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ABSTRACT
Crime against women is a persistent global issue, affecting women across all socio-economic back-
grounds in various forms. Traditional crime prediction methods are typically reactive, being imple-
mented only after a crime has occurred. This study proposes a hybrid deep-learning framework for
detecting criminal emotions and estimating the risk of crimes against women. The model integrates
several deep learning architectures, including CNN, Bi-LSTM, Bi-GRU, LSTM, and MLP. Additionally, two
hybrid models, Bi-GRU + LSTM and CNN + Bi-LSTM, are introduced to enhance prediction performance.
A dataset comprising 12465 real-world crime instances, including cases of domestic violence, sexual
harassment, and acid attacks, was used for training and evaluation. The CNN + Bi-LSTM hybrid model
achieved the highest accuracy at 98.12%, followed by the Bi-GRU + LSTM model with 97.65%. The in-
dividual model achieved performances were Bi-GRU (96.7%), CNN (94%), LSTM (96.3%), and Bi-LSTM
(96.9%). The results demonstrate that the proposed model effectively captures both spatial features
and temporal dependencies in crime-related data, offering promising capabilities for detecting emo-
tional cues and assessing risk. Despite challenges such as data imbalance and privacy concerns, this
study underscores the potential of AI-enabled solutions to enhancewomen’s safety and empower them
with practical tools for crime prevention.

*Correspondence author email address: Zeeshan.ali9049@gmail.com
DOI: 10.21015/vtcs.v14i1.2359

1 Introduction
The increasing number of crime against women has
become one of the most common social problems as
women, irrespective of their caste, class, color, creed,

or country of origin, are being the victims of various
types of crime [1]. These include domestic violence,
sexual harassment, acid attacks, forced marriages, and
online abuse, all of which have the potential to harm
women’s physical and emotional well-being [2]. Such
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crimes are not confined to a particular class or age of
women.However, many of these crimes go unreported,
despite efforts by governments, legal systems, and
advocacy groups to encourage reporting [3].

Fear of shame, limited resources, and feelings of help-
lessness often deter victims from speaking out, result-
ing in a high number of unreported offenses [4]. In ad-
dition, some victims are unable to recognize the subtle
signs and cues signaled by perpetrators, which makes
them more vulnerable to victimization. This has led to
avoidable crimes that might have been prevented if in-
dividuals had been alerted to certain behaviors related
to sentiment and awareness [5]. Fig. 1 depicts the var-
ious factors involved in the process of detecting crimi-
nal emotion and risk assessment. It highlights different
emotion detection technologies, such as facial recogni-
tion, speech recognition, and physiological data, as well
as other artificial intelligence (AI)-based and natural lan-
guage processing (NLP) techniques used to predict crim-
inal behavior.

In a large number of incidents, offenses are preceded
bymisperception or by the inability of victims to perceive
the mood or discern the intentions of the offender [6],
[7]. These violent acts are often motivated by criminal
emotions such as anger, hostility, or impulsivity, which
can be difficult to predict using standard predictors. The
inability to interpret emotional signals prior to a crimi-
nal act can be considered a significant vulnerability for
women, as they may lack the ability to anticipate and
partially prevent such incidents [8]. As society and tech-
nology develop, there is an urgent need for new ways
of addressing this gap. Artificial intelligence, in certain
cases, deep learning, and natural language processing
(NLP) can be applied to predict and understand criminal
emotions. These techniques allow for the early risk as-
sessment and pre-crime intervention by identifying po-
tential risks and improving the safety ofwomen, and thus
provide new possibilities for crime prevention [9], [10].

The possibility of interpreting emotions of the offend-
ers lays valuable information in predicting the intent of
wrong doers and developing effective crime prevention
strategies [11]. Traditional measures to prevent crimes,
like law reforms and awareness campaigns, are crucial;
yet, they mostly come into force after crimes have been

committed [12]. With the recent development in Artifi-
cial Intelligence, especially in Deep learning and Natural
language Processing, crimes and criminal feelings can be
analyzed and predicted in real time, to take amore proac-
tive approach in crime prevention [13].

These emerging technologies can analyze the emo-
tional state of offenders and estimate potential risks,
thereby empowering women and contributing to a
safer society. In this study, the primary prediction
task is criminal emotion classification from textual
crime descriptions. The model analyzes crime-related
textual statements and classifies them into prede-
fined emotional categories such as aggressive, hostile,
impulsive, deceptive, and reckless. These detected
emotional states are then interpreted as indicators of
potential crime risk levels. Therefore, the proposed
framework performs emotion detection as a supervised
classification task, while risk prediction is derived from
the detected emotional categories and contextual
information within the crime description.

