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Abstract

The following research paper is a case study of three specific machine learning algorithms, LSTM
networks, GBMs and RL for managing data in event-driven microservices architectures. This work
assesses the performance of these algorithms using factors including anomaly detection, resource
consumption prediction, and service coordination concerning such challenges as anomalies. LSTM
networks was used in assessment of the anomalous patterns with accuracy reaching 92%, and false
positive rate of 5%. The ability of the GBMSs was evaluated for its capacity to accurately predict resource
requirements, and in turn, minimize resource over-commitment and under-commitment that occurred,
achieving 89% accuracy, with a percentage variation of 18% and 14% accordingly. The RL algorithms
proved their potential to enhance the decision-making process governing the orchestration of services
and failure recovery with the decision-makers achieving 22% increase in decision making accuracy and
failure recovery time was reduced to 4. 5 minutes. These algorithms are discussed separately in the next
sections with reference to their applications in intelligent data management in business event processing
system. These findings are useful to improve the application of these machine learning techniques to
increase the performance, utilization of resources and reliability of the system.

Keywords: LSTM networks, Gradient Boosting Machines, Reinforcement Learning, anomaly detection,
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1. Introduction

In the latest years, the use of event-driven microservices architectures is rather widely implemented, and
the development of modern software systems has shifted to it. The adoption of the service applications
in a loosely coupled event based manner and the division of application by responsibilities also enhance
scalability flexibility and robustness of systems within the organisation. But they alter the architecture in
a way that makes it look like as if new problems have been solved and data management is made even
more complex. Event-Triggered Microservices face problems related to decentralized system structure
and non-synchronized structure that adverse tradition data management. In order to solve these
challenges, recently a new stream of research has been initiated in the application of ML techniques to
enhance the intelligent data management in the concerned architectures [1].

Event-driven microservices are the type of architecture where productions of events and events intake
compose the notifications of change or occurrence in the system. These events are normally handled
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separately hence services can work on them in parallel and also scale horizontally. It is very
advantageous to develop the system in this manner because the system will be able to handle very high
through put of work due to its fault tolerance; but it will make the work complex when handling the data.
When the number of events gets too high and the rate at which they occur is high, the data produce
problems which include; data correctness, processing speed and system dependencies [2].

Last but not least, to manage Big data as it exists in event- driven microservice architecture, Machine
Learning is a valid solution. Other uses include providing a way of interpreting and analyzing patterns in
event data and to handle data with an efficient technique. For instance, it is possible to employ anomaly
detection algorithms to analyse event data that will highlight existing or potential failure and breach.
With help of predictivity one can estimate the further data loads and can change the amount of the used
system to anyhow make the architecture effective all the time. Thus systematically, it is also possible by
means of clustering and classification to arrange the events deliberately with respect to definite
characteristics and to adjust the processes of the information circulation [3].

This is especially the case when it comes to integrating ML with event-driven architectures: The main
characteristic of events therefore is that they are dynamic. Different from the batch-oriented systems
whose data feed is discrete-like, data in the microservices system can be sporadic, and the size and types
of eventing data can vary considerably. This variability implies that the ML models to be developed
would always have to learn from the data that is being processed and other new data as well. The
incremental or the gradual training methods are also suitable for this application, especially since models
have to be updated to accommodate new events when processed on-line.

Further, the management receives more dispersed structures with which to work when it comes to data.
Since events are generated and used by the different services, and the latter can be situated on the
different nodes and may be even in the various geographic territories. Of course, there is always a
question of Co-ordination, with regard to consistence and coherence in these distributed components. As
for this aspect of defining how the data replication and synchronization methodologies can be made
safer to avoid problems of lost or dissimilar data, it is here that a proactive role can be played by ML [4].
The third challenge therefore of data management in evented architectures is the integration of an event
service orchestrator. The other thing that goes hand in hand with ES is to manage the dependencies and
the failures in the services and to ensure that these are incorporated. From this perspective, one can infer
that ML can be incorporated into orchestration because ML can predict the service interactions and
possible contentious areas. For instance, the reinforcement learning algorithms can be used to solve the
challenge of identifying the best sequence of service executions other machine learning can be used to
predict the criticality of service disruptions and how to deal with the issue.

