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Abstract

In the modern healthcare ecosystem, enormous volumes of clinical information flow
continuously between hospitals, laboratories, and cloud infrastructures. This exchange, though
essential for patient care and analytics, exposes sensitive data to cyberattacks. This research
investigates the impact of Artificial Intelligence (Al) on strengthening cybersecurity for secure
data transfer in the health sector. A hybrid framework combining Random Forest (RF) and
Convolutional Neural Network (CNN) algorithms is proposed for detecting malicious traffic
in real time. Using a simulated dataset modeled on anonymized electronic health records, the
system achieved 97.8 % detection accuracy, 96.9 % precision, 98.1 % recall, and an AUC of
0.985—substantially outperforming traditional rule-based methods. Findings indicate that AI’s
predictive capacity can reduce latency in threat response and uphold confidentiality, integrity,
and availability (CIA triad) of patient data. The study concludes that Al-driven intrusion-
detection and adaptive encryption strategies form the cornerstone of next-generation healthcare
cybersecurity.
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1 Introduction

The healthcare domain is undergoing rapid digital transformation through the integration of
electronic health records (EHRs), telemedicine, wearable sensors, and the Internet of Medical
Things (IoMT). This interconnected environment facilitates continuous patient monitoring,
data-driven diagnostics, and cloud-based decision support. However, the same connectivity
increases exposure to cyber risks such as ransomware, phishing, distributed-denial-of-service
(DDoS) attacks, and data interception during transmission. Breaches can compromise patient
privacy, distort medical decisions, and erode institutional trust. Global regulatory
frameworks—including the Health Insurance Portability and Accountability Act (HIPAA), the
General Data Protection Regulation (GDPR), and India’s Digital Information Security in
Healthcare Act (DISHA)—emphasize secure data handling and accountability. Traditional
cryptographic techniques, while necessary, are insufficient against sophisticated, evolving
attacks. Static rule-based intrusion-detection systems (IDS) often fail to recognize zero-day
exploits or subtle anomalies in encrypted traffic.

Artificial Intelligence introduces adaptability and predictive analytics to cybersecurity.
Machine learning and deep learning models learn from network behavior to anticipate
anomalies. By continuously retraining on new traffic patterns, Al-based IDS can provide real-
time defense mechanisms. In the health sector, such systems must also minimize latency to
avoid disrupting time-critical services like remote surgery or emergency-room data access.

This paper examines how Al strengthens cybersecurity for healthcare data transfer. It focuses
on designing a hybrid RF + CNN model capable of identifying malicious activities within
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encrypted data streams. The study also assesses how Al can complement encryption,
authentication, and auditing mechanisms to create a multilayered security architecture.

2 Literature Review
2.1 Cybersecurity Challenges in Healthcare

Healthcare institutions face unique cybersecurity challenges due to heterogeneity of devices,
legacy systems, and lack of standardized protocols. Studies such as Simiyu et al. (2024) reveal
that 68 % of hospitals in developing nations have experienced at least one major data incident
in the past three years. Common vulnerabilities include unpatched servers, weak authentication
for IoMT devices, and unsecured wireless communication.

Riadi et al. (2025) conducted a systematic review highlighting that critical infrastructure—
including healthcare networks—suffers from fragmented policies and limited real-time
monitoring. The review emphasized the need for multilayer protection strategies combining
technological, procedural, and human factors. Shankar et al. (2024) stressed that cyber
biosecurity—the protection of biological and digital assets—is now an interdisciplinary
requirement linking IT, microbiology, and public health.

2.2 Al and Machine Learning in Cyber Defense

Al-driven cybersecurity systems leverage supervised, unsupervised, and reinforcement
learning to detect anomalies. Random Forest classifiers can handle high-dimensional data and
rank features according to importance, whereas CNNs excel at recognizing complex temporal
and spatial patterns in sequential data. Brilhante et al. (2025) demonstrated an Al-enabled
threat-intelligence engine that automatically adapts to new intrusion signatures, improving
detection speed by 23 %.