In this study, the proposed framework addresses a
single supervised multi-class classification task, namely
criminal emotion detection from textual crime descrip-
tions. The target variable is the criminal emotion label
assigned to each textual case. Five emotion classes were
considered in this work: aggressive, hostile, impulsive,
deceptive, and reckless. The term risk prediction in
this study does not refer to a separate, independently
trained output variable; rather, it refers to the interpreta-
tion of the detected emotional category and contextual
textual cues as indicators of potential risk severity in
crime-related situations. Therefore, the primary predic-
tive task of the model is emotion classification, while
risk-related interpretation is derived from the classified
emotion patterns. This study makes the following
contributions:

• To propose a deep learning-based approach to
detect criminal emotions and predict associated
risks, utilizing several models including BI-GRU,
CNN, LSTM, MLP, BI-LSTM, and two hybrid models
BI-GRU + LSTM and CNN + BI-LSTM.

• To develop and utilize a dataset comprising 12,465
instances of real-world textual crime data, which
reflects diverse crime situations and criminal emo-
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tions.
• To employ advanced NLP techniques such as TF-
IDF feature extraction, tokenization, and padding
to preprocess the textual data, ensuring its com-
patibility with deep learning models.

• To empower women by providing predictive tools
that allow them to assess and understand potential
risks, equipping them with the knowledge to navi-
gate dangerous situations more effectively.

• To leverage the strengths of hybrid models to im-
prove the generalization and performance of emo-
tion detection and risk prediction in criminal behav-
ior analysis.

The remainder of the paper is organized as follows:
Section 2 introduces the related work on criminal emo-
tion prediction and crime prevention using machine
learning. Section 3 describes themethodology, including
the proposed strategy of this study, dataset organiza-
tion, feature generation process, and the architecture
and models used. Section 4 presents the experimental
results, where the models are compared using accuracy,
precision, recall, and F1-score, followed by an analysis of
the results. Section 5 concludes the study and provides
directions for future research.
2 Related Works
Crime prevention and detection on violence against
women have emerged as critical challenges in societies
around the globe. Recent technological advances have
led to the adoption of machine learning (ML) and deep
learning (DL) techniques in the prediction and pre-
vention of criminal behavior. This current plethora of
research is focused on predicting, understanding, and
evaluating emotions and psychological factors linked
to the commission of criminal acts, with the intention
of increasing the accuracy of risk assessment, and the
possibility of predicting in advance the intentions of a
criminal [14]. There are several studies that investigate
the use of deep learning models in predicting and
detecting crimes.

For example, [15] studied the use of a Long Short-
Term Memory (LSTM) network for the data analysis of
textual information from social media posts and crime
reports to predict gender-based violence. Their study

proved that LSTM is effective for modeling sequential
structures in text data and had an accuracy rate of
84.5%.

This work shows the importance of LSTM in capturing
this sequence of events and emotional sentiment that
can be found within content related to the topic of crime,
and makes a suggestion of their possible application
in real-time crime prediction across multiple social
platforms.

Similarly, crimes against women were predicted by
[16] based on traditional machine learning models like
Random Forest and Naive Bayes classifiers. The predic-
tors, which were based on historical data on crimes In-
dia, had been able to accurately predict 80-percent of
the time. However, the study also pointed out the issues
with imbalanced data sets, especially for rare crimes like
acid attacks, which caused bias in the predictions of the
model.

Emotion detection has become an important com-
ponent for predicting certain crimes, such as domestic
abuse, as well as sexual harassment. The ability to
determine the emotional state of those who may com-
mit a crime before the crime occurs can have major
implications for crime prevention. In this regard, [17]
proposed a Bidirectional Gated Recurrent Unit (Bi-GRU)
network for predicting criminal emotions in the context
of Domestic Violence scenarios.

Their proposed model had an accuracy rate of 92%,
which reveals that recurrent neural network (RNN) archi-
tectures, specifically Bi-GRU, are successful architectures
in representing time and dynamics of emotions related
to criminal(s) behavior [18]. The study underscored the
ability of deep learning models to learn about emotional
patterns over time, which can be important in order to
predict criminal intent and prevent violent acts.

Similarly, [19] used Bi-LSTM models for crime detec-
tion and hotspot prediction by using multimodal data
such as voice and video data. Their model was able
to achieve 100% accuracy at 97.2% in crime detection
and 100% accuracy at 95.64% in crime hotspot predic-
tion, which indicates the effectiveness of bidirectional
architectures to capture the past and future contextual
information related to criminal activities.