Applying ML in data processing and data management in the event-driven microservice also applies to
resources utilization as well. Dynamic scaling is even more informative since it is one of the most
significant attributes of microservices as the term indicates, and the resources are assigned based on load
and requirement at the moment. Given the normal and performance critical usage pattern of the
resources the ML models can suggest scaling activities that would maintain these parameters optimal
while at the same time minimizing cost. With the help of historical data on events and current statistics
of the system, it is possible for the ML algorithms to predict the correct configuration of resources and
thus avoid over-provisioning and under-provisioning of the resources., however, technical, it is still
possible to distinguish such key concerns as data protection and its integrity in regard to the application
of ML to data management. When events are analyzed through multiple Large Numbers of ML models
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as the work states, they also include the responsibility of data privacy protection, as well as the readiness
of the models against adversarial perturbations. There are methods which can safeguard the
aforediscussed data such as Differential Privacy and Secure Multi-Party Computation which can be used
in the actual analysis of data using machine learning techniques.

Therefore, the integration of Machine learning with the Event driven microservices architectures can be
grouped as a coherent domain of research and innovation. As a result with the aid of the ML approaches
the organizations can achieve a higher level of managing the event data and overall system can enhance
in terms of its performance, reliability and potential for further progress. More studies will therefore be
needed to offer solutions to the emerging problems or to enhance the application of ML in handling data
in the dynamic context of microservices architectures. The same refers to the integration of ML into
event-based architectures, which has the potential to enhance existing system implementations as well as
set future trends for comprehending sample patterns for the evolution of the relevant software solutions
and conceptions.

2. Literature Review

Recently, the coupling of the ML technique and event-driven microservices architecture paradigms has
attracted much interest from the researchers due to the sophisticated nature of the data management in
such reactive systems. The literature from this triennial of 2022 to 2024 presents a rich understanding of
this integration process focusing on future development and emerging issues.

One of the research areas of interest is the use of ML for efficiently identifying anomalous patterns in
contemporary, event-driven microservices. As for 2022, the study aimed at improving detection of
anomalies in stream of events occurring in real time. For instance, Kumar et al. (2022) proposed an
adaptive anomaly detection framework by incorporating deep learning mechanisms that enhance the
efficiency and efficacy of the anomaly detection process for microservices distribution. Their approach
used recurrent neural networks (RNNSs) to meet temporal dependencies in their progression event
sequences that outperforms stochastic methodologies as used before. This work highlighted the need to
train models with the ability to learn from such streaming data with events continuing to occur [5].
Subsequent to the above developments, further research has been done on predictive analytics and
resources in microservice architectures. Chen and Liu (2023) put forward a new prediction model for
resource provisioning in event-triggered environments for the year 2023, which used gradient boosting
machine algorithms for predicting the future resource requirements from the events data of the past.
Their model was also useful in resource allocation and in minimizing cost, which is a major issue
particularly when it comes to the scaling of microservices. This research showed that there is a
increasing interest in employing of ML for tasks other than AD and performance improvement of the
system as well as resource utilization [6].

Another one in 2023 was done by Singh et al. , where authors analyzed the application of reinforcement
learning (RL) to the improvement of the service orchestration in the scenarios of using microservices
architectures. Their approach based on RL was in an attempt to increase efficiency of service
coordination and of failure recovery through learning of policies from interactions with the system. It
was thus shown that RL could in fact manage the complexity of services dependencies and dynamic
failures and provide a promising line of work for improving the reliability and the resilience of event
driven systems [7].

Extending the goals in 2024, the concerns embraced the potential of ML for regulating the Data Event
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consistency and cohesiveness of distributed data. In a work published in 2024 Zhao and Wang proposed
a machine learning-based framework for data synchronization in geo- distributed microservices. Their
approach used an idea known as federated learning to ensure that an ML model trained on nodes that
were different and could cooperate without exchanging information and thereby resolve some problems
of privacy issues while also being consistent across distributed services. This work is grounded in an
emerging paradigm of privacy protection in case of ML and distributed systems [8].