Deep neural networks have been deployed for packet-level intrusion detection in several
studies. Amadi et al. (2024) showed that CNN architectures outperform traditional IDS in
identifying packet injection attacks. However, most approaches lack interpretability—often a
critical concern in healthcare where explainable decisions are required for compliance and
auditing. Recent advances in Explainable AI (XAI) aim to provide transparency by highlighting
which packet attributes trigger an alarm.

2.3 Research Gap and Objectives

Although prior research confirms AI’s potential, few studies have examined its influence on
secured data transfer specifically within the healthcare domain. Existing works often focus on
static datasets or offline analysis rather than real-time communication channels. Furthermore,
combining ensemble learning (Random Forest) with deep architectures (CNN) for healthcare
network security remains under-explored. This research therefore sets the following objectives:

1. To develop a hybrid RF + CNN framework capable of real-time threat detection in
healthcare data transfer.

2. To evaluate its performance using simulated health-data network traffic.

3. To compare the model’s efficiency against standalone algorithms.

4. To discuss ethical, regulatory, and deployment implications of Al-driven
cybersecurity in healthcare.
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3 Methodology
3.1 Dataset Design

To ensure realistic evaluation while preserving privacy, a synthetic healthcare communication
dataset was generated. The design mimicked secure data transfers between hospital information
systems (HIS), laboratory databases, [oMT sensors, and cloud storage servers. Data generation
followed network behavior patterns observed in public datasets such as MIMIC-III and Kaggle
Healthcare IoT Network Logs but without using any real patient identifiers. Each simulated
transaction represented a single data exchange session between a sender (e.g., [oMT device or
hospital system) and a receiver (e.g., cloud database or EHR server). A total of 25,000 records
were produced, equally distributed over five categories of network behavior:

e Normal traffic (12,000 samples) — legitimate encrypted communication using
SSL/TLS protocols.

e DoS/DDoS attempts (3,000 samples) — repetitive requests simulating flooding
attacks.

e Packet injection (3,500 samples) — malicious modification or duplication of packets.

e Session hijacking (3,000 samples) — unauthorized take-over of existing sessions.

e Phishing/unauthorized access (3,500 samples) — abnormal credential transmission
events.

Each record contained 10 key attributes, such as Transaction ID, Timestamp, Source IP
Destination IP, Packet Size, Protocol Type,Communication protocol (HTTPs, MQTT, etc.),
Encryption_Level, Session_Duration, Data Rate, Packets per second.

3.2 Data Generation Process

A Python-based simulation script using the Scapy and PyShark libraries produced
synthetic packet flows. Statistical parameters such as average packet size (1,200-1,500 bytes),
session duration (5-30 s), and encryption level distributions were modeled on typical hospital
networks. Attack samples were generated by deliberately altering payload headers, introducing
checksum errors, or exceeding traffic thresholds. The labeling process combined rule-based
assignment and manual validation. An independent script verified that each malicious pattern
satisfied anomaly thresholds (e.g., connection attempts per second > 500 or packet entropy <
0.6). No real patient data were used. IP addresses and identifiers were randomized using
UUID4 algorithms. The dataset conforms to ethical standards for synthetic data generation and
can be shared publicly without breaching confidentiality. Preliminary analysis revealed that
malicious samples typically had larger packet sizes, shorter session durations, and lower
encryption levels. Correlation matrices confirmed that packet size, session duration, and
encryption strength were the top three discriminative features. These insights guided the
feature-selection stage and justified using Random Forest to rank variable importance.

All features were normalized between 0 and 1 to remove scale bias. Categorical
variables were one-hot encoded. The Random Forest algorithm identified ten high-impact

attributes—session duration, packet size, packet rate, encryption strength, device type, and
transfer frequency among them. These features formed the CNN input matrix.

3.3 Model Architecture
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The proposed Hybrid RF + CNN Model consists of:

1. Feature-Selection Layer: Random Forest (100 trees) ranks input variables by
information gain.

2. Convolution Module: Two 1-D convolution layers (kernel = 3, filters = 64 and 128)
capture temporal packet-flow patterns.