In recent years, there has been a lot of attention
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Figure 1. Overview of Criminal Emotion Detection and Risk Assessment Approaches

on hybrid deep learning models due to the strengths
of different architectures. Hybrid approaches offer
a good way to solve complex prediction problems of
crimes involving both temporal and spatial patterns. For
example, [20] has proposed a hybrid model based on
LSTM and CNN to predict domestic violence during the
period of the COVID-19 pandemic. This model combined
the sequential learning capability of LSTM with the
spatial feature extraction ability of CNN and produced
an accuracy of 77%.

The study stressed the need for expanding the prob-
lem of data imbalance in the case of domestic violence
prediction problems and showed that hybrid models are
suitable for learning temporal and spatial patterns that
occur in datasets related to crime. Another hybrid ap-
proach was presented by [21] and proposed an LSTM–
CNN model to identify gender-based violence on social
media platforms such as Twitter. Their model scored an
AUC of 80%, which shows the potential of hybrid architec-
tures to extract subtle emotional context from unstruc-
tured social media data, which is challenging to extract
with traditional methods.

Sentiment analysis has also been extensively ex-
plored in terms of the identification of patterns of
emotional behavior that may incur criminal intent.
Researchers have explored the ability to predict violent
acts based on monitoring of the sentiments expressed
in social media and online crime reports. A. K. Kumar
et al [22] used sentiment analysis models for early

malicious intent detection via social media posts. Their
learning-based approach enabled them to identify the
potential threats in real-time, i.e., warning in suspicious
situations. This work demonstrates the potential that
real-time sentiment analysis has in the prevention
of crimes before they occur, especially in the case
of contexts where we have limited access to labelled
datasets.

This research has been further developed by [23],
who proposed a RoBERTa-based language model that
aimed to detect fine-grained emotions in text data. Their
model greatly improved the performance of emotion
detection and even outperformed several approaches in
the prediction of criminal intent based on sources of on-
line text. Such studies highlight the growing importance
of sophisticated models of natural language processing
in the comprehension of emotional pointers related to
a crime incident.

Despite these advancements, there are several chal-
lenges associated with the application of deep learning
methods for predicting crime, especially in the prediction
of rare or low-frequency types of crimes. Multiple stud-
ies, including [24] have reported challenges regarding im-
balanced datasets in cases of uncommon crimes such as
acid attacks, forced marriages, or underage marriages.
Dataset imbalance can often lead to biased predictions
from the models, i.e., the models are good in the faces
of detection of frequent categories of crimes but not less
frequent ones. In order to overcome this problem, sev-
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eral methods such as oversampling and cost-sensitive
learning were proposed in [25].

However, they realized that these strategies are not
always sufficient to solve the inherent imbalance in the
data that exists in crime. Last but not least, the protec-
tion and privacy of sensitive data, such as crime reports
and emotional sentiments data, are key factors. As mod-
els of artificial intelligence are becoming even more em-
bedded into social systems, it’s important to ensure that
they comply with privacy laws and respect people’s pri-
vate information.

Building upon traditional research in the field of deep
learning-based crime prediction, this study proposes
a hybrid research model that, aims to improve the
accuracy and efficiency of the prediction of a criminal’s
emotion and risk of committing a crime, especially
crimes against women. Specifically, in this work, we
propose a hybrid CNN + Bi-LSTM model, which com-
bines the ability of CNN in extracting spatial features,
and Bi-LSTM in modeling temporal features. This com-
bined architecture is intended to overcome some of the
limitations of previous crime prediction systems.

The performance of the proposed model is tested
on 12,465 real-world crime cases, including Domestic
violence, Sexual harassment, etc., and acid attack etc
to validate the prediction capability of the model in
different crime cases. The proposed integrated ap-
proach is expected to have contributions in the area of
Generation-Intelligence (AI-driven) tools for a proactive
approach to Crime prevention, particularly in terms of
improving the safety of women in terms of improved
prediction of emotions and risks. Furthermore, this
study focuses on methods in order to control the unbal-
anced dataset and improve the generalization ability of
the model, so that the model can have more credible
performance with different classes of crimes.
3 Proposed Methodology
In this section, we explain the process of building
and analyzing deep learning for emotion prediction
of crime and risk evaluation. This pipeline consists
of several important steps, such as dataset collection,
data pre-processing, model selection, and performance
assessment. Its purpose is to facilitate the training by

