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1. Introduction

In the contemporary digital ecosystem, artificial
intelligence (AI) and machine learning (ML) have
revolutionized how organizations detect, analyze,
and mitigate cybersecurity threats. Financial
institutions, in particular, are increasingly reliant
on Alpowered systems to ensure the
confidentiality, integrity, and availability of digital
assets. However, as these technologies advance,
cyber adversaries exploit the same computational
intelligence  to sophisticated
ransomware attacks that encrypt critical data and
demand cryptocurrency payments for decryption

(1, 2].

orchestrate

Ransomware operates as a malicious software
variant designed to block user access to essential
data or systems until a ransom is paid. The
evolution from traditional malware to advanced
polymorphic ~ ransomware  has  rendered
conventional detection mechanisms—such as static
signature-based systems—ineffective. The
exponential rise in attack sophistication
underscores the necessity for adaptive, Al-based
solutions that can recognize ransomware activity
based on behavioral anomalies rather than pre-
defined patterns [3].

The banking sector, being data-intensive and
transaction-driven, represents one of the most

attractive targets for cybercriminals. Attackers
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exploit weak endpoints, phishing campaigns, and
compromised credentials to infiltrate financial
systems [4]. In Pakistan and other developing
economies, limited awareness of cyber hygiene and
insufficient investment in digital defense
mechanisms exacerbate the challenge [5].

Al and ML offer a transformative solution by
facilitating real-time detection of ransomware
behaviors. Machine learning algorithms such as
Random Forest, Decision Trees, and Deep Neural
Networks have shown promising results in
classifying ransomware activities using static and
dynamic features extracted from system operations
(6, 7]. The proposed study focuses on leveraging
these algorithms to design a robust detection
model that proactively identifies ransomware
before encryption occurs.

Research ~ Contributions:  This
contributes to cybersecurity and ransomware
detection through the following key aspects:

1. Al-Driven Detection Framework - A novel

research

framework integrating behavioral feature
analysis with supervised learning algorithms
for real-time ransomware detection.

2. Empirical Validation - Simulation-based
testing using synthetic ransomware datasets to
evaluate precision, recall, and accuracy.

3. Comparative Analysis - Evaluation of ML
models versus existing static detection
approaches.

4. Application in Banking Systems -
Contextual adaptation of the framework for
financial ~ institutions  vulnerable  to
encryption-based attacks.

5. Enhanced Interpretability - Visualization of
model performance through ROC and
confusion matrix analysis, aiding explainable
Al in cybersecurity.

Organization of the Paper: The rest of the paper

is structured as follows:

Section II presents related work and comparative

analysis of recent ransomware detection studies.

Section III describes the proposed methodology

and Graphvizbased model structure.

Section IV explains the experimental setup,

results, and simulation visualizations.

2. Related Work

The increasing complexity and polymorphism of
ransomware have encouraged researchers to
explore artificial intelligence (AI) and machine
learning (ML)-based approaches for automated
detection and early mitigation. Conventional
antivirus and rule-based detection systems depend
on static signatures that cannot generalize across
evolving ransomware variants [8]. Al models, on
the other hand, can learn behavioral and statistical
patterns, allowing real-time threat detection even
for previously unseen samples [9)].

Scaife et al. [10] introduced CryptoDrop, one of the
earliest behavioral detection systems, capable of
identifying  encryption-based  anomalies by
monitoring file I/O patterns. Although effective,
CryptoDrop was limited by its dependency on
handcrafted features, reducing its adaptability.
Similarly, Hewage et al. [11] proposed an
intelligent cryptographic model that used
polyalphabetic cipher analysis with evolutionary
algorithms for data decryption and ransomware
counteraction. The system performed well on
small datasets but faced scalability issues in
enterprise networks.

Amardeep Singh et al. [12] employed transfer
learning ‘and deep learning models to enhance
ransomware detection accuracy by observing file-
sharing behaviors in both encrypted and clear-text
communications. Their hybrid model achieved
high accuracy but required substantial
computational resources. In another approach, Li-
Chin Huang et al. [13] integrated Al-driven
predictive analytics into intrusion-detection
systems,  emphasizing  interpretability  in
ransomware detection.

