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A STATISTICAL PERFORMANCE EVALUATION OF NETWORK TRAFFIC
OPTIMIZATION IN CLOUD COMPUTING ENVIRONMENTS USING
PREDICTIVE ARTIFICIAL INTELLIGENCE MODELS

Abstract

This study evaluates the performance of network traffic optimization in cloud computing
environments using predictive artificial intelligence (AI) models combined with rigorous statistical
analysis. As cloud infrastructures continue to experience increasing traffic complexity due to
applications such as big data analytics, Internet of Things (loT), and real-time [services, efficient
traffic management has become critical for maintaining optimal performance and Quality of Service
(Qo0S). Traditional traffic management approaches often fail to adapt to. dynamic cloud
environments, necessitating the adoption of intelligent, data-driven< solutions.A quantitative
experimental research design was employed, integrating machine learning techniques with statistical
performance evaluation. Predictive models, particularly Random Forest Regression, were developed
to forecast network traffic load based on historical performance metrics such as latency, bandwidth
utilization, packet arrival rate, and throughput. Simulation experiments using CloudSim, alongside
real-world network traces, were conducted to generate_and validate datasets. Statistical tools
including descriptive statistics, correlation analysis, regression analysis, and ANOVA were applied
to assess the effectiveness of the proposed model. The results reveal a strong positive correlation (r =
0.987) between Al-predicted traffic load and network. throughput, indicating high predictive
accuracy. Regression analysis further shows that the model explains approximately 97.5% of the
variance in throughput (R’ = 0.975), with statistically significant results (p < 0.001). However,
weaker relationships were observed between predicted. traffic and other metrics such as latency and
bandwidth utilization, suggesting the influence of additional network factors. The study concludes
that Al-based predictive models significantly-enhance network traffic optimization, particularly in
improving throughput and enabling proactive resource allocation. It recommends the integration of
Al-driven prediction with advanced network optimization techniques for holistic performance
improvement in cloud computing environments.

Keywords: Cloud computing, network optimization, artificial intelligence, predictive analytics,
statistical modeling, bandwidth utilization.

1. INTRODUCTION

Cloud computing has emerged as a transformative paradigm for delivering scalable computing
resources, «enabling organizations to access storage, processing power, and networking services
through.the Internet on a pay-as-you-use basis. The rapid adoption of cloud platforms by enterprises,
governments;-and research institutions has significantly increased the volume and complexity of
network traffic within cloud data centers. As applications such as big data analytics, Internet of
Things (IoT), and real-time streaming services continue to expand, cloud networks must efficiently
manage large and dynamic workloads while maintaining high levels of performance and reliability.
Effective network traffic optimization therefore plays a critical role in ensuring efficient bandwidth
utilization, reduced latency, and improved Quality of Service (QoS) in cloud environments (Mell et
al., 2011; Buyya,et al., 2011).

The distributed and virtualized architecture of cloud computing introduces unique networking
challenges compared to traditional computing infrastructures. Multiple virtual machines and
containers often share the same physical network resources, leading to unpredictable traffic patterns
and potential network congestion. These challenges are further compounded by the dynamic scaling
of cloud resources, which can cause sudden fluctuations in traffic demand. Conventional network
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management approaches, including static routing policies and rule-based congestion control
mechanisms, are often insufficient to handle such highly dynamic environments. Consequently,
inefficient traffic management can result in packet loss, increased latency, and degraded application
performance in cloud data centers (Zhang et al., 2010; Armbrust et al., 2010).

To overcome these limitations, recent research has explored the integration of Artificial Intelligence
(AD) techniques into network management systems. Al-driven approaches, particularly machine
learning algorithms, have demonstrated significant potential in analyzing complex network traffic
patterns and enabling adaptive decision-making. By learning from historical traffic data, machine
learning models can identify correlations between network parameters and system/performance,
allowing for more intelligent traffic routing and resource allocation strategies.~Such. predictive
capabilities provide cloud systems with the ability to anticipate congestion and proactively adjust
network configurations, thereby improving overall network efficiency (Boutaba et al.; 2018; Chen et
al., 2020).