ensuring that the models are trained well and that they
are able to generalize properly to new data that they
have never seen before. Fig. 2 illustrates the method
used to develop and evaluate the deep learning models
for criminal emotion detection and risk assessment in
this study. This strategy focuses on the importance
of natural language processing where information is
extracted from crime text data to enhance precision and
speed in emotion and risk forecasting.
3.1 Dataset Collection
The dataset comprises 12,465 text instances of crime
collected from multiple sources such as online crime
reports, survey responses, discussions on social media,
and institutional case records. These instances comprise
several types of crimes against women, such as domes-
tic violence, sexual harassment, cyber abuse, forced
marriage, acid attack, etc. The dataset was preprocessed
by making sure there are no duplicates, cleaning the
textual noise from the data, normalizing the formatting
of the case, and removing irrelevant symbols or stop
words.

The distribution of the emotional categories was
tracked to avoid a drastic class imbalance during train-
ing of themodel. The rate of criminal emotion labels was
determined by a manual annotation process. Each text
occurrence of crime was reviewed and classified based
on predefined classes of emotions such as aggressive,
hostile, impulsive, deceptive, and reckless. These cate-
gories were based on criminological and psychological
studies of behavior indicators before violent behavior.
The labeling was achieved by examining the written
descriptions of the crime situations and identifying the
emotional cues, such as threatening words, statements
of coercion, anger expressions, or manipulations. Am-
biguous cases were repeated several times to be sure
that all label consistently. The dataset includes two key
features:

• Crime Situation: This feature consists of textual
descriptions of the crime situations, such as threat-
ening messages, sexual harassment statements,
and online abuse declarations.

• Criminal Emotion: This feature represents the
emotional traits of the perpetrators involved in the

70



VAWKUMTransactions on Computer Sciences Volume 14, Issue 1, 2026

crimes, including categories like impulsive, hostile,
reckless, deceptive, and aggressive.

Additionally, demographic features such as age
group, region, and institution/occupation are included
to provide contextual information that may be useful in
assessing the risk level of a crime situation.
3.2 Data Preprocessing
Data preprocessing is a crucial step in preparing the
dataset for deep learning model training. Two types of
input representations were used in the experiments.
For models based on feedforward or convolutional
architectures (MLP and CNN), the textual data were
transformed into numerical feature vectors using TF-IDF
representation. For sequence-based models such as
LSTM, BI-LSTM, and BI-GRU, the textual data were
first tokenized and converted into integer sequences,
followed by padding to a fixed sequence length. This
sequential representation preserves the order of words,
allowing recurrent neural networks to learn temporal de-
pendencies within the crime-related text. Two different
text representations were employed depending on the
model architecture. For the MLP baseline model, the tex-
tual data were converted into TF-IDF vectors, producing
a fixed-length sparse numerical representation.

In contrast, for the CNN, LSTM, BI-LSTM, BI-GRU,
CNN+BI-LSTM, and BI-GRU+LSTM models, the text was
first tokenized, then converted into integer sequences,
and finally padded to a fixed sequence length of 100
tokens. These padded sequences were passed through
an embedding layer of 128 dimensions before entering
the convolutional or recurrent layers. Thus, the input
tensor shape for sequence-based models was (batch
size, 100) before embedding and (batch size, 100, 128)
after embedding, whereas the MLP model received a
TF-IDF matrix of shape (batch size, vocabulary size). The
following preprocessing techniques were applied to the
dataset:

• Text Tokenization: Tokenization is the act of split-
ting up the text into smaller components that are
easier to manage, such as words or tokens. It is
necessary to change the raw text data into a useful
format that deep-learning models can process.

• TF-IDF Feature Extraction: The textual data is
transformed into numerical vectors using the
Term Frequency-Inverse Document Frequency
(TF-IDF). TF-IDF is used to capture the importance
of words in the context of a corpus by assigning
more weight to words that are more common in a
particular document but rare in the dataset. This
approach guarantees that the most meaningful
terms on both crime situations and criminal traits
are reflected by the models. The formula for TF-IDF
is as follows:

TF-IDF(t,d) = TF(t,d)× log
(

N
DF(t)

)
(1)

TF (t, d) is the term frequency of the term t in document d.
DF (t) is the number of documents containing the term t.
N is the total number of documents. This method helps
to assign higher weights to words that are frequently
found in specific documents but are rare across the
entire dataset.

• Label Encoding: This is used for categorical
data, including the attribute age, crime category,
and criminal emotion, which is transformed into
a numerical form. This is because we need to
feed categorical variables into machine learning
algorithms, which can only take numerical values.

