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ABSTRACT 

The following paper attempts to research the utilization of Artificial Intelligence (AI) and 

Machine Learning (ML) in the scalability and dependability improvement of enterprise 

applications by solving pooled database connection problems. Along with intelligent 

monitoring with anomaly detection and forecasting models, factors such as self-healing 

systems and automated failover mechanisms significantly increased database system 

connection stability and efficiency. The research shows employing simulations and live precise 

case studies for foreseeing and fixing possible problems, thereby minimizing time losses and 

improving the system's dependability. Furthermore, the research identifies technical and 

operational issues related to implementing these solutions and the best practices for their 

solutions, making readers or users see the possibility of using AI and ML to enhance enterprise 

applications' performance and reliability. The findings help to expand the knowledge base in 

managing and building advanced technologies as flexible enterprise applications. 
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Introduction 

In the contemporary enterprise applications environment, all these applications must perform 

efficiently and be dependable. Since these applications are increasingly used to meet growing 

needs, keeping the connections to databases stable becomes a challenging issue. He notes that 

database pool connection problems, if not fixed on time, may result in large ones, reduced 

performance, and, in extension, adverse effects on business processes. The traditional 

mechanisms of monitoring and repairing tactics frequently show their inefficiency and inability 

to fulfil the required tasks in such conditions. 
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AI and ML are game-changers in this context, as they propose new ways to improve the expansion 

and solidity of enterprise applications. Another form of AI system that is being applied is the 

intelligent monitoring systems that automatically use complex algorithms to review the database 

and manage performance, identify possible problems or abnormalities, and forecast the possibility 

of them growing into big problems. This also advances the accuracy and effectiveness of 

monitoring and provides for the admitted maintenance, looking forward to avert connection 

breakdown. 

 

Additionally, automated remediation approaches with the help of AI and ML have viable tools to 

manage database connection problems. Such techniques include self-diagnosing systems that can 

correct any issues that may be identified and system failover systems to guarantee continuous 

service, respectively. Thus, its application in enterprises implies increased organizations' 

operational stability and effectiveness when these intelligent systems are connected. 

 

This section focuses on using AI and ML techniques to extend the performance and sustenance of 

business applications by adopting intelligent means of managing the database pool connection 

problem. This review focuses on the various approaches and techniques, results derived from 

simulations and actual events, issues, and resolutions while applying the methodologies and tools. 

The findings of this research have successfully expounded the importance of adopting AI and ML 

techniques in improving the performance of enterprise applications, which will help build better 

and more efficient systems for future use. 

 

Simulation Reports 

Purpose 
As such, this study takes advantage of quantitative simulation reports that analyze AI and ML's 

impacts on database pool connection issues. The idea is quite basic; depending on the simulations, 

one should assess how a far more complicated system should fulfil one or another set of 

circumstances. Hence, it can be shown how intelligent monitoring and remediation, together with 

AI, can assist in maximizing the ratios between the bottlenecks and offer far better scalability and 

reliability [1]. On the other hand, in conjunction with these reports, the things unfolding can be 

conceptualized in terms of improvement and potentiality for the future, as well as practical 

strategies and enactments of such technologies [2]. 

 

Structure 

Introduction 

The simulations in this study are inherently used to evaluate the capability and efficiency of 

incorporated AI and ML in the oversight and correction of enterprise database pool connection 

issues. It consists of assessing the anomaly detection algorithms that may be presented, the 

efficiency of the automatic repair processes, and the general improvement of the system's 

availability and efficiency [3]. Possible simulated variables are connection delay, outage rates, 

and restore time [4]. 

 

Methodology 

To run the simulations, statistical modelling and a machine learning approach were used when 

solving the problem. The primary steps in our methodology include several phases, which are, 

however, a small portion of the method we will shortly undertake. They include: 

 

Tool Selection: 

TensorFlow: TensorFlow was chosen to build and train the machine learning models due to the 

capacity and reliability of handling extensive data and complex mathematical computations [5]. 
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Apache JMeter: In the performance testing case, Apache JMeter was used, where an effort was 

made to replicate various classes of loads and determine the impact on the connectivity to the 

databases due to AI/ML integration [6]. 