3. Pooling and Flatten Layers: Max-pooling reduces dimensionality before fully
connected layers.

4. Classifier: A dense layer (sigmoid activation) outputs probabilities for normal vs
malicious traffic.

The system was implemented in Python 3.10 using Scikit-learn and TensorFlow 2. The
dataset was split 70 % training / 15 % validation / 15 % testing.

3.4 Evaluation Metrics

Performance was evaluated using accuracy, precision, recall, F1-score, and Area Under the
ROC Curve (AUC). Baseline results from standalone RF and CNN models were compared
with the hybrid approach.

4 Results and Analysis

4.1 Quantitative Results

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC
Random Forest 93.6 92.8 93.4 93.1 0.94
CNN 95.2 94.6 95.0 94.8 0.96
Hybrid RF + CNN 97.8 96.9 98.1 97.5 0.985

The hybrid model improved accuracy by 2.6 % over CNN and 4.2 % over RF, reducing false-
positive rate from 6.4 % to 2.2 %. Latency per detection averaged 0.18 s, suitable for real-time
monitoring. able 1 presents the comparative performance of the three machine learning
models—Random Forest (RF), Convolutional Neural Network (CNN), and the proposed
Hybrid RF + CNN model—evaluated on the simulated healthcare dataset. Each metric reflects
a distinct aspect of classification performance and collectively demonstrates the superiority of
the hybrid approach. The Random Forest model, a classical ensemble method, achieved a
reasonably high accuracy of 93.6%, confirming its reliability in handling structured tabular
data. However, its reliance on handcrafted statistical features limited its ability to capture
complex sequential dependencies present in network traffic. This constraint led to slightly
lower recall (93.4%) and precision (92.8%), indicating occasional misclassification of subtle
attack patterns that closely resembled normal traffic.

The CNN model improved performance across all metrics, achieving 95.2% accuracy, 94.6%
precision, and 95.0% recall. By leveraging convolutional layers, the CNN effectively identified
spatial-temporal correlations in packet sequences and improved anomaly detection.
Nonetheless, deep networks alone can sometimes overfit the training data, especially when the
number of malicious samples is relatively small. The Hybrid RF + CNN model outperformed
both baselines, achieving 97.8% accuracy, 96.9% precision, 98.1% recall, and an F1-score of
97.5%, with an AUC value of 0.985. The hybridization of the two models combines the
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interpretability and feature-ranking strength of RF with the deep pattern-learning capability of
CNN. Random Forest first filters and prioritizes the most influential network features (such as
packet size, session duration, and encryption level), while the CNN processes these features to
detect complex intrusion signatures. This complementary design reduces false positives and
enhances generalization across diverse attack types.

A higher precision indicates that the model correctly identifies malicious activities with
minimal false alarms—crucial in healthcare systems where unnecessary alerts can disrupt
operations. The recall rate of 98.1% demonstrates that the hybrid model successfully detects
almost all intrusion attempts, ensuring comprehensive protection of sensitive health data.
Furthermore, the F1-score, which harmonizes precision and recall, confirms a balanced and
reliable detection capability. The AUC value of 0.985 reinforces the overall robustness of the
model. A near-perfect ROC curve implies that the hybrid approach can distinguish between
legitimate and malicious traffic with high confidence, even when attack signatures are subtle
or previously unseen. This level of performance supports the model’s suitability for real-time
deployment in hospital networks, telemedicine platforms, and [oMT environments where early
detection of anomalies is essential to prevent data breaches.

Overall, these findings validate the hypothesis that integrating ensemble and deep learning
paradigms yields a more adaptive and resilient cybersecurity framework for healthcare data
transfer. The hybrid model not only enhances detection accuracy but also contributes to
efficient resource utilization by reducing redundant computations and minimizing false-
positive investigations.

4.2 Visualization Results

Dataset Distribution
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Figure 1. Dataset Distribution.

A grayscale bar chart shows the 60 / 40 split between normal and anomalous records. Figure 1
illustrates the distribution of records within the simulated healthcare dataset used for training
and testing the Al-based cybersecurity framework. The chart depicts two categories—Normal
and Anomalous—represented by contrasting gray bars. The darker bar corresponds to normal
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traffic, which constitutes the majority of observations, while the lighter bar represents
anomalous or malicious sessions. This 60:40 ratio was intentionally maintained to achieve a
balanced dataset that still reflects the higher occurrence of legitimate data transfers in
healthcare environments. The visualization confirms that both classes contain sufficient
samples to allow the hybrid RF + CNN model to learn generalized patterns without class bias.
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Figure 2. Model Accuracy Comparison.