Recent studies emphasize hybrid detection
techniques combining static and dynamic
analyses. Muna Al-Hawawreh et al. [14]
investigated Industrial Internet of Things (IloT)
ransomware detection through ML algorithms
that recognize system-level anomalies. Their results
demonstrated improved accuracy but highlighted
the lack of contextaware adaptability in
heterogeneous environments.

Furthermore, research by Alraizza et al. [15]

Finally, Section V concludes the paper and identified phishing-based ransomware
highlights directions for future research.
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propagation in banking systems, revealing how
social-engineering vectors amplify attack success
The authors recommended integrating
email classification ML models to flag malicious
attachments and deceptive messages.
Noorbehbahani et al. [16] categorized ransomware

rates.

into locker and crypto variants and suggested
ensemble learning models for dynamic detection.

While these studies contributed significantly,
limitations persist — including high false-positive
rates, dependence on labeled datasets, and
inadequate interpretability. The proposed study
addresses these shortcomings by introducing an
Al/MLbased adaptive framework that learns
ransomware signatures and behavioral deviations
dynamically within banking system contexts.

Table 1. Comparative Analysis of Related Studies

Problem Solution/  Method/ Empirical L
Author/Year Focus Approach  Algorithm Tools/Datasets Findings Limitations
. Detectmg real- Behav.loral Statistical , Detected early Relied on
Scaife et al. time detection s . Windows OS i
, file-activity ) file-encryption handcrafted
(2019) [10] ransomware  using o log files
encryption  CryptoDrop monitoring attacks features
Hewage et al. Delmipﬁng " Al—bilsed hi Evolutionary MATLAB émpro:edn Limited
(2018) [11] p‘o yaiphabetic cryp ograp ¢ algorithms  simulation ceryptio scalability
ciphers decoding speed
Amardeep Detecting Hybrid DL + CNN + 70 High
) ransomware Accuracy > ,
Singh et al. i TL Transfer ransomware computational
via network . 95%
(2023) [12] craffic framework  Learning samples cost
Li-Chin Huang Predictive A‘I;Eased 1DS Random Public High Required fi
et al. (2020) cyber-threat Wi lainabl Forest + intrusion interpretability . edred e
[13] identification Ie\jlqlp, amable SVM dataset & precision uning
Muna Al loT ML anomaly Decision Industrial Improved Lack of
Hawawreh et  ransomware i Tree / KNN dataset anomaly contextual
al. (2019) [14] detection recoghition ree arasets detection awareness
Alraizza et al. Email-borne ML—bz}sed . Banking mail  93% phishing Focused only
ransomware  phishing Naive Bayes . .
(2023) [15] in banking filter dataset detection on emails
Ensemble
Noorbehbahani Dynamic model  for RF + Lab red Limited
et al. (2023) ransomware mixed Gradient ab-generate Accuracy 96% rmrtes
. samples generalization
[16] behavior ransomware Boost

types

The comparative analysis indicates that while Al-
driven consistently  outperform
traditional detection systems, most lack domain
specialization for financial institutions. Moreover,
real-time adaptability, model explainability, and

solutions

resource optimization remain critical research
challenges.

The proposed work builds on these foundations
by designing an Al/ML-driven ransomware
detection framework tailored for banking
ecosystems, featuring dynamic feature extraction,
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adaptive model learning, and interpretability
modules to ensure transparent and reliable
detection.

3. Methodology
The proposed research adopts a quantitative
experimental methodology focused on the
development and evaluation of an Al and
Machine Learning (ML)-based framework for
early ransomware detection and prevention. This
section outlines the data acquisition process,
preprocessing steps, model design, evaluation
metrics, and implementation pipeline used to
simulate and assess system performance.
3.1 Research Design
The study employs an experimental simulation
approach to design and evaluate a detection
model capable of recognizing ransomware activity
based on behavioral analysis. The design integrates
both supervised learning (for classification) and
unsupervised feature extraction (for pattern
identification). The model pipeline follows these
stages:

1. Data Acquisition: Gathering ransomware and
benign samples from open repositories (such
as VirusShare, CICIDS2017, and local logs
from simulated Windows environments).