Predictive analytics has become a central component of intelligent cloud.networking, enabling
systems to forecast future network conditions based on historical observations. Machine learning
techniques such as regression models, neural networks, and ensemble learning algorithms have been
widely applied to traffic prediction and congestion control in modern networks. These predictive
models analyze time-series network data to estimate future traffic loads.and guide dynamic resource
allocation decisions. As a result, predictive Al models can significantly enhance bandwidth
utilization and reduce service interruptions in large-scale cloud infrastructures (Mao et al., 2016;
Tang et al., 2021).

While predictive Al techniques provide powerful. tools for traffic optimization, rigorous statistical
evaluation is essential to validate their effectiveness. Statistical methods such as regression analysis,
correlation analysis, and analysis of variance (ANQVA).allow researchers to quantify the impact of
optimization techniques on network performance metrics, including latency, throughput, packet loss,
and bandwidth utilization. Through statistical.performance evaluation, it becomes possible to
determine whether improvements achieved by Al-based optimization approaches are statistically
significant when compared with traditional traffic management strategies (Montgomery et al., 2011).

Despite the growing body of research on intelligent cloud networking, there remains a need for
comprehensive studies-that combine predictive artificial intelligence models with robust statistical
performance evaluation frameworks. Many existing studies focus primarily on algorithm
development without adequately validating their results using statistical inference techniques.
Therefore, this..study investigates the statistical performance evaluation of network traffic
optimization in cloud computing environments using predictive artificial intelligence models. By
integrating machine learning-based traffic prediction with statistical analysis of network performance
metrics, the.study aims to provide empirical evidence on the effectiveness of Al-driven network
optimization strategies in modern cloud infrastructures.

2.. LITERATURE REVIEW

Cloud computing has become a fundamental technological infrastructure for delivering scalable and
flexible computing services over the Internet. The paradigm enables organizations to deploy
applications and store data on distributed cloud platforms without the need for extensive local
infrastructure. However, the rapid growth of cloud-based services has led to a substantial increase in
network traffic within data centers and distributed cloud environments. This surge in traffic has
created challenges related to congestion, bandwidth allocation, and service latency. According to
RajkumarBuyya and colleagues, efficient resource and network management remains a key factor in
ensuring the reliability and scalability of cloud computing systems, particularly as demand for cloud
services continues to expand across multiple industries (Buyya et al., 2011).
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The architecture of cloud data centers typically involves thousands of interconnected servers, virtual
machines, and network devices that share common communication channels. In such environments,
network congestion can significantly degrade system performance, leading to increased latency and
reduced throughput. Early research in cloud networking focused on conventional traffic engineering
techniques such as load balancing, static routing, and heuristic-based congestion control mechanisms.
For example, studies by Michael Armbrust and collaborators emphasized the importance of efficient
network infrastructure in large-scale cloud systems, noting that poor traffic management can
undermine the advantages of cloud computing by causing delays and service disruptions (Armbrust et
al., 2010).

To address these challenges, researchers have explored the use of software-defined. networking
(SDN) and virtualization technologies to improve network flexibility and traffic control in cloud
environments. SDN enables centralized control of network traffic through programmable controllers,
allowing administrators to dynamically manage routing paths and bandwidth allocation. According to
research by Nick Feamster and colleagues, SDN provides a powerful platform for implementing
adaptive traffic engineering strategies that can improve network efficiency and resource utilization in
cloud data centers (Feamster et al., 2014). Nevertheless, while . SDN _improves network
programmability, it still requires intelligent mechanisms for predieting and managing traffic patterns
effectively.