 

Grafana: Grafana proved helpful for the immediate monitoring and visualization of system and 

performance metrics in a genuine and uncomplicated manner [7]. 

 

Simulation Setup: 

Workload Pattern: There is assumed to be equal and constant work to make the testing 

circumstances identical in all the simulations. This pattern read and wrote operations 

characteristic of enterprise applications with a ratio of 80:20, as stated in [8]. 

 

Database Connections: To imitate the realistic environment that can be met in enterprises, only a 

limited number of connections to the database were created. This setup ensured primary and 

secondary connection so the researcher could record failover scenarios [9]. 

 

Anomaly Introduction: When evaluating the performance of the AI and ML solutions, artificial 

latency was artificially added, and the forced connection was deliberately dropped at different 

time intervals [10]. 

 

Data Collection and Preprocessing: 

Log Aggregation: Information was collected through system logs and quantitative records of the 

response of various segments of the whole system, including the database servers, application 

servers, and the interface in the network [11]. 

 

Data Cleaning: Preprocessing of data that had been collected was carried out to minimize noise 

and any unwanted information that would be input to the ML algorithms [12]. 

 

Feature Engineering: Some features extracted from the cleaned data were connection latency, 

query execution time, error rates, etc. These features were used for training and testing the 

machine learning models as identified in [13] and the subsequent works. 

Model Training and Validation: 

 

Anomaly Detection Models: Out of all the models used in anomaly detection, we have Isolation 

Forest and Autoencoders, and the purpose of these models was to 'swallow' regular connection 

and thus identify the connection that appeared to be troubled. 

 

Predictive Models: Thus, based on historical data on connection performance, mathematical 

models were developed with the future performance of the connection. These models used time 

series analysis techniques to forecast the illustrations of the parameters, such as the latency and 

the failure rates[15]. 

 

Validation: The models were then tested on a cross-validation set to check that the developed 

models were genuine. The measurement criteria used in the models' considerations included 

precision, recall, and the F1 score. 

 

Simulation Execution: 

Baseline Testing: Non-AI and ML efforts were conducted during preliminary experiments to 

compare the results of the consequent experiments. Some quantitative measures include Average 

latency, Failure rate, and recovery time [17]. 



352 

ResMilitaris, vol.11 n°,1 ISSN: 2265-6294 Winter-Spring (2021) 

 

 

 

AI-Driven Monitoring: For this purpose, sophisticated AI-aided monitoring was integrated, 

which allowed the maintenance of real-time data to discover possible issues daily. The above-

described system was put into practice, and its effectiveness was monitored and logged for 

evaluation of improvements, namely about the reference [18]. 

 

Automated Remediation: This required automated remedy procedures like self-healing systems 

or automatic failover mechanisms to be instituted to deal with such incidents. It was considered 

how well the system could return to normal from a troubled connection and check on the overall 

status of stable connections [19]. 

 

Real-Time Scenarios 

Introduction to Real-Time Scenarios 

Nothing else is more important to AI and ML than the use cases near the natural world and its 

tasking. As good as simulations provide a controlled environment for hypothesis and outcome 

predictions, real-life situations provide a real-life environment with all the difficulties that are 

part and parcel of real-life lot applications of enterprise systems. It is also necessary to get an idea 

about the mentioned pluses and minuses in the practical usage of AI and ML solutions in 

achieving the overall goal of the theory, which is to enhance the performance and reliability of 

the yielded systems [1][2]. 

 

Scenario Description 

Scenario Selection 

A peculiar choice of real-time scenarios was made based on criteria focused on achieving the 

paper's objective of demonstrating enterprises' typical conditions. Key criteria included: 

 

Operational Relevance: Scenarios that replicate actual issues generally experienced within an 

enterprise application about the facility for database pool connection. 

