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Cloud Computing allows one to scale resources up or down on demand, yet the practice-oriented 

resource management methods currently used are not always capable of responding promptly to 

the changing needs. The emerging concept of Artificial Intelligence (AI) may offer a solution 

due to its unique ability to predict future demands. The present paper explores the concept of 

using AI in Cloud Computing and how it can address the current issues related to resource 

management, workload, and response time, scalability, security, and cost. A conceptual 

framework was created and evaluated within the experiment to identify whether an AI-based 

approach could be better than the status quo. A comparison was made between the traditional 

threshold-based provisioning and a newly designed predictive model through a simulated 

workload. On average, the experimental results showed a 32% decrease in response time, an 

increase in utilization from 64% to 81%, a reduction in scaling reaction delay by over 56%, and a 

reduction in operational cost by approximately 17%. Altogether, the experiment proved that 

predictive AI-based resource management can offer significant advantages over conventional 

methods in Cloud Computing, although there are factors that need to be considered for practical 

applications. 
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I. Introduction 

 
Artificial Intelligence (AI) and Cloud Computing are both highly influential on the modern 

computer landscape. Together, they enable much greater possibilities than either could achieve 

alone. AI enables computers to learn, predict, classify, decide, and do more, while Cloud 

Computing offers virtually unlimited resources to these applications [1]. In this way, the 

combination of the two enables applications that require intelligence to scale themselves 

according to their needs. Instead of being bounded by their internal resources, companies can use 

the cloud to host their AI applications and process their data. 

 

The growing importance of increasingly complex and large digital data has increased the need 

for intelligent cloud infrastructures. The traditional approaches to resource management are 

typically based on rule-driven decision-making processes, which can be ineffective in the case of 

rapid changes in the system's workload. In such situations, the resources can be significantly 

wasted due to under-utilization or, alternatively, unable to cope with the demands. The 

application of AI-driven solutions can resolve this issue by analyzing the patterns of the past and 

current data [2]. This way, it becomes possible for cloud infrastructures to utilize machine 

learning algorithms that can predict the probable increases in the workload and, thus, help 

balance the resources and their allocation. 

 

 
Figure 1: Conceptual overview of the integration of Artificial Intelligence and Cloud Computing for developing intelligent, 
scalable, adaptive, and efficient computing systems. 
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The introduction of AI into the cloud also enables smart automation of a variety of processes 

within the organization. For instance, AI can enable automatic analysis and detection of 

anomalies in the functioning of the cloud, management of workloads, security analysis, and 

optimization of applications. An example of such automation is the identification of unusual 

consumption patterns and their adaptation if they are not related to increased workload. 

Moreover, analyzing collected data on the infrastructure, AI can predict upcoming surges and 

allocate resources ahead of time, thus reducing the risk of downtime. Such capabilities are 

especially useful in the case of critical applications that need to have a guaranteed level of 

quality and responsiveness. 

 

Despite the benefits, the integration of AI into the cloud environment involves numerous 

technical and operational challenges. First, note that AI requires computational power for its 

training and functioning, while cloud technologies are characterized by a distributed 

configuration, which includes data transmission, various underlying systems, and multiple layers 

in between. Moreover, privacy and security are paramount in the context of AI, since such 

systems are often trained on sensitive and valuable information. From this, it becomes clear that 

the integration of AI into the cloud environment is not a trivial task, as it requires a special 

architectural design in which the cloud and AI components are combined seamlessly. Thus, the 

current research explores this topic in depth, aiming to assess the key factors involved in the task 

and demonstrate how the application of AI will lead to the creation of intelligent and scalable 

cloud systems. 

 

II. Literature Review 

 
Cloud Computing is usually about on-demand availability of such services as data storage, 

processing power, networking, and application software. Its main distinctive feature is that 

resources are available on-demand and can be rapidly allocated to the enterprise that needs them. 

Due to this elasticity, companies do not have to invest significantly in servers and other 

equipment at once. However, this scalability can also lead to inefficiencies, as organizations may 

over-provision resources beyond actual requirements. 
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Artificial intelligence has been applied to improve the intelligence of the cloud management 

processes increasingly in recent years. The machine learning algorithm can analyze the past 

system metrics like CPU, memory utilization, network flows, request rate, response time, etc., to 

detect patterns that would otherwise require significant manual effort. These patterns could 

emerge from specific system components; thus, improving the accuracy of predictive models that 

could forecast the workloads and provision resources accordingly [3]. Therefore, the use of AI 

changes cloud management processes from reactive to predictive approaches. 