In recent years, artificial intelligence (AI) and machine learning have emerged as promising solutions
for intelligent network management. Machine learning algorithms.are capable of analyzing large
volumes of network data to identify complex patterns. and predict future traffic behavior. A
comprehensive survey conducted by RaoufBoutaba highlights the growing adoption of machine
learning techniques in networking, including applications such as traffic prediction, anomaly
detection, and adaptive routing (Boutaba et al., 2018). These approaches enable cloud systems to
respond proactively to traffic fluctuations rather than relying solely on reactive congestion control
mechanisms.

Traffic prediction has become a critical research area in Al-driven cloud networking because accurate
prediction allows systems to allocate resources efficiently before congestion occurs. Various machine
learning models, including neural networks, support vector machines, and ensemble learning
techniques, have been applied to network traffic forecasting. For instance, research by Hongzi Mao
demonstrated that deep learning models can effectively learn complex traffic patterns in cloud
networks and improve resource allocation decisions (Mao et al., 2016). These predictive models have
shown strong potential for improving network performance and reducing operational costs in cloud
infrastructures.

Another important development in intelligent cloud networking is the application of reinforcement
learning techniques. for dynamic resource management. Reinforcement learning enables network
controllers to learn optimal traffic routing strategies through continuous interaction with the network
environment. Studies have shown that reinforcement learning-based traffic optimization can adapt to
changing network conditions more effectively than traditional algorithms. This adaptive capability is
particularly valuable in large-scale cloud environments where traffic patterns may vary significantly
over time (Chen et al., 2020).

Despite the progress achieved in Al-based network management, evaluating the effectiveness of
these optimization approaches requires rigorous statistical analysis. Statistical performance
evaluation methods provide a scientific basis for measuring improvements in network metrics such as
throughput, latency, packet loss, and bandwidth utilization. Techniques such as regression analysis,
correlation analysis, and analysis of variance (ANOVA) are commonly used to determine the
statistical significance of performance improvements in networking studies. As noted by Douglas C.
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Montgomery, statistical modeling plays a critical role in validating experimental results and ensuring
that observed performance gains are not due to random variations in data (Montgomery et al., 2012).

In addition to statistical modeling, simulation tools have been widely used in cloud networking
research to evaluate optimization algorithms under controlled experimental conditions. Simulation
frameworks such as CloudSim enable researchers to model cloud infrastructures, generate synthetic
workloads, and analyze the impact of traffic optimization techniques on system performance. These
tools provide a flexible environment for testing Al-based models before deploying them in real-world
cloud systems. According to Anton Beloglazov, simulation-based evaluation allows researchers to
explore various traffic management strategies while minimizing the cost and risk associated with
large-scale network experiments (Beloglazov et al., 2012).

Furthermore, recent studies have emphasized the integration of predictive analytics with cloud
orchestration systems to improve automated resource management. By combining machine learning
predictions with real-time network monitoring, cloud orchestration platforms can dynamically adjust
routing paths and allocate bandwidth to meet changing workload demands.. This integration
represents a shift toward autonomous cloud networks capable. of self-optimization and self-
adaptation. Such intelligent systems are expected to play a crucial.role in supporting emerging
technologies such as edge computing, 5G networks, and large-scale IoT deployments (Tang et al.,
2021).

Despite these advancements, several research gaps remain in the field of Al-driven cloud networking.
Many existing studies focus primarily on algorithm.development without providing comprehensive
statistical validation of their performance improvements. Additionally, limited attention has been
given to integrating predictive Al models with statistical performance evaluation frameworks in a
unified approach. Therefore, further research.is required to develop and empirically evaluate
intelligent network traffic optimization. models that ‘combine predictive analytics with rigorous
statistical assessment. Addressing this gap will contribute to the development of more reliable and
efficient cloud networking systems<capable of supporting the growing demands of modern digital
infrastructures.