2. Feature Extraction: Analyzing behavioral
attributes such as file access frequency,
encryption rate, CPU spikes, process creation,
and network anomalies.

3. Data Preprocessing: Converting raw logs into
structured  numerical ~ vectors  using
normalization and feature selection.

4. Model Training: Training multiple ML
models including Random Forest (RF),
Support Vector Machine (SVM), and Neural
Network (NN) for classification  of
ransomware vs. benign behavior.

5. Evaluation Metrics: Measuring precision,
recall, Fl-score, and ROC-AUC to assess
model reliability.

6. Interpretability Layer: Integrating
explainable Al (XAI) visualization to highlight
which features most strongly influencd
detection.

3.2 Dataset Description

To ensure model robustness, a synthetic dataset
was generated combining 70 ransomware samples
across 26 strains (including WannaCry, Locky,
and Petya) with benign system activity logs. The
dataset contained 10,000 total records labeled into
two classes: ransomware and normal. Each record
included features such as file operation frequency,
encryption ratio, CPU utilization, memory access
rate, and I/O entropy.

This dataset was divided into training (70%) and
testing (30%) subsets to validate the model
performance through 104fold cross-validation,
ensuring  generalization and minimizing
overfitting.

3.3 Proposed Al/ML-Based Ransomware
Detection Framework
The proposed system is a hybrid artificial
intelligence and machine learning (AI/ML)
framework designed to detect ransomware
activities in real time by analyzing behavioral and
statistical characteristics of system operations. It
combines anomaly detection with supervised
classification to accurately identify malicious
activity during the encryption phase, ensuring
early prevention before file corruption occurs.

The framework consists of five sequential layers,

each responsible for a specific task in the

ransomware detection process:

1. System Monitoring Layer: This layer
continuously observes file system operations,
registry changes, process creation, and CPU
utilization. It records normal and suspicious
activities as event logs for further analysis.

2. Feature Extraction Layer: Extracts behavioral
features from system logs such as encryption
frequency, process execution time, memory
spikes, and abnormal network access. These
indicators provide valuable signals that
distinguish  ransomware behavior from
legitimate processes.

3. Feature Selection Module: Employs
Correlation-Based Feature Selection (CFS) to
eliminate redundant or less significant
features. This ensures the model focuses on
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high-impact variables that contribute most to
ransomware detection accuracy.

4. Classification Layer: Utilizes multiple
supervised ML algorithms, including Random
Forest (RF), Gradient Boosting (GB), and
Artificial Neural Networks (ANNs). Each
model classifies input activities into two
categories — ransomware or benign — based on
the training data patterns.

5. Detection and Response Layer: The system
flags suspected ransomware activities in real
time. Once a malicious event is detected, it
triggers defensive mechanisms such as process
termination, file isolation, and system alert
generation, thereby preventing further
encryption or data compromise.

System Monitoring Layer

| Monitor File A ctivities |

'

| Track Registry Modifications |

'

| Observe Process Creation Logs |

Feature Extjaction Layver
h 4

| Analyze Encryption Patterns |

v

| Detect File A ccess Surges |

v

| Monitor CPU/Memory Spikes |

Feature Selectioph Module (CFS)
h 4

| Remove Redundant Features |

v

| Select Influential Attributes |

Classificajion Layer
h 4

| Random Forest Classitier |

v

| Gradient Boost Model |

v

| Neural NWetwork Model |

Detection & Rlesponse Laver
y

| 1dentify Ransomware Behavior |

.

| Generate Security Alerts |

'

| Terminate Process & Isolate Files |

Figure. 3.3: Proposed AI/ML Ransomware Detection Framework.
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In this diagram, data flows top to bottom,

showing a five-layered architecture:

1. System Monitoring Layer - Observes real-
time system operations (file, registry, and
process logs).

2. Feature Extraction Layer - Derives
behavioral indicators of possible ransomware.

3. Feature Selection Module (CFS) - Filters
redundant attributes to improve model
accuracy.

4. Classification Layer - Applies Random
Forest, Gradient Boost, and Neural Network
models for detection.

5. Detection & Response Layer - Initiates
preventive measures, such as alerting and
process isolation.

This figure 3.3 visually summarizes how the

proposed  AI/ML

ransomware based on dynamic system behaviors,
ensuring early detection and real-time response.

framework identifies

3.4 Framework Explanation

Figure 3.4 illustrates the operational flow of the
proposed Al/ML-based ransomware detection
framework. The process begins at the System
Monitoring Layer, where behavioral data are

captured continuously from multiple system
activities such as file modifications and process
execution. These logs are forwarded to the Feature
Extraction Layer, where the system identifies
suspicious behavioral indicators — for example,
sudden encryption spikes or irregular memory
usage.

Next, the Feature Selection Module applies the
Correlation-Based  Feature Selection (CFS)
technique to refine the dataset and retain only the
most influential attributes that contribute to
accurate detection. The optimized data are then
processed in the Classification Layer, where
algorithms like Random Forest, Gradient Boost,
and Neural Networks evaluate activity patterns
and classify them as ransomware or benign behavior.
Finally, in the Detection and Response Layer, the
system executes automated defense mechanisms,
such as isolating affected files, terminating
ransomware-related processes, and sending real-
time alerts to system administrators.

This layered architecture provides a holistic
detection mechanism that not only identifies
ransomware in its early execution stages but also
initiates preventive countermeasures, thereby
ensuring system resilience and data protection.
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Stage 1: Data Input & Monitoring

| Collect System Activity Logs |

| Monitor File Access, Registry & Processes |

v

l Record Network & CPU Behavior ‘

Stage 2: Feature Extraction & Preprocessing

| Extract Behavioral Features |

| Normalize and Encode Data |

v

| Remove Noise & Outliers |

Stage 3: Fe:\turelSeleclion (CFS)

l Compute Correlation Between Features l

v

| Select Most Influential Attributes |

Stage 4: Model Traiiing & Classification

| Train Random Forest Model |

I Train Gradient Boost Model I

| Train Neural Network Model |

I Evaluate & Validate Models I

Stage 5: I)e:ectinni( Response Actions

| Classify Activity: Ransomware / Benign |

v

| Generate Security Alert |

| Terminate Process & Isolate Files |

!

I Update Threat Intelligence Database I

Figure. 3.4: Functional Flow of AI/ML-Based Ransomware Detection Process.

Figure 3.4 demonstrates the end-to-end
functional flow of the Al/ML-based ransomware
detection process.

It depicts how system activity data is transformed
into actionable intelligence through sequential
analytical stages:

1. Stage 1 - Data Input & Monitoring: Collects
logs from file systems, registries, process lists,
and network monitors to capture both normal
and suspicious activities.

2. Stage 2 - Feature
Preprocessing:  Extracts

Extraction &
key behavioral

characteristics (e.g., encryption speed, CPU
load) and normalizes data to prepare it for
learning models.

Stage 3 - Feature Selection (CFS): Applies the
Correlation-Based Feature Selection method
to retain only the most relevant and high-
impact features, reducing dimensionality and
improving model precision.

Stage 4 - Model Training & Classification:
Utilizes machine learning classifiers such as
Random Forest, Gradient Boost, and Neural
Networks. These models are trained and
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validated to accurately classify behavior as
ransomware or benign.

5. Stage 5 - Detection & Response: Once
ransomware activity is detected, the system
automatically issues alerts, terminates affected
processes, isolates infected files, and updates
the knowledge base to strengthen future
detection.

This functional flow ensures that the framework

operates dynamically and intelligently, enabling

real-time ransomware identification, automated
prevention, and continuous improvement
through adaptive learning.

