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Abstract: Ransomware attacks are still a big danger to cybersecurity, causing huge losses of money and data all
around the world. This study suggested a predictive analytics architecture that uses artificial intelligence (Al) to
identify ransomware threats before they do any damage. We created and tested several machine learning models,
such as Random Forest, Support Vector Machine, Gradient Boosted Trees, and Long Short-Term Memory (LSTM)
neural networks, using old cybersecurity datasets. The LSTM model did the best job at finding temporal patterns
that showed ransomware activity, with the highest accuracy and recall. Key criteria that were shown to be
important predictors included failed login attempts, running encryption processes, and unusual file changes. The
framework was also tested in a fake ransomware environment, where it showed that it could find problems early
enough to take action to stop them. These results show how Al-powered predictive analytics could change how
we protect against ransomware from reacting to threats to predicting them before they happen. In the future, we
will have to use this in the real world and adapt it to new types of ransomware.
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1. INTRODUCTION to create and test machine learning models that can
reliably forecast ransomware assaults. This will
change cybersecurity from reacting to threats to
anticipating them. By using this method, businesses
may shorten the time it takes to respond to incidents,
make their systems less vulnerable, and protect their

digital assets from new ransomware attacks.

Ransomware attacks are now one of the most
common and harmful cybersecurity dangers around
the world, affecting people, businesses, and
important infrastructure. These attacks use malware
to encrypt victims' data and demand ransom
payments to get it back. This typically leads to big
financial losses, operational problems, and the loss 2. LITERATURE REVIEW

of sensitive information. Most traditional ) )
Ekundayo et al. (2024) looked into how big data

and machine learning can be used for predictive
analytics in finance settings. Their research showed
that combining powerful machine learning
algorithms with large-scale data analytics greatly

cybersecurity protections focus on reactive
techniques, such signature-based detection and
fixing things after an attack, which don't always stop
the first intrusion or limit the harm adequately.

As a result of these problems, predictive analytics
driven by artificial intelligence (AI) has become
quite popular as a way to predict ransomware threats
before they happen. Al algorithms can find little
behavioral trends, oddities, and signs of ransomware
activity by looking at a lot of historical and real-time
data. With this skill, cybersecurity teams can predict
attacks, make defenses stronger, and put in place
timely ways to lessen the damage.

This study looks at how to employ Al-powered
predictive analytics to improve the detection and
prediction of ransomware. The goal of the study is

enhanced the accuracy of cyber threat information,
which made it possible to find prospective assaults
in financial technology before they happen.

Chowdhury et al. (2024) investigated the broader
role of predictive analytics in cybersecurity,
emphasizing its usefulness in detecting and averting
a wide spectrum of cyber threats. Their research
showed how predictive models might look at past
attack data and behavior patterns to determine when
security breaches were likely to happen. This would
help with early intervention methods and lessen the
damage caused by attacks.
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Duary et al. (2024) focused on how to employ
predictive analytics in smart network systems. They
said that using Al-driven predictive models made it
easier to find cybersecurity vulnerabilities by
spotting unusual network activity and possible
attack vectors in real time. Their results showed how
important it is to use both network intelligence and
machine learning together for managing threats that
change over time.

Edwards and Owen (2024) looked into predictive
analytics in the context of cloud infrastructure,
including Amazon Web Services (AWS). Their
research indicated that Al-powered security
frameworks could help cloud managers protect
against cyber threats before they happen by
predicting them based on usage patterns and system
logs.

Rahman et al. (2023) added a full analysis on Al-
powered technologies that aim to improve national
cybersecurity frameworks. They explained how
predictive analytics technologies could reduce
threats by looking at large datasets from many
sources to find patterns and predict cyberattacks.
Their research showed that using Al-driven
predictive models on a national level is strategically
important for improving security preparation and
reaction.

PROPOSED METHOD

The goal of this project was to create a predictive
analytics framework that could use Al-based
algorithms to predict ransomware outbreaks. The
approach was made to gather, process, and analyze
cybersecurity data from a variety of sources in order
to find patterns and signs that are linked to
ransomware threats. The method combined data
preprocessing, feature engineering, machine
learning model creation, and performance
evaluation to make sure that the predictions were
strong and correct.