3. RESEARCH METHODOLOGY

Research Design: This study adopts a quantitative experimental research design aimed at evaluating
the performance of network traffic optimization in cloud computing environments using predictive
artificial intelligence (AL) models. The research is grounded in the integration of Al-based traffic
prediction techniques. with statistical performance evaluation. Experimental simulations are
conducted to model cloud “infrastructure, generate network workloads, and implement traffic
optimization algorithms. Statistical methods such as regression analysis, correlation analysis, and
analysis-of variance (ANOVA) are used to validate the performance improvements achieved by Al-
driven: optimization against traditional traffic management techniques. This approach allows for
controlled manipulation of variables and rigorous assessment of causal relationships between
predictive modeling and network performance indicators (Montgomery et al., 2012).

Population of the Study: The population of interest consists of network traffic flows and resource
utilization patterns in large-scale cloud data centers. Specifically, the study models virtualized cloud
infrastructures with multiple virtual machines (VMs) hosted on physical servers, where traffic
patterns are dynamically generated by user workloads. The cloud environment is representative of
medium-to-large enterprise cloud deployments, including hybrid and multi-cloud scenarios. The
population is characterized by the following metrics: network latency (ms), bandwidth utilization
(%), packet loss (%), throughput (Gbps), and resource allocation efficiency (%).
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Sample and Sampling Technique: Given the experimental simulation approach, the study employs
purposive sampling to select network traffic patterns and workload types that closely represent real-
world cloud applications. This method ensures that the selected traffic scenarios reflect the variability
and dynamics typical of operational cloud environments. Two primary datasets are utilized for the
study. The first is a Simulated Cloud Traffic Dataset, which consists of synthetic workloads
generated using CloudSim to model a wide range of network conditions, including both peak and off-
peak traffic periods. The second dataset comprises Real-world Network Traces, sourced from
publicly available repositories such as Google Cloud and Microsoft Azure, to provide empirical
validation for the predictive models under authentic cloud conditions. Overall, the sample includes 50
rows traffic observations, with each observation capturing essential network performance metrics,
including latency, throughput, bandwidth utilization, and packet loss, enabling 'a comprehensive
analysis of the Al-based traffic optimization framework.

Research Instruments: The study employs a combination of simulation tools and machine learning
frameworks as research instruments to model cloud environments and implement predictive Al-based
traffic optimization. CloudSim is used to simulate the cloud infrastructure, including virtual machines
and network traffic patterns, providing a controlled environment. for. experimentation. For the
development and deployment of predictive models, Python machine learning libraries such as Scikit-
learn, TensorFlow, and Keras are utilized, enabling the implementation of algorithms including
Random Forest Regression, Long Short-Term Memory. (LSTM) neural networks, and ensemble
learning techniques. Additionally, network monitoring tools like: Wireshark and NetEmulator are
employed to validate traffic flows and measure-key. performance metrics, including latency,
throughput, and packet loss, ensuring accurate evaluation of'the Al-based optimization framework in
simulated experiments.

Predictive Model Implementation: The predictivemmodel in this study is designed to forecast
network traffic load using historical network performance metrics. A supervised learning
approach is adopted, with input features including previous network latency, historical bandwidth
utilization, packet arrival rate, -and. throughput metrics. To capture the complex, non-linear
relationships between these variables, the Random Forest Regression algorithm is employed due to
its robustness in handling multivariate dependencies and reducing overfitting. The model produces
traffic load forecasts (Tpred) that are subsequently used to dynamically adjust routing paths and
allocate bandwidth throughout the simulated cloud network. Mathematically, the predictive function
can be represented as:

Tpred=f(X, X3, X3,...,Xn)

WhereXndenotes network variables such as latency, packet loss, and throughput, which serve as
predictors for ‘estimating future traffic loads. This formulation enables proactive network
management, allowing the system to anticipate congestion and optimize resource allocation in real
time.

Data Collection Methods: Data collection for this study is conducted in two distinct phases. The
first phase involves simulation data generation, where CloudSim is used to create controlled
workloads under varying network traffic conditions. During these simulations, key network
performance metrics such as latency, throughput, bandwidth utilization, and packet loss are recorded
at predefined intervals, for example, every second across a 24-hour simulation period. The second
phase focuses on real-world validation, in which publicly available cloud network traffic traces are
processed to extract comparable performance metrics. These real-world datasets are used to evaluate
the predictive model’s accuracy and to validate the findings from the simulated experiments. All
collected data is stored in CSV format and undergoes pre-processing to remove anomalies, handle
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missing values, and normalize network metrics, ensuring that the datasets are suitable for model
training and subsequent statistical analysis.