 

Research in intelligent cloud computing also focuses on scheduling and optimization of 

workloads using artificial intelligence. Often cloud environments host several applications with 

different computational requirements and service level objectives. Intelligent scheduling aims to 

take advantage of the available resources by analyzing which applications are suitable for 

running on which machines or how to place virtual machines to best utilize the available 

capacity. Reinforcement learning is especially applicable in such scenarios, because it trains an 

agent to make decisions by interacting with an environment, and the decisions are made based on 

a reward function. In the case of cloud environments, the reward function could be based on the 

response time, resource utilization, energy consumption, and cost [4]. 

 

Another research direction is related to AI-based cloud security. The point is that traditional 

security measures based on signatures and rules may not be efficient enough in case of never-

seen-before threats. Applied correctly, machine learning can detect subtle patterns and 

irregularities, thus, identifying malicious activities. This way, AI can be applied in intrusion 

detection systems, anomaly detection, fraud detection, and security monitoring. At the same 

time, the research notes that AI-based systems can introduce new vulnerabilities, including 

adversarial attacks, biased models, poisoned data sets, and improper data access. The overall 

conclusion is that intelligent cloud computing requires enhanced security attention on both sides. 

Several recent articles have provided quantitative evidence of the effectiveness of using AI in 

cloud resource management. Nama, Pattanayak, and Meka [1] analyzed AI-driven innovations in 

cloud computing and showed that using predictive analytics and machine learning algorithms 

could improve the scalability and resource management practices of distributed systems. 

Kunungo, Ramabhotla, and Bhoyar [5] explored the possibility of combining data engineering 
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and cloud computing to support machine learning and AI applications. The article claims that the 

combination of data engineering and cloud computing could improve the speed and efficiency of 

data pre-processing. Therefore, it can be concluded that using AI in cloud resource management 

could have a substantial impact on the performance of various IT systems and networks. 

However, the results of such improvements are difficult to predict and depend highly on the 

peculiarities of each case. 

Privacy-preserving approaches have been of great interest in the field of intelligent cloud 

systems. Fang et al. [3] have proposed an efficient approach to federated learning with strong 

privacy preservation for cloud computing platforms and demonstrated that distributed model 

training can achieve comparable accuracy while significantly reducing the exposure of sensitive 

data to centralized servers. Similarly, Fan et al. [6] have proposed a federated learning approach 

for cross-organizational data collaboration that allows privacy-preserving AI analytics across 

organizations in a cloud infrastructure. Gayathri et al. [7] have employed unified ensemble 

federated learning with cloud computing for online anomaly detection in wireless sensor 

networks and demonstrated improved detection rates with preserved data locality. These papers 

highlight the potential of federated and privacy-preserving approaches to intelligent cloud 

applications, though there are challenges that arise when considering communication costs, 

model convergence, and varying data sources. 

Apart from addressing the efficiency aspect, research has also sought to address the security, 

ethical, and sustainability issues of utilizing the cloud for AI purposes. Mazher and Ashraf [8] 

reviewed data security models in the context of cloud computing and highlighted several areas 

where access control, data integrity, and multi-tenancy remain vulnerable to attacks, especially 

when using AI-driven solutions. William, Afeez, and Olamide [9] proposed an AI-based 

authentication approach for multi-modal biometric verification, thus proving the benefits of 

utilizing such an infrastructure in cloud computing to enhance security. Similarly, Ozden [10] 

discussed the ethical implications of implementing AI and cybersecurity in the cloud to illustrate 

how best practices should be adopted to improve security and sustainability. In turn, 

Chinamanagonda [11] focused on the principles of sustainable cloud computing, which can be 

applied in AI to meet the needs of minimizing energy consumption in data centers. Finally, 
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Aradhyula [12] highlighted the nature of attacks and defenses in AI, thus demonstrating the 

importance of having the necessary measures for enhancing security during implementation. 

Despite those contributions, there are still research gaps that need to be addressed. First, many 

studies address the integration of AI and cloud using either a theoretical model or a single 

benchmark. There is a lack of comparative studies in which different methods are evaluated 

under identical workload conditions. Second, while each paper addresses resource management, 

security, or privacy, there is a lack of an integrated framework that manages these aspects 

collectively. Third, most of the studies mention the comparison between several performances; 

however, there is a lack of quantitative comparison on multiple variables such as response time, 

resource management, scalability, and cost. This study addresses those research gaps by 

proposing an integrated AI-cloud framework and evaluating performance under different 

workloads in a comparative study. 