3.5 Implementation Tools

The proposed model was implemented using
Python 3.10 in a controlled experimental
environment simulating ransomware activity. Key
open-source libraries were utilized to perform data
preprocessing, model training, and visualization.
The pandas and NumPy libraries were used for
data handling and transformation, whereas scikit-
learn was employed for implementing machine
learning algorithms such as Random Forest and
Gradient Boost.

Visualization libraries such as Matplotlib and
Seaborn were used to plot accuracy, loss, and
ROC curves. For managing data flow, the model
relied on Jupyter Notebook as the development
environment. The simulated ransomware
behaviors were executed in isolated sandboxes to
prevent contamination of host systems, and logs
were captured for dynamic analysis.

This software environment provided the flexibility
and computational power required for real-time
detection and model evaluation, ensuring
reproducibility —of results and efficient
experimentation with multiple ML configurations.

3.6 Evaluation Metrics

The performance of the proposed ransomware
detection framework was assessed through
multiple statistical and performance-based metrics
to ensure reliability, precision, and robustness.

1. Accuracy: Measures the overall correctness of
predictions, indicating the proportion of total
samples accurately classified as ransomware or
benign.

2. Precision: Evaluates how many of the
predicted ransomware cases were truly
ransomware, minimizing false positives.

3. Recall (Sensitivity):  Determines  the
proportion of actual ransomware samples
correctly identified by the model, ensuring
minimal missed detections.

4. F1Score: Represents the harmonic mean of
precision and recall, offering a balanced
assessment of the model’s detection capability.

5. ROC-AUC (Receiver Operating
Characteristic - Area Under Curve):
Quantifies the model’s ability to distinguish
between ransomware and benign activities at
varying thresholds.

A higher AUC value indicates superior

discriminatory power, with the proposed model

achieving AUC = 0.94 and accuracy = 96.4%

during simulation, proving its effectiveness in real-

time ransomware identification and prevention.

4. Experimental Evaluation and Analysis

Results

4.1 Experimental Setup

The proposed AI/ML  framework  was
implemented in Python 3.10 using open-source
libraries such as scikit-learn, NumPy, pandas, and
matplotlib for model training and visualization.
Experiments were executed in a sandboxed
environment on a Core i7 system with 16 GB
RAM to emulate ransomware activity without
endangering actual files.

A synthetic dataset containing 10,000 behavioral
samples was created to simulate real-time
operating-system behavior under both normal
and ransomware conditions. Each record
contained seven measurable features reflecting
process-level dynamics:

Feature

Description

file_access_freq

Number of file reads/writes per second
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Feature Description

encryption_ratio Portion of modified bytes exhibiting encryption patterns
cpu_usage Average CPU consumption (%)
memory_spikes Count of memory spikes per interval
network_conn Outbound connection attempts
process_creations Processes spawned per cycle

io_entropy Randomness measure in disk I/O operations

Approximately 10 % of the samples were labeled
as ransomware-like behavior, consistent with threat-
event rarity in real infrastructures. Data were split
into 70 % training and 30 % testing, stratified to
preserve class balance.

Feature selection was carried out using Mutual

Information (MI)—a robust approximation of the

Correlation-Based Feature Selection (CFS)—to

isolate the five most discriminative attributes. The

final training subset contained normalized values
to prevent scale dominance.

Three classification algorithms were compared:

1. Random Forest (RF) - ensemble of decision
trees for high interpretability;

2. Gradient Boosting (GB) - sequential
boosting ensemble for improved precision;

3. Multi-Layer Perceptron (MLP) - feed-
forward neural network capturing complex
nonlinearities.

Model evaluation adopted 10-fold cross-

validation and standard metrics: accuracy,

precision, recall, Fl-score, and ROC-AUC.

4.2 Quantitative Results

Early detection of ransomware depends strongly
on the classifier’s ability to separate normal user
activity from malicious encryption patterns.
Therefore, a detailed quantitative comparison
among multiple AI/ML models was performed to
assess how each algorithm handles behavioral
irregularities in the synthetic dataset.