Also, the increasing use of combining ML with Event-Driven Architectures has also rise the attention
towards security issues. In 2024, Lee et al aimed at exposing adversarial attacks on ML models
employed in event-driven microservices and had introduced a protective approach grounded on
ensemble learning. From their studies, they proved that the application of ensemble techniques could
improve the robustness of ML models against adversaral inputs hence, improving the security of the
whole system. The presented work is highly applicable as the protection of ML models is an essential
issue in more secure production systems, where they process personal data [9].

Besides, the technological side, the modern literature touched upon the issue of the real implementation
of the ML solutions in the context of event-driven microservices. In 2023 Patel and Sharma published a
paper that describes the main working issues that are related to ML-based models that are deployed in
live microservices. The following are the two main insights of their research, Out of them, it highlighted
the fact that there is a crucial need for monitoring and evaluation mechanisms to check if the ML models
are as effectual in the actual world conditions as planned. This study also revealed that it’s crucial to
continuously verify and fine-tune the ML models since the event-based applications are dynamic in
nature [10].

Also, the effectiveness of using ML in enhancing the usage of event driven microservices has been
discussed in the literature. As for 2024, Huang et al. provided a user-oriented approach to the training of
the ML model, which was considered to determine the increased interactivity and individualised services
of services. From their studies, they observed that it is possible to fine-tune the ML models toward
capturing the user’s inclination and conduct resulting in a more refined service delivery. This point of
view also implies that ML can build not only efficient systems but also improve users’ satisfaction [11].
Looking into the literature of the years 2022 to 2024, the field is still conceptual and has been
developing over these years. The future of data management in such systems is already in anomaly
detection, predictive analytics, resources management and security improvements. Incorporating of ML
brings promising solutions to the existing problems, but it is also associated with considerations for
privacy and security and the question of practical implementation. With the advancements of the field,
more research efforts will be needed to tackle these issues besides enhancing the use of ML in event-
driven microservices environment [12].

3. Materials and Methodology

The research methodology for investigating the application of Long Short-Term Memory (LSTM)
networks, Gradient Boosting Machines (GBMs), and Reinforcement Learning (RL) algorithms in
intelligent data management within event-driven microservices architectures involves several key
phases: to get the data, to build the models, to evaluate the models and to compare on the models.

The first step is the data acquisition step in which information about an event is obtained from a system
that uses a microservices architecture. Such information mostly includes logs, metrics and transactions
generated by the various microservices. Therefore when collecting real-life data it is necessary to
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capture not only usual scenarios of the event but also the extraordinary ones. In this phase data pre-
processing is done; data collected for analysis typically has to be cleaned and normalized should it have
to go through specific analyses. The feature of data cleaning represents the preparation of a set of values
sufficient to certain standards with a view of eradicating missing values, outlier values and
inconsistencies in the data set. When it comes to anomaly detection tasks the data is labeled as ‘normal’
and ‘anomaly’ which makes it easier to apply supervised learning methods. Whereas for the resource
prediction and service orchestration data on Resource usage and service interactions over a period of
time for the purpose of creation of the model [13].

The second phase in constructing the model is to employ the LSTM networks for real time detection of
anomalies. They are used based on its ability of modeling temporal relations for sequential data and
hence LSTMs are used. The outline of the structure of the proposed model includes the input layers for
feature extraction with LSTM for temporal patterns and output layer for the classification of anomalies.
All these include the number of LSTM units used in training the model, learning rate and dropout rate
they are normally adjusted using simple techniques such as Grid search the best hyperparameters. The
first part of set of data is used in training the model and the other part of the data set is used to test or
validate the trained model in a way that we can be sure that trained model will perform well when next
faced with unseen data [14].

Figure 1: Proposed Research Process
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For the prediction of resources demand and the optimization of resources demand, the GBMs are used.
In GBM model, XGBoost or LightGBM is used where training data is the historical event data of the
resource utilization and system performance. Feature engineering is also important in this phase where
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appropriate features such event frequency, type of event and service metrics are extracted. Tuning of the
GBM model is done based on the hyperparameters like no: of trees, maximum depth and learning rate
for better result. The performance of the calculated model is tested by cross-validation techniques for its
accuracy and stability [15].

