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ABSTRACT

Event-driven cloud integration enables distributed applications to exchange data dynamically
through events, message brokers, application programming interfaces, and cloud-native services.
However, the increasing complexity of interconnected systems introduces security challenges,
including unauthorized data access, synchronization inconsistencies, malicious event injection, and
anomalous communication patterns. This study explores a machine learning-based framework for
strengthening event-driven cloud integration security through intelligent data synchronization and
anomaly detection. The proposed approach combines event stream processing, secure data
exchange, behavioral analysis, and machine learning algorithms to identify deviations from normal
integration activities. Data synchronization mechanisms are designed to maintain consistency,
integrity, and availability across distributed cloud environments, while anomaly detection
techniques analyze event frequency, access behavior, transaction characteristics, and
communication metadata. The methodology incorporates data preprocessing, feature extraction,
model training, performance evaluation, and simulated security testing to assess the effectiveness of
the framework. Evaluation criteria include detection accuracy, precision, recall, Fl-score,
synchronization latency, and false-positive rate. The framework also considers encryption, identity
verification, access control, and audit logging to support secure information exchange. By
integrating predictive analytics with event-driven architectures, the proposed approach aims to
improve threat visibility, reduce response time, and strengthen operational resilience. The study
provides a foundation for developing adaptive, scalable, and intelligent security mechanisms for
modern cloud integration environments.

KEYWORDS: Event-driven architecture, cloud integration security, machine learning, data
synchronization, anomaly detection, cybersecurity, distributed systems, event stream processing,
Data integrity, threat detection

I. INTRODUCTION

Event-driven cloud integration has become an important architectural approach for connecting
distributed applications, cloud services, enterprise systems, and digital platforms. Unlike traditional
integration methods that depend on continuous polling or tightly coupled communication, event-
driven architectures enable systems to respond to changes through asynchronously transmitted
events. Message brokers, event buses, serverless functions, application programming interfaces,
and streaming platforms facilitate the exchange of information between heterogeneous services.
This architecture supports scalability, responsiveness, and operational flexibility, particularly in
environments that process large volumes of transactions and continuously changing data. However,
the growing dependence on distributed event flows also expands the potential attack surface.
Security vulnerabilities may emerge from improperly configured communication channels,
excessive permissions, compromised service identities, malicious event payloads, and inconsistent
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synchronization processes. Consequently, securing event-driven cloud integration requires
mechanisms that protect both the information being transferred and the interactions occurring
among distributed components.

Traditional security mechanisms, including firewalls, static access policies, encryption, and
signature-based intrusion detection, remain essential for protecting cloud environments.
Nevertheless, these mechanisms may be insufficient for identifying sophisticated threats that
imitate legitimate application behavior or exploit variations in event-processing patterns. For
example, an attacker with valid credentials may generate unusual transaction sequences, manipulate
synchronization requests, or access data at abnormal frequencies without triggering conventional
security rules. Similarly, network delays, duplicated messages, out-of-order events, and temporary
service failures can produce synchronization inconsistencies that resemble malicious activities.
Machine learning offers opportunities to address these challenges by identifying behavioral
patterns, learning normal system operations, and detecting deviations that may indicate security
incidents. Supervised learning can classify known attack patterns, while unsupervised and semi-
supervised techniques can identify previously unseen anomalies in event streams. Integrating these
capabilities with secure synchronization mechanisms can support continuous monitoring, early
threat identification, and more informed incident response.

The central objective of this study is to examine how machine learning-based data synchronization
and anomaly detection can strengthen security in event-driven cloud integration environments. The
proposed framework considers event collection, identity verification, feature extraction, anomaly
scoring, synchronization validation, and automated or analyst-approved responses as interconnected
security functions. It emphasizes the importance of maintaining data integrity and consistency
without introducing excessive processing delays or disrupting legitimate application operations.
The study also considers practical implementation challenges, including imbalanced security
datasets, changing workload patterns, model drift, computational overhead, and false-positive
alerts. Rather than treating synchronization and anomaly detection as independent processes, the
research conceptualizes them as complementary capabilities that contribute to a unified security
architecture. The intended contribution is a systematic methodology for evaluating whether
machine learning can improve the detection of abnormal event behavior while preserving the
reliability, efficiency, and scalability of cloud-based data integration.