 

Complexity: Conditions that range from a partially or severed connection to other types of 

problems with performance. 

 

Scalability Impact: The identified relationships pair scaling values with experiences of how such 

strategies impact databases alongside the effectiveness of coherent AI and ML procedures [3][4]. 

 

Detailed Description 

Scenario 1: They consist of High Traffic Surge as their ability to deliver inexpensive design and 

development solutions to their clients may be boosted by higher technologies in internet site 

development. 

 

Context: Several users arrive at a particular time of the day depending on business hours, for 

instance, during the evening. 

 

Challenges: Handling more connection requests, getting into lower connecting time, and not 

losing connection. 

 

Objectives: Solicit the effectiveness of the AI and ML solutions with orientations to sustain the 

high traffic loads of social media. 

Scenario 2: Timeouts 
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Context: An event in the outside world likely to affect the network latency in a given direction, 

in this case, is harmful. 

 

Challenges: Some solutions commonly applied to recognize and eliminate latency problems that 

cause connecting to the database timeouts are. 

 

Objectives: Examine the effectiveness of applying AI in the aggravation of the occurrence of 

network latency anomaly to reduce the impact of network latency spikes. 

 

Scenario 3: This survey variable relates to a problem in using the database server. 

 

Context: An overload on a primary database server, which needs to be replaced by a backup or 

the secondary database server. 

 

Challenges: The capacity to prevent an outage or a data loss that lasts longer if a failure occurs. 

Objectives: Comparing the options AI and ML solutions have for managing the failovers as well 

as the general availability of the system [5][6]. 

 

Implementation and Analysis 

Execution 

The AI and ML solutions were applied to these real-time scenarios using the following steps: The 

following are used to implement the AI and ML solutions in the real-time application scenarios 

identified above. 

 

Deployment: The abovementioned monitoring and remediation tools are the ways of applying 

Artificial Intelligence that was incorporated into the enterprise application environment. 

 

Data Collection: Such data gathering in real-time was from the application, database, and network 

interface layers. 

 

Monitoring: Real-time reporting and control, along with detecting other issues and problems with 

the help of elaborated AI algorithms, also became an essential feature for observing the system 

further. 

 

Remediation: Load balancing, failover initiation, and latency reduction were among the reactive 

actions that were applied in automating the correction of the problems mentioned below [7][8]. 

 

Outcomes 

The real-time results obtained during the identification of the real-time scenarios were 

documented, and an assessment was conducted with key results presented in tabular form and 

statistical tools such as charts. For example, Table 2 shows the evaluation of the system's 

functionality before and after the implementation of AI and ML techniques in the defined  

 

Scenario 1. 

The key improvements observed include: Some of the areas of improvement include: 

Reduced Connection Latency: Reduced connection latency is reflected in all the mentioned 

conditions and is quite significant. 

 

Lower Failure Rates: The following are the impacts of the solution: With the solution in the 

system, there will be fewer cases of connection drop rates, hence making the system stable. 
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Faster Recovery Times: In general, increased O&G improves the ability to enhance capacity over 

a relatively short time horizon of anomalies and failures. 

 

Among the constraints highlighted, the following were the ones that were identified: When 

employing an anomaly detection method, the results that were obtained could sometimes contain 

false positives. From the cases outlined above, it was clear that when deploying AI solutions, the 

initial costs incurred are massive[9][10]. 

 

Comparison with Simulation Results 

Regarding the real-time scenario, the results highlight the actual performance enhancement, 

which, in turn, has a direct relationship with the findings of the simulation analysis. The results 

of the analytics of both groups illustrate the enhancement of scale and reliability through AI and 

ML interventions. However, it was seen that the real-time implementations exposed some more 

problems, such as issues in integration and the fluctuation in the network conditions, which was 

not easily possible. It is a comparative inference that before embarking on making heavy line 

recommendations within the context of the system and matters that affect it, it is wise to carry 

out real-life tests on the simulation analysis to check the system [11][2] thoroughly. 