The third ML algorithm used is called RL which is used for the optimization of service orchestration and
failure handling. Specifically, the RL model like DQN targets at identifying the best strategies for the
operation of service interactions and dealing with failures in terms of reward signals. The environment
thus emulates the microservices architectural model, and consists of the following actions, among
others: service deployments; scaling choices; failure handling. This environment is used to try out
several strategies for the RL agent and get feedback in the process. Important hyperparameters of the RL
model are learning rate and the amount of exploration-exploitation trade off control. The training
process involves performing many episodes in order to allow the RL agent to learn good polices.

During the execution time, it is crucial to determine the effectiveness of each model, which is done
during the performance evaluation phase by using some parameters. For LSTM networks, an accuracy of
the detected anomalies, false positive rate, time of the detection and F1-score is used to assess the model.
The criteria for GBMs are the forecasting accuracy, mean absolute error (MAE), resource consumption
and its costs. While for RL, the policy accuracy, false rate of service failure, the average time of
recovery, and the reward score are some of the ways used in evaluating the enhancement of the service
management model. Each of these metrics can give a full overview of another side of an algorithm’s
performance referring to intelligent data management.

The last step is the comparison; the results from LSTM networks and GBMs as well as the RL
algorithms are compared to identifies the level of stratum efficacy. The comparison is made with respect
to accuracy, false positive rate, detection /recovery times and overall performance of the model. Based
on the characteristics presented in the previous section, the advantages and drawbacks of the algorithms
are discussed to explain how they can be implemented in EDS for different aspects of data processing.
This comparative analysis assists in understanding that some algorithms work better for certain tasks and
offers an idea of how each algorithm increases system performance, consumption, and dependability of
the services released.

While conducting the research, attention is paid on the integration of these algorithms into the overall
data management framework. This is done by assessing the feasibility of the implementation of each
model in a real-time setting and means by which their results can be applied toward general system
optimization. The research approach used in the given project seeks to identify strengths and weaknesses
of LSTM networks, GBMs, and RL algorithms in the context of event-driven microservices while also
focusing on the best implementation practices for the intelligent data management.

4. Results and Discussion

In the results and discussion section, the performance of Long Short-Term Memory (LSTM) networks,
Gradient Boosting Machines (GBMs), and Reinforcement Learning (RL) algorithms is analyzed based
on key metrics: the measures to quantify the model includes accuracy, false positive rate, detection or
recovery time and overall performance of the model.

While using LSTM networks the accuracy of the anomaly detection was quite high at 92%. Such a
performance can be attributed to LSTM’s ability to learn temporal dependencies and handle sequential
data well. The high accuracy means that LSTM networks are able to differentiate between normal and
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pathological behaviour with fairly high degree of accuracy and that is what is needed for real-time
monitoring in the microservices systems based on the event-drive architecture. The FPR was also
relatively low at 5% and highlighted the LSTM’s ability of low misclassification of normal events as
anomalies. This minimization of false positives is a plus because it eliminates many benign occurrences
that otherwise are flagged as suspicious thereby requiring unnecessary alerts and system interferences.
Moreover, the global time spent on detecting anomalies was further reduced to 3 seconds although with
the help of the proposed approach. This capability is critical in ensuring the emergent responsiveness
and reliability especially to systems under high through put. The F1 measure of 0. 90 would also attest to
the ability of the LSTMs in achieving the optimum F-scores for precision and recall thus making the
model ideal to handle imbalanced datasets as is experienced in most anomaly detection.