II. LITERATURE REVIEW

Research on event-driven architectures has examined their ability to support loosely coupled
communication, scalable application development, and responsive information processing.
Established distributed messaging systems and cloud-native event services allow producers to
publish events that consumers process independently, improving flexibility and fault isolation.
However, asynchronous communication introduces challenges involving message ordering,
duplicate delivery, eventual consistency, and failure recovery. Data synchronization across multiple
services is particularly difficult when events are delayed, replayed, or processed more than once.
Distributed systems research addresses these problems through mechanisms such as idempotent
operations, event versioning, checkpoints, transactional processing, and conflict resolution. These
mechanisms contribute to operational reliability but do not automatically prevent malicious
manipulation or unauthorized event generation. Consequently, secure integration requires
combining synchronization controls with authentication, authorization, cryptographic integrity
verification, and traceable event histories. A major limitation of conventional integration designs is
that operational correctness and security monitoring are often implemented separately, potentially
preventing the early identification of suspicious activities that affect both dimensions.
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Cloud security literature emphasizes identity and access management, least-privilege authorization,
encryption, network segmentation, and centralized logging as fundamental protection mechanisms.
Standards and guidance from organizations such as the National Institute of Standards and
Technology provide principles for managing access, assessing risk, and monitoring information
systems. These practices are relevant to event-driven integration because each producer, consumer,
broker, and synchronization service represents a potential point of compromise. Zero-trust
principles further support continuous verification of identities and contextual authorization rather
than relying exclusively on network boundaries. Nevertheless, rule-based monitoring and signature-
based intrusion detection may struggle with previously unknown attacks, low-and-slow behavioral
changes, and legitimate credentials used for malicious purposes. In addition, high-volume event
streams can produce substantial quantities of logs, making manual investigation inefficient. These
limitations motivate the application of automated behavioral analytics that can examine event
sequences, communication metadata, access frequencies, and transaction characteristics to
distinguish normal operations from suspicious behavior.

Machine learning-based anomaly detection has received considerable attention in cybersecurity
research because it can identify deviations from established behavioral patterns. Supervised
algorithms, including decision trees, random forests, and support vector machines, can classify
activities when adequately labeled training data are available. Unsupervised approaches, such as
clustering and isolation-based methods, can identify unusual observations without requiring
complete attack labels. Deep learning methods, including autoencoders and recurrent neural
networks, can capture complex relationships in high-dimensional data and sequential event streams.
However, their effectiveness depends on data quality, feature representation, class distribution,
computational resources, and adaptation to changing operating conditions. False positives can
overwhelm security teams, while model drift can reduce detection reliability as workloads evolve.
Furthermore, anomaly detection alone cannot establish whether an event is malicious; unusual
behavior may result from legitimate operational changes or technical failures. Existing approaches
therefore suggest the need for a combined framework that integrates machine learning with
contextual validation, synchronization integrity checks, identity controls, and human oversight. The
present study addresses this need by proposing an evaluation methodology that considers security
detection performance alongside synchronization reliability, processing latency, and operational
scalability.

III. RESEARCH METHODOLOGY

The research adopts a quantitative, experimental methodology to investigate the effectiveness of
machine learning-based security mechanisms in event-driven cloud integration. A prototype
framework 1s conceptually organized around event producers, message brokers, data
synchronization services, cloud data stores, a security monitoring component, and a response
mechanism. Event producers represent applications that generate business transactions, account
updates, file changes, service notifications, and other operational events. The message broker
distributes these events to authorized consumers, while synchronization services maintain
corresponding records across interconnected systems. The security monitoring component observes
event metadata and selected application-level attributes to identify deviations from expected
behavior. The study follows a comparative experimental design in which a baseline architecture
using conventional security rules is evaluated against an enhanced architecture incorporating
machine learning-based anomaly detection. Both architectures operate under equivalent workload
conditions, access policies, and event-generation scenarios wherever possible. The independent
variables include detection technique, event volume, anomaly proportion, workload variability, and
synchronization configuration. The dependent variables include detection accuracy, precision,
recall, F1-score, false-positive rate, event-processing latency, synchronization delay, and resource
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utilization. The research does not assume that the proposed framework has already achieved a
particular performance improvement; instead, its effectiveness is determined through measured
experimental results. This design enables the study to examine both the security benefits and the
operational costs associated with integrating intelligent detection into distributed cloud systems.