Data Analysis Methods: The study utilizes a combination of statistical and machine learning
analysis techniques to rigorously evaluate the effectiveness of the proposed Al-based traffic
optimization framework. Descriptive statistics are first applied to summarize key network
performance metrics, including mean, median, and standard deviation, providing an initial overview
of the dataset. Regression analysisis then conducted to examine the relationship between the
predicted traffic load generated by the Al model and observed network performance metrics, such as
latency, throughput, and packet loss. To further understand the associations between predicted traffic
and network outcomes, correlation analysis is employed, measuring both the strength-and direction of
these relationships. Analysis of variance (ANOVA) is performed to determine whether the Al-based
optimization model produces statistically significant improvements in network performance
compared to conventional traffic management approaches. Additionally, hypothesis testing is
conducted, with the null hypothesis (Hy) stating that Al-based traffic .optimization does not
significantly improve network performance, and the alternative hypothesis (H,) asserting that it does.
All analyses are carried out using Python (with SciPy and Statsmodels libraries). and SPSS, with the
significance threshold set at p<0.05p < 0.05p<0.05, ensuring that any ebserved improvements are
statistically robust and not due to random variation.

Reliability and Validity of Research Instruments: The ‘study ensures the reliability and validity of
its findings through multiple measures. First, repeated simulation experiments are conducted to verify
the consistency and stability of the results across<different network traffic scenarios. Second, the
predictive models are subjected to k-fold cross-validation, which mitigates the risk of overfitting and
ensures that the model’s performance is generalizable across unseen data. Third, real-world traffic
traces are used to validate the predictive models; providing empirical evidence that the Al-based
optimization framework can perform effectively beyond simulated environments. Finally, all datasets
undergo thorough preprocessing and normalization to minimize measurement bias, handle anomalies,
and standardize metrics, thereby-enhancing the accuracy and robustness of both the predictive
modeling and statistical analyses.

Ethical Considerations: Since the study uses simulated data and publicly available network traces,
there are no direct human participants involved. Data privacy is maintained by using anonymized
traces, and all sources<are properly cited.

4. RESULTS AND DISCUSSION
4.1. Data Analysis and Result Discussion
4.1.1. Statistical Analysis of the AI-Based Traffic Optimization Dataset
Table 4.1: Descriptive StatisticsUsing Statistical Packages for Social Science (SPSS)

Descriptive statistics were computed to summarize the key network performance indicators in the
dataset.

Variable Mean Std. Dev | Variance | Minimum | Maximum
Latency (ms) 21.88 2.79 7.80 14.14 30.16
Bandwidth Utilization (%) 72.65 7.76 60.28 46.07 95.00
Packet Arrival Rate (packets/sec) 1384.60 | 178.94 32018.45 | 955 1954
Throughput (Gbps) 3.70 0.46 0.21 2.50 4.88
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Predicted Traffic Load (Gbps) 3.89 0.48 0.23 2.70 5.15

Source: Author’s simulation data using CloudSim and real-world cloud network traces (2026).

The descriptive statistical analysis provides an overview of the network performance characteristics
within the simulated cloud networking environment. The results show that the average network
latency is 21.88 ms, which indicates relatively low delay levels and suggests that the network
operates with efficient data transmission and minimal communication lag. Such latency values are
generally considered acceptable for high-performance cloud networks where rapid data exchange is
required.

Furthermore, the mean bandwidth utilization of 72.65% indicates moderately high usage of
available network resources. This level of utilization suggests that the network infrastructure is
actively handling substantial traffic loads while still maintaining operational efficiency without
excessive congestion.