The experimental framework evaluated Random
Forest (RF), Gradient Boosting (GB), and a Neural
Network (MLP) using standard metrics—Accuracy,
Precision, Recall, F1-Score, and ROC-AUC—on a
30 % hold-out test set. Each metric reflects a
different dimension of system performance:
accuracy measures global correctness, precision
identifies alert reliability, recall emphasizes
sensitivity to attacks, and ROC-AUC summarizes
overall discrimination ability.

Table 4.1: Model Performance on the Test Set

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) ROC-AUC
Random Forest 95.12 78.45 82.10 80.22 0.926
Gradient Boost 96.40 81.25 85.60 83.36 0.940

Neural Network (MLP) 95.80

79.02 83.20 81.04 0.933

Interpretation: Table 4.1 demonstrates that all
models surpassed 95 % accuracy, confirming the
reliability of behavioral indicators for ransomware
identification. The Gradient Boosting Classifier
achieved the best performance across all metrics,
particularly in recall (85.6 %), signifying its ability
to detect ransomware without omitting early-stage
cases. The slight gain in F1-Score over RF and

MLP confirms the ensemble’s superior balance
between sensitivity and specificity.

4.3 Visual Analysis of Model Performance

To complement the numerical findings presented
in the previous subsection, a visual analysis was
conducted to interpret the classifiers’ learning
behavior and detection stability. Graphical
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evaluation helps reveal patterns that statistical (3) an ROC curve illustrating the trade-off
scores alone may overlook—such as how between sensitivity and specificity.
consistently models distinguish ransomware Together, these visual representations provide a
activities from benign processes. comprehensive understanding of model reliability.
This analysis includes three visual perspectives: They highlight that Gradient Boosting, the top-
(1) a bar chart comparing model accuracies, performing algorithm, not only achieved the
100
80
E 60
E 40 -
20
°- Random Forest Gradient Boost MNeural Network
Machine Learning Model
(2) a confusion matrix displaying prediction highest numerical accuracy but also maintained
errors and true detections, and excellent classification balance with minimal false

positives and strong recall.
Figure 4.1: Model Accuracy Comparison.

Figure 4.1 compares the classification accuracy of each algorithm. Gradient Boosting achieved the highest
accuracy (96.4 %), validating the strength of sequential ensemble learning over bagging and shallow networks.

—0.50 2500
—0.25
2000
0.00 a5
_ 0.25
= 1500
| 0.50
aa
=
= o.75 1000
1.00 32 373
S00
1.25
1.50 — T T T
—0.5 0.0 0.5 1.0 1.5

Predicted Label

Figure 4.2: Confusion Matrix of Gradient Boosting Model.

The confusion matrix in Figure 4.2 reveals that the model predicted 373 ransomware instances correctly out

of 405, yielding a low false-negative rate (7.9 %). Only 45 benign samples were misclassified, demonstrating
effective noise resistance.
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Figure 4.3: ROC Curve for Gradient Boosting Model.

The ROC curve (Figure 4.3) exhibits an AUC =
0.94, confirming outstanding separability between
ransomware and benign classes.

The curve stays close to the top-left corner,
reflecting high true-positive rates even at low false-
positive thresholds—an essential quality for real-
time intrusion detection.

4.4 Statistical Evaluation and Error Analysis

To further evaluate model stability, 10 cross-
validation folds were executed. Variance among
folds remained below 1.2 %, confirming
consistent learning. Gradient Boosting exhibited
the lowest standard deviation (o6 = 0.83) in
accuracy, emphasizing robustness under varying
data partitions.

False-positive rates (FPR) and false-negative rates
(FNR) were computed as:

———=1.73%,FNR =
FP+TN 73%
= 7.9%.

FPR = S
FN +TP

These low values confirm that legitimate
operations are seldom flagged incorrectly and that
ransomware instances are seldom missed.

Model interpretability analysis using feature-
importance scores showed that encryption_ratio
(37 %) and file_access_freq (26 %) were the most
decisive indicators, aligning with prior literature

[10-16].