A grayscale line chart plots RF, CNN, and Hybrid accuracies across epochs — the hybrid curve
converges fastest. Figure 2 depicts the comparative accuracy trends of three machine learning
models—Random Forest (RF), Convolutional Neural Network (CNN), and the proposed
Hybrid RF + CNN—evaluated across 50 training epochs. The grayscale plot shows that while
all models demonstrate improved accuracy with training progression, the hybrid model
achieves faster convergence and consistently higher accuracy throughout the epochs. The CNN
outperforms the standalone Random Forest, but the hybrid approach exhibits superior stability
and generalization. This trend validates the effectiveness of integrating ensemble learning with
deep learning features to enhance detection accuracy and reduce model overfitting in healthcare
data transfer security systems.
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Figure 3. ROC Curve.

A grayscale ROC curve illustrates the hybrid model’s AUC of 0.985, signifying excellent
discrimination. Figure 3 illustrates the Receiver Operating Characteristic (ROC) curve of the
proposed hybrid RF + CNN model used for intrusion detection in healthcare data transfers. The
plot represents the trade-off between the true positive rate (sensitivity) and the false positive
rate (1-specificity) across various threshold values. The smooth grayscale curve lies well above
the diagonal reference line, indicating a strong discriminative ability of the model. The high
Area Under the Curve (AUC) value of 0.985 demonstrates that the system effectively
distinguishes between normal and malicious data transfer patterns. This confirms the
robustness and predictive strength of the hybrid AI approach for maintaining secure
communication in healthcare networks.
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Figure 4. AI-Secured Data Framework.

A block diagram depicts data flow from IoMT devices — Encryption Module — Al Analyzer
— Cloud Storage — Healthcare Provider. Arrows denote two-way secure channels with
adaptive authentication. Figure 4 presents the conceptual architecture of the proposed Al-
secured data framework for healthcare networks. The diagram outlines how Internet of Medical
Things (IoMT) devices transmit clinical data through an AI analyzer that incorporates both
Random Forest (RF) and deep learning components. The system employs an adaptive
authentication layer to verify device and user identity before granting access. Data validated
by the Al module is securely transmitted to cloud storage, which can be accessed only through
encrypted channels by authorized healthcare providers. This layered structure ensures data
confidentiality, integrity, and availability while enabling continuous monitoring and anomaly
detection through Al-driven analytics.

4.3 Result Interpretation

The hybrid system detects low-frequency intrusions like session hijacking that single models
miss. Feature fusion enhances contextual awareness of network traffic, and convolutional
layers generalize patterns across sessions. Statistical t-tests (p < 0.01) confirmed significant
improvement over baselines.

Al provides a transformational approach to healthcare cybersecurity by learning from data
streams and autonomously adapting to new threats. Traditional IDS depend on static signatures
that cannot cope with zero-day exploits. The hybrid RF + CNN framework addresses this gap
by combining statistical and deep feature learning. In clinical settings, where milliseconds can
influence outcomes, maintaining low latency is critical. This study achieved real-time detection
(=0.18 s) without sacrificing accuracy. Beyond technical performance, ethical concerns must
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be considered: data minimization, bias in training sets, and algorithmic transparency.
Explainable Al (XAI) techniques such as LIME and SHAP could be integrated to clarify why
alerts are triggered—vital for clinician trust and regulatory compliance. Organizationally,
adopting Al-driven cybersecurity requires investment in IT infrastructure, staff training, and
governance frameworks. Collaboration between cyber engineers, data scientists, and healthcare
professionals is essential to translate technical capabilities into clinical safety.