The packet arrival rate, which averages 1384.6 packets per second, teflects a consistent and stable
flow of data packets through the network. This steady packet transmission rate indicates balanced
traffic conditions and supports reliable network operations within'the simulated environment.

In terms of performance output, the network throughput has a mean value of 3.70 Gbps,
demonstrating strong data transfer capability across the network system. High throughput levels
indicate that the network is capable of processing and. transmitting large volumes of data efficiently,
which is critical for modern cloud computing and data-intensive applications.

Finally, the Al-predicted traffic load averages 3.89 Gbps, which is slightly higher than the
observed throughput values. This difference suggests that the machine learning model anticipates
traffic demand beyond the currently observed levels. Such predictions may result from the model’s
ability to forecast future traffic patterns, incotrporate predictive buffering mechanisms, or account for
potential increases in network demand. Overall, this indicates that the Al-based traffic prediction
model is proactive in estimating network load conditions and may support more effective traffic
optimization and resource allocation strategies:

Table 4.2: Correlation AnalysisUsing Statistical Packages for Social Science (SPSS)

Pearson correlation analysis was conducted to evaluate the relationships between predicted traffic
load and network performance indicators.

Variables Latency Bandwidth Packet Throughput Predicted
Utilization Rate Traffic

Latency 1.00 0.094 -0.134 | 0.065 0.058
Bandwidth 0.094 1.00 -0.036 | -0.111 -0.128
Utilization
Packet Rate -0.134 -0.036 1.00 0.105 0.106
Throughput 0.065 -0.111 0.105 1.00 0.987
Predicted Traffic 0.058 -0.128 0.106 0.987 1.00

Source: Author’s simulation data using CloudSim and real-world cloud network traces (2026).
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The correlation analysis reveals important insights into the relationships between the Al-predicted
traffic load and the network performance metrics. The results indicate an extremely strong positive
correlation (r = 0.987) between the Al-predicted traffic load and network throughput. This very high
correlation coefficient suggests that the machine learning model is highly effective in capturing and
predicting network traffic behavior. In practical terms, as the predicted traffic load increases, the
observed network throughput also increases in a nearly proportional manner. This strong relationship
demonstrates that the Al-based prediction framework closely aligns with actual network performance
and can reliably forecast traffic conditions within the network environment.

In contrast, the correlation between predicted traffic load and network latency (r = 0.058) is very
weak, indicating that variations in predicted traffic have minimal direct influence on-latency levels in
the dataset. Similarly, the relationship between predicted traffic load and bandwidth utilization (r =
—0.128) is weak and slightly negative, suggesting that increases in predicted traffic. do.not necessarily
correspond to higher bandwidth utilization. These weak correlations. imply. that latency and
bandwidth utilization are likely affected by additional network factors such as.routing efficiency,
congestion control mechanisms, and network infrastructure capacity. Overall, the results highlight
that while Al-predicted traffic strongly determines throughput performance, other network metrics
may be influenced by more complex operational dynamics within the cloud network environment.

Table 4.3: Regression Analysis

A linear regression model was used to examine the effect of Al-predicted traffic load on network
throughput.

Regression Model
Throughput=B0-+B1 (predicted Traffic) €
Regression Results Using Statistical Packages for Social Science (SPSS)

Variable Coefficient Std Error t-value p-value
Constant 0.013 0.042 0.31 0.759
Predicted Traffic Load 0.948 0.011 88.11 <0.001

Source: Author’s simulation data using CloudSim and real-world cloud network traces (2026).

Model statistics:

o R2=0.975
° F= 7763
« .p <0.001

The regression analysis shows that the model accounts for 97.5% of the variance in network
throughput, demonstrating an exceptionally strong predictive relationship between Al-predicted
traffic load and actual throughput. The coefficient for predicted traffic load ( = 0.948) indicates that
for every 1 Gbps increase in predicted traffic, the actual throughput increases by roughly 0.95 Gbps.
Moreover, the extremely small p-value (<0.001) confirms that this relationship is statistically
significant, providing strong evidence that the AI model reliably forecasts network performance.

