corpus. These words include "make", "someone", "kept", "try", and others. The length of each bar
represents the average TF-IDF value of the word, with the word "make" having the highest value. These
graphs help in identifying the most significant words in the document set and provide insight into the
keywords that may be relevant in further analysis.

3.5. Classification with SVM

After the data was divided into train and test data, TFIDF weighting was carried out and continued
with classification using the Support Vector Machine (SVM) method. This study uses four SVM kernels:
linear, polynomial, sigmoid, and RBF. The four kernels will be tuned to determine the best parameter
value on each kernel using the Grid Search method by entering the hyperparameter value as the input.
The Grid Search process will generate the best parameter values for each kernel. The parameter input
values were processed and tested on the training data using grid search to obtain the optimal combination
of parameter values. The best hyperparameters generated from each kernel are presented in Table 2.
After determining the optimal parameter values for each kernel, the performance of each kernel is
evaluated in terms of accuracy, precision, recall, and F1-Score. The RBF kernel achieved the highest
accuracy, precision, recall, and F1-Score, with values of 0.90 0.89 0.88 0.885 respectively.

3.6. Evaluasi

After training the SVM (Support Vector Machine) model with various kernels, the next step is to
evaluate the model's performance using several evaluation metrics such as accuracy, precision, recall,
and F1-score. These metrics provide a variety of perspectives on the model's performance. Additionally,
the confusion matrix is used to provide a more detailed picture of the correct and false predictions made
by the model. The confusion matrix helps in identifying the types of errors made by the model, such as
false positives and false negatives. Figure 11 will display the results of the confusion matrix for the
SVM model.
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Performance Comparison of SVM Kernels
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Figure 11. Results of the Confusion Matrix of the Karnel Baningan

Figure 11 shows a comparison of the performance of the SVM (Support Vector Machine) model
using different kernel types: Linear, Polynomial, RBF (Radial Base Function), and Sigmoid. The
evaluation was carried out based on the main metrics, namely accuracy, precision, recall, and F1-score.
The RBF kernel showed the best performance with an accuracy value of 0.90, precision of 0.89, recall
0f 0.88, and F1-score of 0.89. This kernel is very effective in handling non-linear data. The Linear Kernel
also performs quite well with almost balanced metric values, slightly below the RBF. Meanwhile, the
Polynomial and Sigmoid kernels showed lower performance with all metrics being around 0.78 to 0.80
for Polynomial and 0.73 to 0.75 for Sigmoid. From the results of this evaluation, it can be seen that the
RBF kernel is the best choice for this scenario, as it provides the most accurate and consistent prediction
and classification results among all the kernels tested.

The novelty of this research lies in several key aspects that distinguish it from previous studies.
First, this research combines Support Vector Machines (SVM) with Natural Language Processing (NLP)
to handle sexual violence report data, an approach that has not been widely explored in earlier studies.
This integration of technologies offers a more accurate solution for report classification while
maintaining the anonymity of victims, which is a sensitive issue in this context. Second, this research
conducts a comprehensive analysis of various SVM kernels (Linear, Polynomial, RBF, and Sigmoid)
using several evaluation metrics such as accuracy, precision, recall, and F1-score. The findings
demonstrate that the RBF kernel provides the best performance in handling non-linear data, with higher
accuracy and consistency compared to other kernels. Third, this research offers real-world applications
by developing a practical and scalable reporting system for educational institutions. Unlike previous
studies, which tend to be theoretical, this study provides a concrete solution that can be implemented to
more effectively address sexual violence cases. Finally, this research introduces data-driven
improvements, where the use of the RBF kernel in the SVM model has proven to enhance the accuracy
and efficiency of classification compared to traditional methods, offering a new contribution in handling
sexual violence reports within the campus environment.

4. CONCLUSION

This research aims to develop a Natural Language Processing (NLP)-based system to improve the
This research successfully developed a Natural Language Processing (NLP)-based system combined
with the Support Vector Machines (SVM) algorithm to improve the reporting and handling of sexual
violence cases on campus. The RBF kernel outperformed other kernels with an accuracy of 0.90,
precision of 0.89, recall of 0.88, and an F1-score of 0.89, demonstrating its effectiveness in handling
non-linear data. The model was trained on 3,000 reports, divided into 80% training and 20% testing
data, ensuring that the system could generalize well.

However, this study has several limitations. First, the dataset size was relatively small, and future
research should include larger, more diverse data to ensure better generalization. Second, the scope was
limited to textual reports, while future studies should consider incorporating multimedia elements such
as images or videos for a more comprehensive analysis. Additionally, this research did not specifically
address the issue of imbalanced data, which may skew results in categories with fewer occurrences.
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Addressing this issue with techniques like oversampling or undersampling could improve the model's
performance. Lastly, the computational resources required for deep learning models like this one are
considerable, and future research should focus on optimizing the model for greater efficiency and
scalability. Despite these limitations, this study provides a solid foundation for improving sexual
violence reporting systems on campus, offering better support for victims while ensuring accurate and
efficient classification of reports.
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