The experimental dataset is designed to represent normal and abnormal event-driven integration
activities. Where suitable operational datasets are unavailable, a synthetic dataset can be generated
using a controlled event simulator, with its limitations explicitly acknowledged. Each event record
may contain a timestamp, pseudonymous producer identifier, consumer identifier, event type,
resource category, access outcome, message size, processing duration, synchronization status, and
cryptographic integrity verification result. Additional features can include event frequency within
defined time windows, failed authentication counts, unusual resource access, repeated transaction
identifiers, deviations from normal message sequences, and differences between source and
destination record versions. Sensitive information, such as personal identifiers, credentials, and
confidential payload contents, should be excluded or replaced with pseudonymous values before
analysis. The dataset includes normal operating conditions and controlled anomaly scenarios, such
as abnormal event bursts, unauthorized access attempts, replayed messages, duplicated transactions,
altered payloads, unexpected synchronization conflicts, and unusual consumer behavior. These
scenarios are introduced in an isolated test environment rather than against production systems.
Ground-truth labels are assigned according to the known conditions of each simulated event, with
separate labels for malicious behavior, operational faults, and benign workload variation where
feasible. The dataset is divided into training, validation, and test subsets using a chronological or
scenario-based separation strategy to reduce information leakage. Events from the same transaction
sequence or closely related incident should not be distributed across training and test subsets in
ways that artificially inflate performance. The resulting dataset is examined for missing values,
inconsistent timestamps, class imbalance, duplicate records, and feature leakage. Numerical
features are scaled when required by the selected algorithms, categorical features are encoded
appropriately, and class imbalance is addressed through carefully selected weighting or resampling
methods applied only to the training data.

The machine learning component evaluates multiple approaches to determine which methods are
appropriate for event-driven cloud security. A supervised classifier, such as a random forest,
provides a baseline for detecting known categories of suspicious activity when reliable labels are
available. An unsupervised isolation forest or clustering-based detector is used to identify unusual
event patterns that may not correspond to previously labeled attacks. An autoencoder may also be
evaluated to determine whether reconstruction errors can distinguish normal event behavior from
significant deviations. The algorithms are compared with a conventional rule-based detection
mechanism to establish whether machine learning provides measurable benefits beyond established
security controls. Model training uses the training dataset, while hyperparameters are selected using
the validation dataset and an appropriate search strategy. The test dataset remains isolated until
model selection is complete. The feature set is designed to capture both individual event properties
and temporal patterns, including event-rate changes, unusual access sequences, synchronization
failures, and differences between expected and observed transaction states. For streaming
operation, the framework maintains bounded time windows or rolling behavioral summaries so that
anomaly scores can be calculated without repeatedly processing the entire event history. A
configurable threshold converts scores into alerts, with threshold selection based on validation
results and the relative operational costs of missed attacks and false alarms. Detected anomalies are
enriched with contextual information, including producer identity, resource sensitivity, recent
authentication outcomes, and synchronization status. High-confidence incidents may trigger
predefined containment actions, while uncertain alerts are directed to an analyst for investigation.
Critical synchronization operations should not be blocked solely because a statistical model assigns
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a high anomaly score; independent authorization, integrity verification, transaction validation, and
recovery procedures remain necessary. Model outputs are recorded with sufficient metadata to
support reproducibility, auditing, and subsequent investigation. This design combines adaptive
detection with deterministic security controls rather than treating machine learning as a replacement
for conventional safeguards.
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Fig.1.Machine learning based multi-stage intrusion detection system and feature selection ensemble
security in cloud assisted vehicular ad hoc networks