Table 4.4: ANOVA (Model Significance Test)Using Statistical Packages for Social Science
(SPSS)
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Source df F-value Significance
Regression 1 7763 p <0.001

Residual 198 — —

Source: Author’s simulation data using CloudSim and real-world cloud network traces (2026).

The ANOVA test confirms that the regression model is statistically significant, meaning the Al-
based traffic prediction model provides meaningful explanatory power for network throughput
performance.

4.2.Figure Description of the Relationship between Al-Predicted Traffic Load and Network
Performance Metrics

The figures belowpresents scatter plot visualizations illustrating the relationships between Al-
predicted traffic load and key network performance indicators derived from the experimental dataset.

1. Predicted Traffic Load vs Network Throughput

This scatter plot illustrates the relationship between the Al-predicted traffic load (Gbps) and the
observed network throughput (Gbps).

Predicted Traffic Load vs NMetwork Throughput

1 L]

4.5 - L
= b
B s
=]
= 4.0
(=0
2
=
2 -
= 35 - -
—a
=
: j‘
ET_J -

3.0

.8
* e
2.3 -
3.0 3.5 4.0 4.5 5.0

Predicted Traffic Load (Gbps)

Figure 1:shows the relationship between Al-predicted traffic load and network throughput

Figure ldemonstrates a strong positive linear relationship, where increases in predicted traffic
correspond closely with increases in actual throughput. The clustering of data points along an upward
diagonal trend indicates that the Al-based prediction model accurately estimates traffic conditions
and aligns closely with observed network performance. This finding highlights the effectiveness of
the proposed traffic prediction framework in supporting proactive network resource management.

2. Latency vs Network Throughput

This graph presents the relationship between network latency (ms) and network throughput
(Gbps).
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Figure 2:Relationship between Network latency and Throughput

Figure 2 illustrates the relationship between network latencyand throughput. The scatter distribution
appears relatively dispersed, suggesting a weak correlation between these two variables. Although
minor variations in throughput are observed across different latency levels, the absence of a clear
trend indicates that latency does not significantly determine throughput performance in the analyzed
network environment.

3. Bandwidth utilization vs throughput
(This plot examines the relationship between bandwidth utilization (%) and network
throughput (Gbps).
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Figure 3: Association between Bandwidth Utilization and Network Throughput

Figure 3 depicts the association between bandwidth utilization and network throughput. The data
points show moderate variability across bandwidth levels, with throughput values occurring across
both lower and higher utilization ranges. This pattern suggests that while bandwidth utilization
contributes to overall network performance, it is not the sole determinant of throughput variations.

4. Packet arrival rate vs throughput.

10
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This scatter plot depicts the relationship between the packet arrival rate (packets per second) and
network throughput (Gbps).

Packet Arrival Rate vs Network Throughput

- - -

4.5 - a® & -
= = - ® e "
il - -
= - B =
723 - =) e - el ‘ - L ]
w— . *es == - -
g_dl:l - t ps L3 “. ‘ & - o
= e 2™ t-; = - -
= e -
= - - et b -
= - L] .- a% -
= 25 - = - e Wy . e % .0
= - ---"'-" -" -
= . L . 2 "= ¥y *
& - = e = = =
= 3.0 - & a

’ - = L ut

-
- -
2.5 bl -
1000 1200 1400 1600 1800 2000

Packet Arrival Rate {packets/sec)

Figure 4: Relationship betweenPacket Arrival Rate and Network Throughput

Figure 4 presents the relationship between packet ‘arrival rate and network throughput. The
scatter pattern reveals a broad distribution of observations. with limited linear structure. Although
higher packet arrival rates occasionally coincide with increased throughput values, the relationship is
inconsistent. This indicates that packet arrival rate reflects traffic intensity but does not independently
dictate throughput levels.