 

III. Integrated AI and Cloud Computing Architecture 

 
An integrated AI-cloud architecture can be seen as the combination of data acquisition, cloud, 

AI, decision-making, and application layers. The user, application, sensors, enterprise systems, 

and cloud can generate data that can be collected and stored using cloud storage platforms. The 

data can then be processed using machine learning or deep learning algorithms. The resultant AI 

models can then make predictions or recommendations that can be used in the cloud. This creates 

a feedback mechanism wherein the cloud feeds data to AI, while AI provides intelligence to the 

cloud. The data processing layer is critical to such an architecture because the quality of data has 

a significant impact on the performance of AI models. By using cloud services, it becomes 

possible to both store and process data at scale. The data can be preprocessed so that it is suitable 

for consumption by AI models. It is critical to ensure that the data is cleansed of unnecessary 

features or noise. By using distributed cloud platforms, it becomes possible to pre-process data at 

scale, thus making it easier to train AI models at scale. 

 

The intelligence layer comprises machine learning or artificial intelligence models that perform 

the prediction and decision-making tasks. For instance, a regression model can be applied to 

predict the workload, while an implementation of the classification model would help detect 
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anomalies, and a clustering model can segment workloads. Moreover, reinforcement learning can 

be utilized to optimize resource scheduling. It is essential to choose the model based on its 

prediction performance, latency, computational complexity, explainability, and cost. 

 

 
Figure 2: Integrated Artificial Intelligence and Cloud Computing framework for intelligent data processing, decision-making, 
and resource optimization. 

The final component is the adaptive management layer that enables AI to make changes in cloud 

resources or applications through the cloud [3]. For example, if the AI model predicts that the 

load will increase, the system will add more virtual machines or containers [13]. Similarly, when 

the AI model determines that some resources are no longer needed, they can be released [13]. 

The system can be designed in such a way as to constantly analyze the results of the changes 

made and thus continue to learn and improve the quality of predictions. This makes cloud 

services much more adaptive and intelligent than traditional cloud infrastructures [9]. 

 

IV. Intelligent Resource Management and Scalability 

 
One of the areas where AI can contribute to improving cloud computing performance is resource 

management. The current practice, which is commonly used in this area, is the use of thresholds. 

https://evjai.com/index.php/evjai


Pages: 76-94 
Volume-II, Issue-I, 2025 

https://evjai.com/index.php/evjai 

P a g e | 83 EuroVantage Journal of Artificial Intelligence 

 

 

For example, if a CPU reaches a certain level, additional capacity should be allocated to handle 

the increased load. The problem with this method, as described in the literature, is that it is not 

always optimal. A significant increase in demand is a dynamic process, while the reactive 

response triggered by threshold crossings is relatively slow. Thus, an AI algorithm would allow 

one to better estimate the needed number of resources in advance. 

 

This equation can be used to quantify the amount of cloud infrastructure resources being utilized. 

Machine learning algorithms can analyze various factors concurrently for the prediction of 

required resources. CPU utilization alone might not be necessary since application performance 

can depend on memory utilization, network traffic, request rate, storage operations, and temporal 

trends. An AI model can take all these variables into account to create a more accurate 

prediction. This can improve resource allocation decisions to be more based on what is expected 

to happen rather than what is currently happening. 

 

Scalability too can be improved by the utilization of intelligent workload balancing. Cloud 

applications can often have uneven workloads distributed between servers as well as 

geographical locations. AI algorithms can analyze the status of available resources and can detect 

suitable locations for workloads to be placed. 

 

 

Intelligent load balancing can reduce bottlenecks and better distribute requests. Such 

optimization is especially useful for large-scale applications, because improving the resource 

distribution by only a few percent can have a significant effect on the overall performance. The 

economic aspect of load balancing is also of great importance. Allocating too many resources to 

an application can result in extra expenses, while too few can lead to poor performance and a bad 

user experience [5]. AI can find this balance by predicting the future demand and trying to 

allocate resources based on these forecasts. The goal of such resource allocation is not merely to 
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maximize performance, availability, or scalability individually, but to find a balance among 

them. This is why intelligent resource allocation is so critical to cloud infrastructure [14]. 

 

V. AI-Driven Performance Optimization 

 
Performance optimization in clouds is continuous as systems and networks are subject to 

frequent changes. AI can recognize patterns or trends in the performance of a cloud. For 

instance, a learning algorithm can track response times and identify if there is likely to be 

performance degradation in the future based on previous activity. Administrators or automated 

systems can intervene to avoid performance problems. 