• Padding: The padded tokenized text data has the
same dimension as the input for deep learning
models. Furthermore, padding also has to be
performed to ensure that input sequences are of
the same length for effective handling by models.

• Train-Test Split: The dataset was divided into train-
ing and testing subsets using an 80/20 stratified
split, ensuring that the relative class proportions
were preserved across both subsets. A fixed
random seed was used during data partitioning
to support reproducibility. Prior to splitting, the
dataset was screened for duplicate and near-
duplicate records across sources to minimize the
risk of data leakage between training and testing
instances. Although the present study used a
single stratified split for the main experiments,
we acknowledge that repeated runs and cross-
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Figure 2. Architecture of Criminal Emotion Detection and Risk Assessment

validation would provide stronger evidence for
model stability.

3.3 Proposed Model
This study presents two hybrid deep learning models
CNN + BI-LSTM and BI-GRU + LSTM, and their perfor-
mance on the dataset is compared with other models
such as BI-GRU, CNN, LSTM, MLP, and BI-LSTM. These
models are tailored to the semantic processing of crime
texts for the prediction of criminal emotion and risk
judgment in crime scenarios.
3.3.1 CNN + BI-LSTM Hybrid Model
The CNN + BI-LSTM hybrid model is a combination of
two powerful deep learning architectures, i.e., CNN and
BI-LSTM. This hybrid model is designed to leverage the
strengths of both CNNs, which extract spatial features,
and BI-LSTMs, which extract temporal dependencies in
sequential data.

• Convolutional Layer: Local patterns and spatial

structures within the input data are detected by
the CNN layer. The operation of multiple convolu-
tional filters is used to extract various properties
of the text, such as emotional intensity and senti-
ment, that are critical to the prediction of criminal
emotions.

• Bidirectional LSTM Layer: The Bi-LSTM processes
the input in the backward direction and forward
direction. This bidirectional approach enables the
model to capture the context of both the prefix
and the suffix of the sequence, which is crucial
in understanding the crime context entirely. The
BI-LSTM layer is crucial in capturing the changes in
criminal emotions through time, like the criminal’s
emotional process at the time of the crime. The
hidden state in the BI-LSTM layer is represented
as:

h⃗t = LSTM(xt , h⃗t−1) (2)
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ht = LSTM(xt ,ht+1) (3)
xt is the input at timestep t. h⃗t and ht are the forward
and backward hidden states at time t, respectively. The
hybrid model (CNN+BI-LSTM) combines the advantages
of CNN and BI-LSTM while CNN captures useful features
in the text, and BI-LSTM understands the sequence and
context of features.
3.3.2 BI-GRU + LSTM Hybrid Model
The BI-GRU+LSTM hybrid model combines Bidirectional
Gated Recurrent Units (BI-GRU) and Long Short-Term
Memory (LSTM). GRU networks are a type of LSTM
but require less computation to perform and capture
temporal patterns in data. The BI-GRU and LSTM model
combines BI-GRU and LSTM, which enables it to learn
short and long-term dependencies in the crime-related
texts, thereby making it suitable for tasks such as the
prediction of criminal emotions and risk assessment
over time.

• Bidirectional GRU Layer: It resembles LSTM but
has more computational effectiveness by reducing
the number of parameters and computational
complexity. The GRUs are further developed as
bidirectional (BI-GRU), where the input sequence
is processed in forward and backward directions,
and dependencies between instances from pre-
vious and upcoming are taken into account. The
BI-GRU layer is beneficial, particularly in modeling
sequential data in which long-term dependency
is captured, and capturing the more complicated
relationships among words in the crime text
scenario.

• LSTM Layer: We utilize the LSTM layer to reflect
the long-range dependencies within data. LSTM
networks are especially appropriate for learning
from sequences that involve gaps in the continuity
of the contexts for which information needs to
be retained over long periods. The LSTM layer
allows the model to store vital information over
the long term, which is needed in dealing with the
broader context of criminal emotions and predict-
ing the risk of crime. Through the combination
of BI-GRU and LSTM, the hybrid model captures

more information about short-term and long-term
dependence, and thus becomes appropriate for
the complexity of the crime data.

3.3.3 Individual Models
We also trained the model individually to compare its re-
sults with the hybrid models. The parameters of these
models were tuned to evaluate the comparative perfor-
mance of each model on its own before comparing each
with the hybrid model:

• BI-GRU: This model is built on top of a Bidirectional
Gated Recurrent Unit (BI-GRU) that captures the for-
ward and backward temporal information. The BI-
GRUs are computationally less expensive than the
LSTMs, while they are still able to capture the tem-
poral dependency in crime-related text data.