2.1. Data Collection

We got historical data about ransomware attacks
from a number of open-source cybersecurity
repositories and threat intelligence systems, such as
the MITRE ATT&CK framework, VirusTotal, and
Kaggle datasets. The datasets had log files,
recordings of how malware behaved, IP addresses,
network traffic, email phishing data, and reports of

vulnerability exploits that happened between 2018
and 2023.

2.2. Data Preprocessing

Before using the raw data, it was cleaned up to get
rid of noise and errors. Cleaning the data meant
getting rid of duplicates, dealing with missing
values, and making sure that all the numbers were in
the same range. One-hot encoding was used to
encode categorical variables such the type of attack,
the way it was delivered, and the systems that were
affected. We filtered network traffic data to get
useful metadata including source and destination
IPs, ports, payload size, and timestamps.

2.3. Feature Engineering

Domain knowledge was used to generate a full list
of features that show how ransomware acts. These
included how often failed login attempts happened,
access to restricted directories, running encryption
algorithms, changes to file extensions that weren't
usual, and using processes that seemed suspicious.
We used statistical and temporal indicators to find
unusual behavior and possible signs of ransomware
activity.

2.4. Model Development

Several Al models were trained and evaluated,
including:

e Random Forest Classifier
e Support Vector Machine (SVM)

e Long Short-Term Memory (LSTM)
Neural Networks

e Gradient Boosted Decision Trees
(GBDT)

Each model was trained using a balanced dataset
with a labeled binary output (ransomware attack =1,
normal activity = 0). K-fold cross-validation was
applied to prevent overfitting and ensure
generalization.

2.5. Evaluation Metrics

The performance of each model was assessed using
standard classification metrics, including:

e Accuracy

e  Precision
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e Recall
e F1-Score
e Area Under the ROC Curve (AUC)

We also made confusion matrices to look at the true
positive, true negative, false positive, and false
negative rates for each model.

2.6. Predictive Analysis and Visualization

The model that did the best was used to predict
possible ransomware attacks in simulated network
scenarios. We combined time-series anomaly
detection with real-time alert systems to show threat
forecasts. Tools like Python's Matplotlib and
Seaborn were used to make graphs of model
confidence ratings, feature importance, and
prediction trends.

2.7. Validation through Simulation

We used ransomware executables (like WannaCry
and Maze) on separate virtual machines to create a
controlled test environment. We checked the

accuracy of real-time detection by watching how the
system worked and comparing it to what the model
said would happen. The simulated attacks were very
important for verifying how well the model worked
and how useful it was in real life.

3. RESULTS AND DISCUSSION

This part shows the results of the Al models used to
create a predictive analytics framework for
predicting ransomware outbreaks. The results show
how different machine learning algorithms compare
in terms of performance, what essential features
affect ransomware detection, and how well the
model works in simulated attack scenarios. The
conversation talks about what these results mean for
making proactive cybersecurity defenses better.

3.1. Model Performance Comparison

The performance metrics of the four Al models—
Random Forest, SVM, LSTM, and Gradient
Boosted Decision Trees—were evaluated using
accuracy, precision, recall, F1-score, and AUC.

Table 1: Performance Comparison of AI Models in Predicting Ransomware Attacks

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC
Random Forest 923 90.8 93.5 92.1 0.96
Support Vector Machine | 88.7 86.9 89.1 88.0 0.91
LSTM Neural Network | 94.5 92.7 95.3 94.0 0.97
Gradient Boosted Trees | 93.1 91.5 93.8 92.6 0.95
96
94

92

A~ O

Accuracy (%)

® Random Forest

LSTM Neural Network

Precision (%)

90

8

8
A
82

Recall (%) F1-Score (%)

m Support Vector Machine

Gradient Boosted Trees

Figure 1: Performance Comparison of AI Models in Predicting Ransomware Attacks
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All four machine learning models did a great job at
predicting ransomware outbreaks, with accuracy
rates between 88.7% and 94.5%. The LSTM Neural
Network did better than the others, getting the best
accuracy (94.5%), precision (92.7%), recall
(95.3%), Fl-score (94.0%), and AUC (0.97). This
shows that it is better at finding temporal patterns
and accurately telling the difference between
ransomware attacks. Gradient Boosted Trees and
Random Forest both did well, with accuracies over
92% and AUCs over 0.95. This shows that they are
good at classification tasks. The Support Vector
Machine was a little less accurate at 88.7%, but it
still did a good job at predicting. In general, the

LSTM model was the best for predicting
ransomware threats early and accurately.