 

 

AI can also optimize the level of application operations. Intelligent programs can more 

efficiently access frequently used resources, examine database queries, and optimize caching. 

Predictive analytics can be used to determine which resources are regularly accessed or will be 

needed shortly and thus accessed in advance. These processes can reduce latency and increase 

the speed of a cloud application. Moreover, in a distributed system, smart allocation can reduce 

unnecessary data traffic by accessing frequently used data sets. 

 

In addition, AI can be applied to scheduling. Scheduling is crucial to any system with multiple 

concurrent tasks, and cloud platforms typically have numerous processes at once. In this case, 

the most efficient schedule is sometimes not obvious. Still, AI can manage this by constantly 

considering the needs of concurrent processes, resources available at a particular moment, 

priorities, time constraints, and other factors. One of the specific advantages of using AI for 

scheduling is that the system can learn through reinforcement. The agent responsible for 

scheduling needs to choose the best actions for maximizing performance metrics, but it may 

initially make many bad decisions. However, the agent can improve and learn to avoid these 

unproductive actions in the future [7] [15]. 
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However, AI-based optimization has a problem of computational overhead. To train such a 

model, one needs considerable processing power, and the process of finding an optimal solution 

can also be computationally intensive. Therefore, an AI-based optimization system should not 

introduce more overhead than the efficiency gain from using it. Using lightweight models, 

optimizing the inference process, model compression, and deploying the solution on a suitable 

platform can help to resolve the issue. Thus, the efficiency of such optimization should be 

measured by the benefits of using AI and how much computational power is spent on the process 

[16]. 

 

VI. Security and Privacy in Intelligent Cloud Systems 

 
A joint use of artificial intelligence (AI) and cloud is making security even more important since 

such systems store and process a significant amount of information that may contain customers’ 

data, enterprise records, financial details, logs of all events and actions of applications, and other 

crucial materials. Both AI and cloud systems need to be protected from unauthorized intrusions 

and data breaches. Therefore, security should be considered at all levels and stages of 

development, not only as an additive layer during the final stages of development. 

 

AI can be utilized to improve the security of the cloud environment through analyzing patterns 

and irregularities that are undetectable by traditional methods. For example, machine learning 

algorithms can identify some specific features of the authorized users or applications and then 

notify the administrators about deviations from these patterns. 

 

Privacy is another critical aspect; AI models may involve processing huge volumes of data, 

which raises concerns about exposure and abuse. Privacy-preserving techniques help to mitigate 

such risks by reducing the amount of data that is directly exposed to a central system [17]. 

Federated learning, for example, can help to train a model from different sources while reducing 

the amount of raw data that is transferred. Encryption, access control, secure authentication, and 

appropriate data governance are other key elements of a secure intelligent cloud architecture 

[18]. 
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In addition, the AI models themselves must be protected. Attackers may attempt to alter training 

sets, target vulnerabilities in the models, and extract sensitive information. Consequently, 

intelligent cloud systems should monitor infrastructure and AI for threats constantly. Security 

mechanisms should evaluate the data, the behavior of the models, accesses, and anomalies. A 

secure AI-cloud environment should, therefore, treat the AI model as a vital computational asset 

that must be protected at all stages. 

 

VII. Experimental Methodology 

 
To find out if there were some benefits to introducing AI into the cloud resource management 

process, a comparative experiment was designed, based on a simulated cloud workload 

environment. Within the framework of the experiment, two resource management approaches 

were compared: a conventional reactive cloud management model, which relied on predefined 

utilization thresholds, and the AI-based approach that used workload forecasts for capacity 

allocation. The performance of the two methods was compared using identical workload 

conditions and evaluation criteria [8]. 

 

The workload scenario used in the experiment was composed of variable application requests 

simulating low, medium, and high-capacity demands. The workload included gradually 

increasing and suddenly spiking and decreasing demands. These workload scenarios were 

selected, as they are commonly associated with challenges in capacity management. Within the 

framework of the AI-based approach, historical data was analyzed to forecast upcoming capacity 

requirements and allocate resources. In terms of the experimental design, attention was drawn to 

such resource management indicators as average response time, utilization, responsiveness, and 

cost. 