The final phase evaluates the framework under controlled workloads with varying event rates,
synchronization frequencies, anomaly types, and proportions of abnormal activity. Each
configuration is tested through repeated experimental runs where practical, and the results are
summarized using descriptive statistics and confidence intervals. Classification performance is
measured using precision, recall, F1-score, and the false-positive rate, with accuracy reported only
alongside these measures because imbalanced datasets can make accuracy misleading. Precision
indicates the proportion of detected events that are genuinely anomalous, while recall measures the
proportion of labeled anomalies successfully identified. The F1-score summarizes the balance
between precision and recall. For streaming performance, event-processing latency is measured
from event receipt to detection output, while synchronization delay is measured between a source
update and its verified availability in the destination system. Throughput, CPU utilization, memory
consumption, and queue growth are monitored to assess scalability under increasing workloads.
Integrity testing examines whether unauthorized modifications, replayed events, and conflicting
updates are detected or safely handled by the synchronization layer. Baseline and machine learning-
enhanced configurations are compared using equivalent event streams and consistent hardware or
cloud resource allocations. Statistical comparisons are selected according to the distribution and
pairing of the observations, and any reported improvement must be supported by measured results
rather than assumed in advance. The evaluation also investigates failure conditions, including
temporary broker unavailability, delayed messages, distribution shifts, and legitimate workload
spikes, to determine how these factors influence detection quality and synchronization reliability.
Ethical and operational safeguards include the use of synthetic or appropriately authorized data,
data minimization, restricted access to experiment logs, and avoidance of unnecessary exposure of
sensitive payloads. The methodology acknowledges that simulated attacks cannot represent every
real-world threat and that results may vary across cloud providers, messaging technologies, and
application domains. Accordingly, conclusions are limited to the tested scenarios, algorithms,
configurations, and datasets. Overall, the experimental process is intended to establish a
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reproducible basis for determining whether machine learning-based anomaly detection can
strengthen event-driven cloud integration while preserving data consistency, processing efficiency,
and dependable security operations.

IV. RESULTS AND DISCUSSION

The implementation of event-driven cloud integration security through machine learning-based data
synchronization and anomaly detection demonstrates the potential to improve data integrity, threat
identification, and operational resilience in distributed cloud environments. The proposed
framework combines event-driven architecture, secure data synchronization mechanisms, and
machine learning algorithms to monitor data exchanges between interconnected cloud applications
and services. Unlike traditional security approaches that primarily depend on predefined rules,
static access policies, and signature-based threat detection, the proposed approach continuously
analyzes event streams and identifies deviations from established behavioral patterns. The results of
the conceptual and experimental evaluation should be interpreted according to the selected datasets,
system configuration, and performance metrics. In a representative evaluation, the framework can
be assessed using detection accuracy, precision, recall, F1-score, synchronization latency, event-
processing throughput, and false-positive rate. These measures provide a comprehensive
understanding of its ability to protect cloud-integrated systems without introducing unacceptable
computational overhead. Machine learning models can identify suspicious synchronization
activities, including unexpected data transfers, unusual access frequencies, repeated authentication
failures, and deviations from normal application behavior. When these events are detected, the
framework can generate security alerts, initiate additional authentication procedures, temporarily
restrict suspicious operations, or trigger automated incident-response workflows. The integration of
security intelligence into the event-processing pipeline also helps organizations identify threats
closer to the point at which they emerge. Consequently, the framework provides a proactive
security mechanism that complements conventional cloud security controls while improving
visibility across heterogeneous cloud platforms.

A major finding to investigate is the relationship between synchronization efficiency and security
effectiveness. Cloud integration systems frequently exchange information across multiple services,
databases, application programming interfaces, and distributed processing environments. These
exchanges must preserve data consistency while preventing unauthorized modifications,
duplication, replay attacks, and unauthorized access. Traditional synchronization methods may
struggle to maintain adequate security when events arrive at irregular intervals, network conditions
fluctuate, or services experience temporary failures. The proposed framework addresses these
challenges by incorporating event validation, identity verification, integrity checking, and anomaly-
aware synchronization policies. Each synchronization event can be evaluated according to its
source identity, timestamp, access permissions, payload characteristics, and expected behavioral
profile. Machine learning models then analyze the contextual characteristics of these events to
identify suspicious deviations. For example, an application that suddenly requests substantially
more records than its historical baseline may indicate compromised credentials or an attempted
data-exfiltration operation. Similarly, repeated synchronization failures followed by an unusual
transfer request may indicate an emerging security incident. An important advantage of this
approach is that anomaly detection considers behavioral context rather than relying exclusively on
fixed thresholds. However, its effectiveness depends on the quality, diversity, and
representativeness of the training data. Models trained primarily on normal operating conditions
may perform poorly when exposed to previously unseen attacks, while models trained on
incomplete or imbalanced datasets may produce excessive false alarms. Therefore, performance
evaluation should compare the proposed method against rule-based detection and conventional
machine learning baselines under identical testing conditions. Measurements should also examine
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synchronization delay, event loss, duplicate processing, resource consumption, and detection
performance during peak workloads. Such comparisons can establish whether improved security
monitoring can be achieved without significantly compromising the responsiveness and scalability
of cloud integration services.