 

Simulation Reports and Analysis 

Scenario 1: High Traffic Surge 

 

 
 
Figure 1: Scenario 1 Performance Metrics 
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Analysis 

The following table and graph of Scenario 1 depict the marked enhancement in various performance indices 

post-deploying AI solutions. Execution of time to establish connection came down from 150 to 90 ms, a 

cut down of 40%. The current necessity for the connection drop decreased from 7% to 2%, underlining 

improvements in this sphere. This was a sign that the system's performance had increased because the 

response time reduced from 1.2 seconds to 0.8 seconds. 

 

Scenario 2: Network Latency Spike 

 
 

Figure 2: Scenario 2 Performance Metrics 

 

 
 
Analysis 

Analyzing the influence of AI-driven solutions in the second scenario, it is also possible to highlight the 

performance enhancement. Connection latency was thereby cut from 200 ms to 110 ms, which was a cut 

of 45 per cent. The number of connections dropped was reduced from 10% to 3%, implying higher 

quality and reliability, and the mean response time was reduced from 1.5 to 1.0 secs, indicating a fast 

response from the system. 

Scenario 3: Database Server Failure 
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Figure 3: Scenario 3 Performance Metrics 

 

 

Analysis 

This brings about the realization of meeting return on investment when applying AI solutions from the 

real-life scenarios illustrated in this paper, concluding with the third scenario confirming better outcomes. 

Throughput and connection latency was enhanced from 180ms to 100ms, probably by 44%. The connection 

drop rate decreased from 8% to 2.5%, thus increasing system reliability. Recovery and performance 

increased with response time being brought down from 1.3 seconds to 0.85 seconds. 

 

Challenges and Solutions 

Identifying Challenges 

Regarding the application of AI and ML, numerous crucial considerations exist in handling the problems 

occurring in the connection to the database pool. These difficulties are categorized into two parts: technical 

and operational. 

 

Technical Challenges 

Data Quality: The general trend of machine and deep learning models is that they provide high-quality 

training data and data for predictions. This is because, firstly, the entry of incomplete or inconsistent data 

in the model will lead to unreliable forecasts. Secondly, introducing new data inconsistent with the model 

may increase the size of the forecast error. 

 

Algorithm Performance: Proposing methods that can be efficient in diagnosing the symptoms and 

anticipating the issues on the spot is not simple. They should be able to be stable and scalable and should 

handle variability originating from connection data of the databases [2]. 

 

Integration with Existing Systems: Based on previous investigations, one could define that the main and 

most challenging tasks related to implementing AI and ML solutions are connected with integrating 

novelties into enterprise environments. This relates to the nature of the new solution as it is compatible 

with present active databases, applications and monitoring tools and seamlessly integrates them into 

operations as in Rockefeller [3]. 
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Operational Challenges 

Cost: AI and ML solutions may also be characterized by relatively high costs. Though the price is in dollars 

and has been looked at in section 2, it also includes investment in hardware, primarily technological 

infrastructures such as high-performance computing (HPC) and data warehouses [4]. 

 

Resource Requirements: AI and ML projects mean specialized and specific labour forces related to data 

scientists, machine learning engineers and other IT specialists. The attraction and maintenance of such 

personnel may also prove a challenge to organizations, especially when they do not have the information 

on how to get involved in the application of artificial intelligence [5]. 

 

Change Management: Implementing new technologies in organizations mostly meets some resistance from 

change management. As the organization moves from these systems, employees must be trained, which 

may lead to job losses or changes in work patterns [6]. 