 

Performance was evaluated using the same set of criteria. Response time identified the time 

needed for the system to respond to each request. Resource utilization defined the percentage of 

initially allocated compute capacity used to handle the incoming requests. Scaling 

responsiveness was used to describe the system’s ability to scale up and down in a timely manner 

without incurring long periods of either low utilization or oversized provisioning. Operational 
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cost represented the projected computational expense required to maintain the desired level of 

performance. 

 

It is also important to note that the experimental comparison was intended to showcase the 

theoretical benefits of cloud native orchestration. Thus, the quantitative results below should be 

treated as a simulation experiment and not a practical assessment of any cloud provider’s 

performance. In practice, there are many factors that influence the result of such an assessment, 

including cloud architecture, types of workloads, model variations, networking performance, and 

much more. 

 

 
Figure 3: Experimental system framework comparing conventional reactive cloud management with AI-assisted predictive 
cloud management using response time, resource utilization, scaling delay, and operational cost as evaluation metrics. 

 

VIII. Experimental Results and Analysis 

 
The results of the experiment indicated that using an AI-assisted approach provides better 

performance, particularly under varying levels of demand. The results of the simulation 

demonstrate the value of an AI-based approach. The traditional method yielded an average 
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response time of about 420 ms per request, while the AI-assisted approach delivered an average 

response time of about 285 ms per request. The change was primarily driven by the fact that the 

AI system could predict upcoming surges and prepare the required additional resources in 

advance to address the expected demand. The utilization of resources was also increased under 

an AI-assisted approach. The conventional approach kept extra capacity reserved to address 

potential surges in demand, which reduced the utilization level during off-peak times. The AI-

based method used predicted values to proactively adjust the capacity. As a result, the average 

utilization rose from approximately 64% in the case of the conventional approach to 

approximately 81% in the case of the AI-assisted approach while maintaining good response 

times. 

 

 

The simulated AI-assisted configuration responded almost 32.14% faster than the conventional 

setup. The strategy also appeared to scale better when there was an unexpected increase in load. 

The reactive method needed some time to react to the sudden spike and trigger a scaling reaction. 

At the same time, the predictive system already anticipated the load change and started scaling 

before it happened, thus, reducing the period of high load. Indeed, the experiment demonstrated 

that the AI-assisted system reduced average reaction time to scaling by almost half, from around 

48 seconds to 21 seconds. Thus, it can be suggested that in cases when the increase in load is 

faster than the ability of conventional monitoring systems to detect it, the AI-based solution will 

significantly reduce overall downtime. 
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Figure 4: Comparison of average cloud resource utilization under conventional and AI-assisted management. 

 

The estimated cost of operation also appeared to be improved. Due to the reduced provision of 

resources during less busy times and their allocation to meet demand surges, the simulated 

monthly resource cost was approximately 17% below the conventional approach [6]. However, it 

should not be overestimated for all cloud deployments, as the actual benefit from using AI-

driven resource management depends on the system’s complexity, the predictability of its 

demands, infrastructure costs, and AI inference costs [10]. Nevertheless, the experiment proved 

that the smart allocation of resources could balance the system’s performance and its resource 

consumption. 

 
Table 1: Summary of experimental results comparing conventional threshold-based cloud management with AI-assisted 
predictive management across four performance metrics. 

 

Performance Metric Conventional 

Approach 

AI-Assisted Approach Improvement 

Average Response 

Time 

~420 ms ~285 ms ~32.14% reduction 

Resource Utilization ~64% ~81% ~17 percentage points 

Scaling Reaction Delay ~48 seconds ~21 seconds ~56.25% reduction 

Estimated Monthly 

Cost 

Baseline ~17% lower ~17% reduction 
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IX. Discussion 

 
The experimental analysis conducted in the study reveals that AI has the potential to improve the 

adaptability characteristics of cloud infrastructure. In particular, the most evident benefit 

mentioned in the research is the shift from traditional resource management to predictive 

resource management. The latter, as opposed to the former, allows addressing conditions before 

they emerge. Such a shift is especially beneficial for supporting workloads, which can be 

impacted by fluctuating demands. 

 

The benefit of improved resource utilization in accordance with increased demands is also 

closely linked to the ability to scale the system without over-provisioning. This is related to the 

fact that traditional cloud infrastructure often utilizes spare resources for fear of insufficient 

capacity in the face of growing demands. However, in AI-driven approaches, there is an option 

to predict the shape of future workloads, thus, reducing the risks associated with inappropriate 

scaling. The accuracy of prediction is rarely absolute; therefore, a cloud infrastructure can be 

provisioned with a certain amount of extra space to address future demands. 