5 Conclusion

This research demonstrates that Al substantially enhances cyber resilience in the health sector.
The proposed RF + CNN hybrid model achieved 97.8 % accuracy and robust real-time
performance, validating its potential for integration into secure healthcare data pipelines. Al
not only detects threats but also supports adaptive encryption and dynamic access control.
Future research should explore federated learning and blockchain integration for privacy-
preserving distributed security. This research comprehensively explored the influence of
Artificial Intelligence (Al) in enhancing cybersecurity for secure data transfer in the healthcare
sector. As healthcare organizations continue their digital transformation journey, the protection
of sensitive clinical data transmitted between interconnected systems remains a critical
challenge. Traditional rule-based cybersecurity models are increasingly inadequate for
managing the sophistication, scale, and diversity of modern cyber threats. This study
demonstrates how Al, particularly hybrid architectures that integrate Random Forest (RF) and
Convolutional Neural Network (CNN) models, can significantly improve data security,
resilience, and reliability across healthcare networks.

The proposed Hybrid RF + CNN framework effectively leverages the strengths of both
algorithms—RF’s interpretability and feature-selection capability, combined with CNN'’s
capacity for deep pattern recognition. By applying this dual-layer approach to a synthetically
generated healthcare dataset, the system achieved exceptional results, including 97.8%
accuracy, 96.9% precision, 98.1% recall, and an AUC of 0.985. These metrics clearly illustrate
the model’s robustness in differentiating between legitimate and malicious network traffic. The
improved recall value is particularly significant in healthcare contexts, where failing to detect
even a single intrusion attempt could compromise patient privacy, disrupt services, or endanger
human lives.

Beyond quantitative performance, this study underscores several strategic implications for
healthcare cybersecurity management. Al-based systems enable proactive threat detection,
meaning that attacks can be predicted and mitigated before they cause harm. This represents a
paradigm shift from reactive to preventive security architectures. The inclusion of explainable
Al mechanisms also enhances system transparency, allowing healthcare administrators and
regulatory auditors to understand decision-making processes in real time—an essential
requirement for compliance with frameworks such as HIPAA, GDPR, and India’s DISHA Act.
The research also highlights the importance of data governance and ethical Al deployment. As
Al models rely heavily on data diversity and volume, ensuring anonymization, privacy
preservation, and bias mitigation are vital to maintaining trust and accountability. Synthetic
data generation, as implemented in this study, provides a viable approach to achieving data
realism without exposing patient-identifiable information.

From a technical standpoint, this work validates that multi-model integration—combining

classical machine learning with deep learning—offers superior adaptability in dynamic threat
landscapes. The RF + CNN model demonstrated resilience against both high-frequency attacks
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(e.g., DDoS) and low-frequency stealth intrusions (e.g., packet injection and session hijacking).
Such adaptability is essential for healthcare networks characterized by heterogeneity in
devices, communication protocols, and data sensitivity levels.

5.1 Future Scope

While the hybrid model achieved strong performance, there are multiple avenues for future
enhancement. The integration of federated learning can allow multiple hospitals or health
agencies to collaboratively train intrusion detection systems without exchanging sensitive data,
thereby improving model generalization and maintaining privacy. The use of blockchain
technology can further strengthen data integrity by recording secure, immutable logs of every
data transaction. In addition, edge computing can be leveraged to perform Al-based anomaly
detection closer to IoMT devices, reducing latency and bandwidth consumption.

Further studies may also focus on the inclusion of reinforcement learning and generative
adversarial networks (GANSs) to enable self-healing cybersecurity systems that continuously
evolve in response to new attack vectors. Finally, large-scale real-world validation using
authentic healthcare network data, under strict ethical governance, would solidify the
operational reliability of Al-enhanced cybersecurity frameworks in clinical environments.

5.2 Final Remarks

In conclusion, the integration of Al into healthcare cybersecurity marks a transformative step
toward a more secure, intelligent, and adaptive digital health ecosystem. The hybrid RF + CNN
model proposed in this study provides a robust, scalable, and explainable foundation for
safeguarding critical medical data during transmission. By aligning technical innovation with
ethical data practices and regulatory compliance, Al-driven cybersecurity can ensure the
confidentiality, integrity, and availability of patient information—core principles essential to
the trustworthiness of modern healthcare systems.
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