• CNN: The Convolutional Neural Network (CNN) is
a typical model that is applied primarily to image
and text data. In this work, CNN is employed to
be responsible for the spatial features of the tex-
tual utterances, and such is very useful in extracting
the keywords/tokens indicating crimes, emotions,
or acts

• LSTM: Long Short-TermMemory (LSTM) network is
used to model the long-range dependencies in the
text data. LSTM networks are good for sequential
data and excel at keeping long-term memory, so
theymight be a good fit for crime prediction, where
the context of events is important.

• MLP:Multi-Layer Perceptron (MLP) as the baseline
model. It is a feedforward neural network that is
fully connected and cannot be used to capture se-
quence dependence.

3.3.4 Model Hyperparameters
The deep learning models were implemented using
the following hyperparameter settings. The maximum
sequence length was set to 100 tokens, and an embed-
ding layer of 128 dimensions was used for sequence
models. For CNN models, 64 convolutional filters with
kernel sizes of 3 and 5 were used to capture textual
patterns. The LSTM and BI-LSTM layers contained 128
hidden units, while the BI-GRU layer contained 128 units.
A dropout rate of 0.5 was applied to reduce overfitting.
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The models were trained using the Adam optimizer with
a learning rate of 0.001, batch size of 64, and 50 training
epochs.
3.4 Model Training
The models were developed in Python with the help of
deep learning libraries like TensorFlow and Keras. To en-
sure a comprehensive evaluation of model performance
during training, recent works on classifier algorithm eval-
uation, such as 32, provide valuable insights into perfor-
mance metrics and comparative analysis. Here are the
main steps of the training procedure:

• Optimization: The Adam optimizer was used to
train themodel. Adam is an optimization algorithm
that can be used instead of the classical stochas-
tic gradient descent procedure to update network
weights more quickly and with more precision.

• Loss Function: Categorical cross-entropy loss was
applied as it is appropriate for multi-class classifica-
tion. It quantifies the difference between ground
truth and predicted outputs, serving as a guide for
optimizing the network.

• Epochs and Batch Size: The models were trained
with 50 epochs and a single batch size of 64. The
epochs were also set by the rate of convergence of
the model for its adequate learning, avoiding over-
fitting.

• Early Stopping: To avoid over-fitting, early stop-
ping has been applied. This approach stops
training if there is no improvement in the model’s
performance on the validation set for some num-
ber of epochs (here, in this case, 10). This prevents
overfitting and forces the model to generalize.

4 Results and Discussion
In this section, we present deep learning models im-
plemented in this study like BI-GRU, CNN, LSTM, MLP,
BI-LSTM, and the two hybrid models BI-GRU+LSTM and
CNN+BI-LSTM, and present their performance. We
evaluate our models on various evaluation criteria, like
train and test accuracy, precision, recall, F1-score, and
classification report. We analyze the findings of these
studies to check how well the models predict emotions
and estimate crime-related risks as well as how much

they enhance women’s safety.Although an 80/20 train-
ing–testing split was used for the primary experiments,
additional experimental runs were conducted to verify
the stability of the results.
4.1 Tools and Technologies
The studywas carried out in Google Colab, a cloud-based
environment that accelerates the deep learning training
process with graphical processing units (GPUs). All the lo-
cal development was done on a laptop with an Intel Core
i7 and 16 GB of RAM, with an SSD for faster data manip-
ulation and access. The textual crime data of the given
dataset was preprocessed with NLP methods, including
tokenization and TF-IDF.
4.2 Evaluation Criteria
Several important metrics are utilized in this study for
evaluating the deep learning models. The training accu-
racy is the rate of correct predictions made on the train-
ing data, and it shows how well the model has learned
from the training data. Testing accuracy is used to evalu-
ate whether the model generalizes accurate predictions
to unseen data. A high testing accuracymeans good gen-
eralization to a real-world situation. Precision, recall, and
F1-scorewere calculated usingweighted averages across
all classes, which accounts for differences in class fre-
quencies. Weighted metrics provide a balanced perfor-
mance evaluation when datasets contain uneven distri-
butions among emotional categories.
4.3 Models Training
4.3.1 Model Training Using BI-GRU
The overall accuracy of the BI-GRU model was 96.5%
in this study. The model did well on the training data
(train accuracy), meaning the model learned well from
the data. This suggests that the model was capable of
learning patterns and trends in the training data. As
for testing accuracy, the model performed well on the
testing dataset (which is different from the training
dataset). This indicates that the model might generalize
well to new, unseen data, a desirable quality for real-
world applications where new, never-before-seen crime
scenarios and emotion patterns are presented. Fig. 3
shows the training and validation curves. We generally
use this curve to check the overfitting and underfitting,
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and also to check whether the model performed well in
training or validation data.