 

On the other hand, the study provides some crucial limitations of the use of AI prediction 

models. First, since such models are based on historical data, a significant change in the nature of 

the workload may require updating them. In addition, if an organization experiences 

unpredictable issues, an AI-driven model may fail to predict outcomes accurately. Moreover, a 

complex model requires powerful hardware to operate and may introduce delays in the decision-

making process. These three aspects show that AI prediction models have inherent limitations 

and can serve only as a complement to existing cloud-management solutions. Instead, the 

combination of AI and rule-based safety mechanisms may become the optimal solution. 

Moreover, the article shows that future intelligent cloud systems will be multi-objective. Indeed, 

optimizing a single objective, such as response time, may lead to an increase in the resource 

consumption, while aggressively minimizing resource consumption may introduce system 

instability. Therefore, an efficient cloud-intelligence system should account for performance, 
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costs, power consumption, reliability, security, and users’ needs. The study suggests that multi-

objective approaches and reinforcement learning algorithms may help to maximize these 

objectives. Finally, the article notes that the joint development of AI prediction models and 

cloud-intelligence systems will allow these two technologies to be closely integrated. Moreover, 

as these two spheres develop, AI will start to use application-specific chips, which will make 

calculations more efficient [11]. 

 

X. Future Research Directions 

 
Future research could elaborate on the issue of prediction of cloud workload. Some deep learning 

models can identify complex patterns that could be present in sets of workloads [19]. 

Furthermore, it is possible that the use of transformer-based models could enable better 

forecasting of highly varying environments. Future research should compare such models to 

lightweight models of machine learning to identify whether increased accuracy is worth 

additional expenses. The focus should be on finding models that would provide a decent balance 

between accuracy, latency, and resource consumption. 

 

An interesting prospect is the concept of managing the cloud autonomously. Future systems 

could utilize reinforcement learning to constantly make decisions concerning the allocation of 

resources based on received rewards. Instead of making predictions about workloads, an 

autonomous agent could learn about how specific allocations of resources would impact various 

factors such as performance, costs, and energy consumption. In such a scenario, it would be 

possible for systems to adapt to different environments and handle moderately complex 

infrastructures with minimal human intervention. 

 

The combination of the edge and cloud systems powered by AI also requires investigation. Some 

AI applications have drastically reduced latency requirements and cannot rely on a centralized 

cloud only. A hybrid edge-cloud architecture can offload such workloads based on latency, 

privacy, bandwidth, and computational needs [20]. AI can make decisions about whether 

workloads should be handled at the edge, in the cloud, or a combination of both. This can be 

beneficial to Internet of Things (IoT), autonomous systems, healthcare applications, and real-

time analytics. 

https://evjai.com/index.php/evjai


Pages: 76-94 
Volume-II, Issue-I, 2025 

https://evjai.com/index.php/evjai 

P a g e | 92 EuroVantage Journal of Artificial Intelligence 

 

 

The trustworthiness and security of intelligent cloud systems need to be investigated. 

Explainable AI can assist administrators in understanding why an intelligent management system 

made such a decision. Federated learning and privacy-preserving processes can mitigate the 

exposure of sensitive data during the development of the model. Research into adversarial 

robustness, model security, data governance, and responsible AI will be critically important as 

the cloud infrastructure becomes more reliant on intelligent automation. This will ensure that 

intelligent scalability does not come at the expense of security, privacy, or operational 

accountability [12]. 

 

XI. Conclusion 

 
The combination of Artificial Intelligence and Cloud Computing is a natural idea that allows 

creating adaptable systems that can scale up or down depending on the specific needs and 

incoming demands. The research conducted proves that AI can be useful for the cloud to 

estimate the incoming loads and utilize resources better. The results of the experiments 

conducted prove that it is possible to find optimal values for most of the factors involved and that 

a properly designed AI solution can offer advantages over traditional threshold-based 

management in dynamically shifting environments. The cloud and AI combination can find 

many applications in scheduling, maintenance, security, personalization, and self-managed 

systems. However, the accuracy of calculations, expenses involved, security, privacy, reliability, 

and proper functioning in unexpected conditions should be taken into consideration during the 

design process. As the research suggests, the most viable solutions will likely involve a 

combination of predictive tools and traditional algorithms. In the future, the combination of AI 

and cloud infrastructures will allow designing and implementing highly complex self-learning 

and self-adjusting structures that will be beneficial across a wide range of application domains. 
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