The third major discussion concerns the effectiveness of the framework under changing operational
conditions and increasingly sophisticated attack scenarios. Event-driven cloud architectures are
inherently dynamic because services may scale automatically, workloads may shift between
availability zones, and applications may generate new event patterns as business requirements
evolve. Consequently, a security model that performs well under static conditions may become less
reliable when the environment changes. Machine learning-based anomaly detection offers a
mechanism for adapting to these variations by updating behavioral baselines and identifying
deviations across time. Depending on the implementation, supervised learning can classify known
attack patterns, unsupervised learning can identify previously unlabelled anomalies, and semi-
supervised learning can model normal behavior when confirmed attack examples are limited.
Combining these techniques may provide broader coverage than relying on a single model.
Nevertheless, adaptive detection must be implemented carefully because uncontrolled model
updates can allow malicious activity to become incorporated into the definition of normal behavior.
Model poisoning, adversarial inputs, and compromised event sources may also undermine detection
reliability. To address these concerns, the framework should incorporate trusted training data,
model-version control, drift monitoring, restricted model-update permissions, and periodic
validation against verified attack scenarios. Security decisions should additionally be supported by
explainable indicators, such as unusual event frequency, unexpected source locations, anomalous
payload sizes, or deviations from established access relationships. These explanations can help
security analysts distinguish genuine threats from legitimate workload changes. The framework
should also integrate with existing identity and access management systems, encryption services,
centralized logging platforms, and security information and event management solutions.
Importantly, automated responses should be proportional to the assessed risk: high-confidence
malicious events may justify immediate isolation, whereas uncertain anomalies may require
additional verification. Overall, the proposed architecture offers a promising approach to securing
cloud synchronization, but its practical value must be established through reproducible
experiments, realistic attack simulations, and evaluations that account for both security
improvements and operational costs.

V. CONCLUSION

Event-driven cloud integration security through machine learning-based data synchronization and
anomaly detection provides a systematic approach to addressing the security challenges associated
with modern distributed computing environments. As organizations increasingly depend on
interconnected cloud services, the continuous movement of data between applications, databases,
microservices, and external platforms creates a complex security landscape. Traditional perimeter-
based protection and static security rules are often insufficient to identify behavioral deviations that
emerge during legitimate-looking data exchanges. The proposed framework addresses this
limitation by combining event-driven processing with intelligent monitoring, secure
synchronization controls, and machine learning-based anomaly identification. Its primary objective
is to ensure that data can move efficiently between authorized services while suspicious events are
detected and investigated before they cause significant damage. Event-driven architecture enables
security controls to respond to relevant changes as they occur, reducing dependence on periodic
inspections and delayed log analysis. Secure synchronization mechanisms preserve the integrity
and consistency of transferred information, while machine learning models evaluate behavioral
patterns to identify potential attacks and operational irregularities. Together, these capabilities
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support a more context-aware and adaptive security architecture. The framework can be particularly
valuable in environments involving multiple cloud providers, hybrid infrastructure, Internet of
Things applications, financial transactions, healthcare information systems, and enterprise data
pipelines. However, these benefits should not be interpreted as evidence of guaranteed protection
against every attack. Detection quality depends on training data, model selection, workload
characteristics, event visibility, and the effectiveness of supporting security controls. Similarly,
successful anomaly identification does not automatically prevent a security incident unless suitable
response mechanisms are available. Therefore, the proposed approach should be considered an
integrated security capability rather than a replacement for established protections such as
encryption, strong authentication, least-privilege authorization, network segmentation, and
vulnerability management. Its effectiveness ultimately depends on the coordination of intelligent
detection, reliable data synchronization, secure event delivery, and well-defined incident-response
procedures.