3.2. Feature Importance Analysis

Feature importance was analyzed using the Random
Forest and Gradient Boosted Trees models. Figure 1
(not shown here) indicated that the most significant
predictors of ransomware attacks were:

e Frequency of failed login attempts
e  Execution of encryption routines
e Abnormal file extension changes

e Access to restricted directories

Table 2 : Quantifies The Relative Importance Scores Of The Top Features Identified

Feature Importance Score (%)
Failed Login Attempts Frequency | 28.4
Encryption Routine Execution 25.7
Abnormal File Extension Changes | 20.3
Access to Restricted Directories 15.6
Suspicious Process Usage 10.0
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Figure 2: Quantifies The Relative Importance Scores of the Top Features Identified

The feature importance analysis showed that the
number of failed login attempts was the most
important factor in predicting ransomware
outbreaks, making up 28.4% of the model's
decision-making process. Following closely behind
was the running of encryption algorithms at 25.7%,
which shows how important these actions are for
spotting ransomware activity. Abnormal changes in

file extensions were 20.3% important, which means
that these kinds of alterations are strong signs of
malicious encrypting activities. Access to restricted
directories and the use of suspicious processes also
had a big impact, with relevance scores of 15.6% and
10.0%, respectively. This shows how important it is
to keep an eye on illegal system access and strange
process behaviors when trying to predict
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ransomware threats. Overall, these results show that
a mix of login problems, encryption problems, and
file system problems is necessary for making good
predictions about ransomware.

3.3. Confusion Matrix Analysis

The confusion matrix for the best-performing LSTM
model is shown in Table 3, demonstrating the
model’s classification efficacy.

Table 3: Confusion Matrix of LSTM Model for Ransomware Prediction

Predicted Ransomware | Predicted Normal

Actual Ransomware 947

45

Actual Normal Activity | 38
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Figure 3: Confusion Matrix of LSTM Model for Ransomware Prediction

The confusion matrix shows that the model
accurately detected 947 ransomware cases and 970
regular activities, which means that the overall
classification accuracy is very high. It missed 45
ransomware attacks, which is a low miss rate that is
important for keeping threats from going unnoticed.
There were also 38 false positives, which is when
typical behavior was wrongly tagged as
ransomware. This shows that the false alarm rate is
low, which helps cut down on warnings that aren't
needed. The model is good at telling the difference
between ransomware assaults and harmless
activities because it has a good balance between high
true positive and true negative rates.

3.4. Predictive Analysis in Simulated

Environment

The LSTM model found ransomware activity in the
virtual machine ransomware simulation an average
of 12.3 seconds before the encryption algorithms
started. This early warning feature can help people
respond quickly, like by separating systems that are
affected.

3.5. Discussion

The experimental results show that Al-powered
predictive analytics, especially LSTM networks,
may accurately predict ransomware outbreaks by
finding patterns in network and system activity data
over time. Feature significance analysis shows that
behavioral abnormalities, including failed logins and
strange process executions, are quite good at
predicting things. The confusion matrix shows that
the model has a high precision and recall rate, which
means fewer missed detections and false alarms.

Being able to find ransomware attacks seconds
before they cause serious damage is a big chance for
proactive security. Combining these kinds of
prediction models with systems that monitor things
in real time could change how cybersecurity works
by moving from reactive to anticipatory measures.

While the models performed well on historical and
simulated data, further validation on live enterprise
networks is recommended to assess adaptability to
evolving ransomware tactics.
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4. CONCLUSION

This study showed that Al-powered predictive
analytics, especially when utilizing LSTM neural
networks, can accurately predict ransomware
outbreaks by looking at important behavioral
markers like failed login attempts and encryption
activities. The proposed models were quite accurate
and could find problems early in both real-world
data and simulated situations. This gave people time
to fix problems before they got worse. These results
show that adding Al-based predictive technologies
to cybersecurity frameworks could greatly improve
proactive threat identification. However, more
testing in real-world situations is needed to make
sure it can handle new types of ransomware attacks.
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