 

Solutions and Best Practices 

To get around these issues, the following technical and operational antecedents can be applied: To get 

round these issues, the following technical and operational antecedents can be applied: 

 

Technical Solutions 

Improving Data Quality: Use backups of the data governance structure to eliminate issues such as 

inconsistency, inaccuracy, and incompleteness of the data. Among the processes that can be applied and 

put into practice on data include cleaning, normalization of data and augmentation of data. The checks and 

measures should be done occasionally to ensure the quality and accuracy of the collected data are very high 

[7]. 

 

Optimizing Algorithms: Establish higher reliability of algorithms by integrating different tasks of machine 

learning's high-level algorithm from the field experts. Using big data from real life and constantly training 

and updating the models will help achieve higher performance. It is recommended to apply methods, for 

example, an ensemble of learners, tuning of parameters, and validation of cross to enhance the algorithms 

[9]. 

 

Ensuring Seamless Integration: Locate AI/ML platforms as a Layer within the existing structural 

infrastructure, utilizing modularity and interface standards. Interact with other components using APIs and 

help other elements with the assistance of protocol standards. Thus, the principles of operation of all the 

solutions developed must be checked on sandbox environments before implementation in the production 

environment [9]. 

 

Operational Strategies 

Cost-Effective Approaches: Incorporate the AI and ML services in the cloud solution form, which means 

that the costs will be minimal initially, and resources can be procured on demand. Unfortunately, it is 

crucial to eliminate the maximal possible cost usage, so open-source tools and frames need to be used. The 

third one is the cost-benefit analysis for correctly identifying priorities concerning the highly significant 

projects [10]. 

 

Efficient Resource Utilization: Formation of organo-polyfunctional teams means cross-function groups of 

specialists in AI and domain experts. Include the availability of training and development plans that help 

update the existing staff with the current market needs. Decide research partners with universities and 

facilities to recover research information and assets [11]. 

 

Effective Change Management Techniques: Engage the stakeholders in the project from the early stages 

to ensure they are on your side while handling the reactions they give to the project. Ensure that the 

organization provides the employees with adequate orientation, change management training, and other 

build-up programs for the system's change. What remains imperative is to discuss the benefits of integrating 

AI & ML solutions and emphasize the positive outcomes of using advanced tools in making work 
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productive and joyful [9]. 

 

Through the above strategies, organizations will be in an excellent position to handle some key aspects that 

might influence the artificial intelligence and machine learning solutions for the database pool connection 

problem, increasing the likelihood of adoption and implementation. 

 

Conclusion 

We also outlined the usefulness of more state-of-the-art solutions in increasing the scalability and reliability 

of internal applications with the example of the hitherto addressed intelligent database pool connection 

issue. As affianced in our study, the concepts in artificial intelligence help to magnify the functionality of 

the techniques applied in elevating system performance through the early detection of issues and the 

efficient solving of connection points, hence improving system elasticity but with minimal breakouts. This 

research ascertained the pervasiveness of utilizing AI and ML solutions for accuracy from real-life and 

detailed simulation exercises. The findings were consistent in portraying the abovementioned artificial 

intelligence and machine learning-based intervention as effective in reducing the system's response time, 

lowering the failure frequencies and enhancing the recovery durations, leading to higher reliability of the 

enterprising applications. 

 

However, there is a hitch in the implementation process involving these advanced technologies in the 

strategic plan. Technical issues, which we identified during the study, concern such elements as data 

quality, algorithms, and integration of the AI solution into the existing environment. Other factors that 

could also be cited here are operational, comprising cost, resource and change management. To these, we 

offered several technical approaches that consist of having data governance architectures, application of 

the upgraded type of machine learning algorithms, and flexibility of integration architectures. Other 

operational-level strategies, such as using cloud technologies to achieve increased organizational 

effectiveness, establishing cross-functional teams, and efficient change management, were also identified. 

However, in most of the research cases we have come across, there are equally high chances of utilizing 

AI and ML to improve the performance of business enterprise applications. The potential is nearly limitless 

regarding the understanding and fixing of technical and operational concerns about the ability of AI's to 

aid organizations in enhancing system elasticity and reliability. 
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