Figure 3. Training and validation accuracy of the BI-GRU
Model

4.3.2 Model Training Using CNN
Convolutional Neural Network (CNN) scored with an
overall accuracy of 94% in this study. The model was
less efficient during training than during testing. This
suggests that the model may have had difficulty fitting
the training data. However, during the testing, the
model had a huge uplift and test accuracy of 95.6%.
This also indicates that despite some difficulties during
training, the model was able to generalize well to new,
unseen data, pointing to its robustness and applicability
in real-world environment. From Fig. 4, we conclude that
the model performed well on testing data that satisfy
the condition of overfitting
4.3.3 Model Training Using LSTM
The overall accuracy of the Long-Short Term Memory
Network (LSTM) in this study was 96.3% suggesting that
the model learned well from the training data. However,
during testing, model performance did not maintain
that same level of aggression, instead showing a slight
degradation in testing accuracy as compared to the
training accuracy. This indicates that the model learned
well during training but did not generalize well to unseen
data, and additional tuning was needed to perform well
on real-world data. Fig. 5 shows training and validation
accuracy.

Figure 4. Training and validation of the CNN Model

Figure 5. Training and validation accuracy of the LSTM Model

4.3.4 Model Training Using MLP
The overall accuracy of the MLP model was 96.7% in this
study. The model worked well in the course of training,
with a training accuracy of 96.7%, which indicated that
it can learn from training data effectively. However, dur-
ing testing, the performance of the model obtained was
poor, with testing accuracy failing to reach the high train-
ing accuracy. This suggests that, although the model fit-
ted the training data well, it was not as good at generaliz-
ing to new examples not previously encountered. Some
further tuning might be required to make it work well on
real data. Fig. 6 shows that themodel performswell over-
all, achieving 94% accuracy on testing data and high pre-
cision and recall for most classes. However, it struggles
with certain low-frequency classes, which results in lower
scores for these specific categories.
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Figure 6. Training and validation accuracy of the MLP Model

4.3.5 Model Training Using BiLSTM
The BI-LSTM model obtained an accuracy of 96.9% dur-
ing model training. The model overall provided the best
training accuracy, which was 96.9%, suggesting it well
captured the information content from the training set.
Moreover, the testing accuracy of the BI-LSTM model
was 95.4%, which was relatively higher than that of all
the other models. Fig. 7 shows that the training and
validation curve of the model performed equally well.

Figure 7. Training and validation accuracy of BiLSTM Modell

4.3.6 Model Training Using CNN + BI-LSTM
Hybrid Model

The CNN + BI-LSTM model had the best overall accuracy
of 98.12% in this study. The strong training performance
of the model (high accuracy in the training phase) sug-
gested that the model successfully extracted features

from the data with the convolutional layers and captured
sequential dependencies with the bidirectional LSTM.
The testing accuracy of the model on the testing set was
as high as 96.7%, which is better than the CNN or LSTM
model separately. This suggests that the hybrid model
not only achieved good results in the training phase but
also generalized well to new cases, so it was chosen as
the best model for predicting criminal emotions and
evaluating the risk in this study. Fig. 8 shows the training
and validation curve of the model performed equally
well.

Figure 8. Training and validation accuracy CNN + BI-LSTM
model

4.3.7 Model Training Using BI-GRU + LSTM
hybrid model

The overall accuracy of the BI-GRU + LSTM hybrid model
in the present study was 97.65%. The model exhibited
good training performance, presenting high quality
during the training phase, reflecting its capability of
capturing sequential features of the data through the
GRU and LSTM layers. The BI-GRU layer was able to
learn many more significant features from the data, and
the LSTM layer helped in estimating the temporal de-
pendencies in the data. In testing, the model performed
strongly with an accuracy of 97.65% (compared to the
individual BI-LSTM model of 96.9%). This indicates that
BI-GRU + LSTM is very efficient in generalizing to unseen
data, and is most powerful in the criminal emotion
detection and risk prediction task compared to other
models in this study. Fig. 9 explains the training and
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validation curve, the model performed equally well.