Alternatively, by using the GBM model with XGBoost the total resource demands have been predicted
at the accuracy of 89%. Even though being a tad lower to LSTM this results still hold good and depicts
the efficiency of GBM in management of resource usage data which contain high levels of non-linearity.
The extent to which the resource needs of a business might be over or under-provided can be put into
perspective from the statistics obtained from the usage of the GBM model, which has been shown to
bring down the levels of over-provisioning by 18 percent as well as under-provisioning by about 14
percent. This optimization is a reality in terms of resource utilisation and ultimately, cost minimisation.
The MAE of 3. 5 units in the predicted resource demand also explain model’s efficiency in terms of
precision, which is significantly better than that of previous models that had a MAE of 7. 0 units. This
accuracy in prediction is important in determining the right amount of resources to allocate so as to
maximize the organization’s return and minimize its costs, which goes to show that GBMs do not just
have theoretical value, they are also applicable in a real life setting such as in a production company or
firm.

These complex behaviours, which were demonstrated by RL, using DQN in the specific case of SLA-
PCM, resulted in supple increases in service orchestration and failure manners. Thus, the proposed
model’s effectiveness of enhancing the decision-making accuracy by approximately 22% when
compared with heuristic-based approach demonstrates the suitability of the model for learning the best
strategies for managing the service interactions. While RL does not give the prediction accuracy like
those given by the LSTMs and GBMs its effectiveness is reflected in better control of service
dependency and failures. By applying RL model, false positive rates for identified service failures have
also been reduced by 12%; again these are strong pointers to the fact that RL model indeed provides
strong ability to reduce incorrect failure handling instances which are so important in maintaining
stability within the system. Furthermore, with help of the RL model, the average time to return to service
after failures has been reached within 4. 5 minutes — this is much better than average 7 minutes that has
been achieved previously. This shorter time is a proof of the RL model’s efficiency to manage the
service interruptions and maintain the system running. The average of reward score of 87 out of 100 is
an indication of the success of RL model in improving service management and resource allocation by
learned policies.

Therefore, as it is evident from the tables analyzed above, each algorithm displays different
characteristics by the metrics that have been assessed. The LSTM networks are very effective in
diagnosis of anomalies with a small number of false positives and hence can widely used for real-time
monitoring. GBMs facilitate qualitative as well as quantitative results in resource allocation and work as
efficient predictors which help in cost control. RL algorithms show their effectiveness in the problem
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and show potential in service coordination and failure resolution by applying better decisions and
recovery time. The comparison highlights applicability of each algorithm in certain application aspects
of intelligent data management in event driven microservices architectures. Based on those results, it can
be stated that both LSTMs and GBMSs are more appropriate for detection and prediction tasks, while RL
provides substantial advantage in handling servicecomplex interactions and enhancing the robustness of
the system. One aspect of each of the algorithms individually is the specific way in they each assist in
improving the robustness of event driven systems.

Figure 2: Performance Comparison of Accuracy
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Figure 4: Performance Comparison of Time
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5. Conclusion

It is shown in the paper that efficient machine learning algorithms can be of great help for dealing with
numerous operational issues related to event-driven microservices architecture by improving data
handling. Real-time anomaly detection was successfully performed using LSTM networks with the
accuracy of 92%, and 5% false positive rate. This has further highlighted the efficiency of LSTM in the
identification of the anomalies in the sequential event data as well as the enhancement of system
monitoring without high false alarm rates. In the analysis the near-optimal solution was achieved to
predict the resource demands with 89% of accuracy by using the Gradient Boosting Machines (GBMs).
The overall reduction of resource over-provisioning and under-provisioning by 18% and 14%
respectively brings out the fact that the GBM increases resource utilization efficiency to minimize
operation costs. RL was proven to be very effective in service orchestration and failure recovery — with
Decision Making becoming 22% accurate and Recovery time cut to 4. 5 minutes. These results confirm
the way on how the RL model can help in coordinating these service interactions and in minimizing
interferences that can lead to system disruptions. Comparing all these algorithms, the research shows
that LSTMs are favoured greatly for anomaly detection, whereas, GBMs are best for prediction and RL
for the dynamic service management. Actually, each of the algorithms provides different features, and
their use and application can be targeted at specific challenges in event-driven microservices
architectures. The combinational usage of these machine learning tactics offers a stable platform for
smart data handling which improves, accelerates and stabilizes the existing dispersed systems.
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