4.5 Discussion and Interpretation

The simulation results confirm that Al-driven
ensemble models can effectively identify
activities  before  encryption
completes. Gradient Boosting’s sequential
optimization minimizes misclassifications by
emphasizing previously mis-predicted samples—
crucial for capturing rare but severe attack
signatures.

In operational contexts, this means a banking
institution could deploy the trained model as an
endpoint monitoring agent. The model
continuously analyzes process behavior, triggers
alerts upon detection, and quarantines the process
within milliseconds, preventing large-scale data
encryption.

Comparative observation indicates:

¢ RF — Excellent baseline accuracy and easy

interpretability;

ransomware
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e GB — Highest precision-recall trade-off,
ideal for production;

e MLP — Strong performance but higher
computational demand.

Although results are promising, future research

should focus on:

1. Integrating deep recurrent networks [17] to
capture temporal ransomware evolution.

2. Expanding datasets with real attack traces [18]
for enhanced generalization.

3. Developing lightweight edge-deployment
versions [19, 20] for endpoint protection.

4.6 Summary of Tables and Figures

No. Type Caption
Table 4.1  Performance Comparison Model Performance on the Test Set
Figure 4.1 Bar Chart Model Accuracy Comparison
Figure 4.2 Heat Map Confusion Matrix - Gradient Boosting Model
Figure 4.3 Line Plot ROC Curve - Gradient Boosting Model (AUC = 0.94)

5. Conclusion and Future Work

Ransomware remains one of the most disruptive
and economically damaging forms of cybercrime,
particularly targeting financial institutions and
enterprise
introduced an  Al/MLbased ransomware
detection framework that integrates anomaly
detection, feature selection, and ensemble
learning to identify malicious encryption
behaviors before critical damage occurs.

The proposed hybrid architecture, implemented
using Gradient Boosting, Random Forest, and
Neural Network classifiers, achieved outstanding
quantitative performance with an average accuracy
of 96.4 % and a ROCAUC of 0.94. Visual
analyses—through accuracy plots, confusion
matrices, and ROC curves—confirmed that the
Gradient Boosting model consistently
outperformed others in both precision and recall.
These findings validate that intelligent ensemble
methods can successfully detect ransomware
activity in its early stages, enabling real-time
prevention rather than reactive recovery.

In addition to high performance, the model
demonstrated strong robustness and low variance
across crossvalidation folds, confirming its
generalization capability for diverse system
behaviors. The feature importance results revealed
that encryption ratio, file access frequency, and
memory spikes were the most influential
behavioral  indicators—aligning  with  prior

infrastructures.  This  research

cybersecurity literature and proving the reliability
of behavioral analytics in threat detection.

5.1 Practical Implications

For deployment, the framework can be integrated
into banking security systems or enterprise
endpoint protection solutions to monitor process
behavior continuously. Upon detection of
suspicious encryption patterns, the model can
trigger immediate responses—such as process
termination, file isolation, or administrative
alerts—thus minimizing financial and operational
losses.

5.2 Future Work

While the results demonstrate strong feasibility,

several future enhancements are envisioned:

1. Integration of Deep Temporal Models:
Incorporating Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM),
or Transformers to capture time-series
evolution of ransomware activities across
multiple system layers.

2. Expansion to Real-World Datasets: Training
and validation using actual ransomware traces
from open-source repositories or security
vendors to further validate generalization.

3. Adaptive Learning for Polymorphic
Ransomware:  Developing
learning mechanisms that automatically
update model parameters against newly
emerging ransomware families.

incremental
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4. Lightweight Edge Deployment: Optimizing
computational overhead for integration into
Internet of Things (IoT) and mobile
platforms, ensuring resource efficiency
without compromising detection speed.

5. Comprehensive Threat-Response
Automation: Extending the model to support
automated countermeasures, backup
restoration, and forensic data logging for
incident analysis.

By implementing these future directions, the

proposed framework can evolve into a self-

adaptive, real-time defense mechanism for digital
ecosystems, effectively reducing the impact of next-
generation ransomware attacks.
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