Figure 9. Training and validation accuracy of BI-GRU + LSTM
model

4.4 Comparison of All Models and Best
Model Selection

Table 1 summarizes the performance of all the deep
learning models, including accuracy, precision, recall,
and F1-score.

Table 1. Performance Comparison of Proposed Models
Model Name Accuracy (%) Precision Recall F1 Score

BI-GRU 96.7 0.94 0.96 0.95
CNN 93.4 0.94 0.95 0.94
LSTM 96.3 0.94 0.94 0.93
MLP 96.7 0.94 0.94 0.93

BI-LSTM 96.9 0.94 0.95 0.95
CNN + BI-LSTM 98.12 0.95 0.97 0.96
BI-GRU + LSTM 97.65 0.94 0.96 0.95

The CNN + BI-LSTM hybrid model achieved the high-
est performance in terms of accuracy, precision, recall,
and F1 score. It outperformed individual models like
CNN and LSTM, and the BI-GRU + LSTM hybrid model
showed solid performance, making it one of the most
effective solutions for criminal emotion detection and
risk prediction. Fig. 10 shows the proposed model’s
accuracy on the Bar Graph.

According to the results given in the Table 2, we
state that the CNN+BI-LSTM hybrid model gets the best
overall accuracy of 98.12%, which is better than all the
models. The BI-LSTM and LSTM models are well-suited
for the analysis of crime data, due to their ability to

Figure 10. Proposed Model Accuracy

model temporal dependence, as well as learn complex
intra-patterns over time.

The Proposed CNN+BI-LSTM Hybrid Model has
proven to be the most efficient and effective among all
models in this study, achieving an excellent accuracy
of 98.12% and outperforming all existing models. This
indicates its superior anticipatory power in criminal
effect and risk assessment. In contrast to the Hybrid
LSTM+CNN, which achieves an accuracy of 97%, exhibits
impressive performance, and at some point faces the
challenge of generalization. On the other hand, the CNN-
based and BI-GRU-based models, with lower accuracies
of 94.50% and 96%, respectively, both apply to a specific
type of data, which degrades their generalization. Com-
pared with other works in which single-model methods
have become the dominant approach, the proposed
hybrid model, which combines CNN and BI-LSTM, is
superior for criminal emotion detection and risk pre-
diction. This illustrates the benefit of hybrid models in
compensating for the lack of individual methods.
5 Conclusion
In this study, we proposed a hybrid deep learning frame-
work combining Convolutional Neural Networks (CNN)
and Bidirectional Long Short-Term Memory (BI-LSTM)
networks for detecting criminal emotions and analyzing
potential risk patterns in crime-related textual data,
particularly in cases involving crimes against women.
Experimental results showed that the CNN+BI-LSTM
hybrid model outperformed other individual models
such as BI-GRU and LSTM, achieving an accuracy of

77



VAWKUMTransactions on Computer Sciences Volume 14, Issue 1, 2026

Table 2. Comparison of the Proposed Study with Existing Studies
Year Ref. Model Name Accuracy Insights

2026 Proposed CNN + BI-LSTM Hybrid Model 98.12% Best performing model for criminal emo-
tion detection and risk prediction.

2025 [14] CNN-based 94.50% Focused on emotion detection but strug-
gled with low-class instances.

2024 [17] LSTM-based 95.00% Achieved good results on crime data with
emphasis on time-series.

2025 [18] BI-GRU-based 96.00% BI-GRU used for sequential emotion pre-
diction with limited datasets.

2024 [21] Multi-layer CNN 94.80% CNN with multi-layer architecture used
for emotion classification.

2024 [19] Hybrid LSTM + CNN 97.00% Hybrid approach but had challenges with
generalization on unseen data.

98.12%. The model was evaluated using a dataset of
12,465 crime-related text instances, including cases of
domestic violence, sexual harassment, and acid attacks.
Natural Language Processing techniques, including
tokenization and TF-IDF feature extraction, were applied
to preprocess textual data before model training. The
findings demonstrate the feasibility of using hybrid deep
learning models for offline analysis of criminal emotions
and risk-related patterns in textual crime data.

However, the proposed approach represents an
experimental classification framework rather than a
validated real-world crime prevention system. Future
work will focus on collecting larger and more diverse
datasets, exploring the use of large language models
(LLMs), and incorporating multimodal information such
as speech or behavioral signals. These improvements
may enhance the robustness and generalization ability
of the model and support further investigation into
AI-assisted analytical tools for crime risk assessment.
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