Another important conclusion is that the success of machine learning-based cloud integration
security must be evaluated through both technical performance and operational suitability. High
classification accuracy alone does not necessarily indicate an effective security solution because the
consequences of false negatives and false positives differ significantly. Missing a genuine data-
exfiltration attempt can expose sensitive information, whereas generating excessive false alarms
can overwhelm security teams and delay the investigation of legitimate threats. Consequently,
precision, recall, F1-score, false-positive rate, detection latency, and incident-response time should
be considered alongside synchronization throughput and end-to-end processing delay. Data
consistency, event ordering, duplicate suppression, and recovery after service interruptions are
equally important because security measures should not compromise the reliability of business
transactions. A practical implementation should also maintain comprehensive audit records that
connect detected anomalies to the corresponding event, identity, policy decision, and response
action. This traceability supports forensic investigation, regulatory compliance, and accountability
across distributed services. Furthermore, privacy-preserving data handling should be incorporated
into the framework so that behavioral analysis does not unnecessarily expose sensitive payload
information. Where appropriate, models can operate on metadata, derived features, or carefully
protected representations rather than unrestricted access to raw application data. Organizations
must also establish procedures for reviewing model decisions, investigating unusual patterns, and
preventing adversaries from manipulating training datasets or detection thresholds. From a
deployment perspective, a phased implementation is preferable: begin with passive monitoring,
validate detection quality, introduce controlled alerting, and subsequently enable automated
responses for well-understood and high-confidence threats. This strategy reduces operational risk
while providing evidence about real-world performance. In conclusion, machine learning-based
anomaly detection and event-driven synchronization can strengthen the confidentiality, integrity,
and availability of cloud-integrated systems when deployed as part of a layered security
architecture. The approach creates opportunities for earlier threat identification, improved
monitoring, and more responsive security operations. Its long-term success, however, requires
continuous evaluation, responsible model governance, secure infrastructure design, and alignment
between detection capabilities and organizational risk requirements.

VI. FUTURE WORK

Future research should focus on developing more adaptive, explainable, and computationally
efficient machine learning models for event-driven cloud integration security. A promising
direction is the combination of supervised, unsupervised, and semi-supervised learning to improve
detection across known and previously unseen attack scenarios. Deep learning architectures,
including recurrent neural networks, autoencoders, and transformer-based models, could be
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investigated for their ability to capture temporal dependencies and complex relationships among
distributed events. Graph-based learning may also help identify suspicious relationships between
users, services, applications, and data resources that are difficult to detect through isolated event
analysis. Future experiments should compare these techniques using diverse datasets containing
normal operations, simulated attacks, and realistic workload variations. Federated learning could
enable multiple organizations or cloud environments to improve shared threat detection without
directly exchanging raw operational data. However, federated approaches require further
investigation into communication overhead, model poisoning, privacy leakage, and differences in
local data distributions. Explainable artificial intelligence should also receive greater attention so
that security analysts can understand why an event was classified as anomalous and determine the
appropriate response. Research should additionally examine online learning and concept-drift
detection while establishing safeguards against adversarial manipulation and unsafe model updates.

A second research direction involves evaluating the framework under realistic, large-scale, multi-
cloud operating conditions. Future studies should measure detection accuracy, false-positive rates,
event-processing throughput, synchronization consistency, recovery time, infrastructure cost, and
energy consumption across different workload intensities. Experiments should include delayed
events, network interruptions, compromised credentials, replay attacks, malicious API requests,
unauthorized data transfers, and attempts to manipulate model inputs. Integration with cloud-native
security services, event brokers, service meshes, and automated incident-response platforms could
demonstrate how the framework performs within existing enterprise infrastructure. Further work
should also investigate risk-based response mechanisms that combine model confidence, data
sensitivity, identity context, and potential business impact before taking automated action. Privacy-
preserving analytics, confidential computing, and selective encryption may provide additional
protection when sensitive information crosses organizational boundaries. Finally, researchers
should develop standardized benchmarks and reproducible evaluation protocols that allow
meaningful comparisons between proposed models and established security approaches. Long-term
deployment studies would help determine whether model adaptation improves detection over time
or introduces unacceptable operational risks. Addressing these challenges could transform the
proposed framework into a more scalable, transparent, and dependable security solution for future
cloud integration systems.
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	ABSTRACT
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	III. RESEARCH METHODOLOGY
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	The final phase evaluates the framework under controlled workloads with varying event rates, synchronization frequencies, anomaly types, and proportions of abnormal activity. Each configuration is tested through repeated experimental runs where practi...
	IV. RESULTS AND DISCUSSION
	The implementation of event-driven cloud integration security through machine learning-based data synchronization and anomaly detection demonstrates the potential to improve data integrity, threat identification, and operational resilience in distribu...
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	The third major discussion concerns the effectiveness of the framework under changing operational conditions and increasingly sophisticated attack scenarios. Event-driven cloud architectures are inherently dynamic because services may scale automatica...
	V. CONCLUSION
	Event-driven cloud integration security through machine learning-based data synchronization and anomaly detection provides a systematic approach to addressing the security challenges associated with modern distributed computing environments. As organi...
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	VI. FUTURE WORK
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