Overall, the graphical analysis demonstrates. that Al-predicted traffic load exhibits the strongest
relationship with network throughput, confirming the effectiveness of the proposed Al-based traffic
optimization model.In contrast, datency, bandwidth utilization, and packet arrival rate show weaker
relationships with throughput;. suggesting that these metrics independently contribute less to
throughput variation.

4.3.Findings

The findings from the dataset analysis provide strong evidence of stable and efficient network
performance within. the simulated cloud environment. The descriptive statistics reveal that the
network operates with relatively low latency, moderate-to-high bandwidth utilization, and consistent
packet arrival rates. These characteristics indicate a well-balanced system capable of handling
substantial.traffic loads without significant performance degradation. The observed throughput levels
further confirm-that the network maintains high data transmission efficiency, which is essential for
modern cloud-based applications and services.

A key outcome of the analysis is the exceptionally strong relationship between Al-predicted traffic
load and actual network throughput. The correlation coefficient of r = 0.987 and the high explanatory
power of the regression model (R? = 0.975) demonstrate that the machine learning model accurately
captures the underlying traffic patterns within the network. This implies that the Al-based framework
is highly reliable for forecasting network demand and can serve as an effective tool for proactive
traffic management and optimization. The close alignment between predicted and observed values
highlights the robustness of the model in real-world-like scenarios.

In contrast, the relationships between predicted traffic load and other performance metrics such as
latency and bandwidth utilization are relatively weak. This suggests that these metrics are not directly
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driven by traffic volume alone but are instead influenced by additional network dynamics. Factors
such as routing protocols, congestion control mechanisms, and infrastructure capacity likely play
significant roles in shaping latency and bandwidth behavior. As a result, while traffic prediction is
crucial for throughput estimation, a more holistic approach is required to fully optimize all aspects of
network performance.

The graphical analysis further reinforces these findings by visually demonstrating the strength and
nature of these relationships. The scatter plot of predicted traffic load versus throughput shows a
clear linear trend, confirming the strong predictive capability of the Al model. On the other hand, the
plots involving latency, bandwidth utilization, and packet arrival rate display more dispersed patterns,
indicating weaker or more complex relationships. These visual insights complement the statistical
results and provide a clearer understanding of how different network variables interact within the
system.

Overall, the study demonstrates that Al-driven traffic prediction plays a‘central role in enhancing
network performance, particularly in improving throughput estimation and optimization. The ability
of the model to accurately anticipate traffic demand offers significant advantages for resource
allocation, congestion avoidance, and network planning. However, the findings also highlight the
need to integrate additional optimization strategies that address other performance metrics beyond
throughput. By combining Al-based prediction with. comprehensive network management
techniques, it is possible to achieve a more efficient, ‘adaptive, and resilient cloud networking
environment.

5. CONCLUSION AND RECOMMENDATIONS
5.1. Conclusion

This study evaluated the effectivenessof an Al-based traffic optimization framework using statistical
and machine learning techniques applied to network performance data. The results demonstrate that
the proposed model provides highly accurate predictions of network traffic behavior, as evidenced by
the strong positive relationship. between Al-predicted traffic load and observed throughput. The
regression analysis further confirms that the model explains a substantial proportion of the variability
in network throughput,. indicating its robustness and reliability in forecasting traffic patterns.
Descriptive statistics also reveal that the network operates under stable conditions, with low latency,
moderate-to-high bandwidth utilization, and consistent packet flow, all of which support efficient
data transmission.

However, the findings also show that other network performance metrics, such as latency and
bandwidth utilization, exhibit weak relationships with predicted traffic load. This suggests that these
parameters. are influenced by additional factors beyond traffic volume, including network
architecture, congestion control mechanisms, and routing efficiency. Overall, the study establishes
that “while . Al-driven traffic prediction is highly effective for throughput optimization, a
comprehensive approach is required to fully enhance all dimensions of network performance in cloud
computing environments.

5.2.Recommendations
Based on the findings of this study, the following recommendations are proposed:

1. Adoption of Al-Based Traffic Prediction Models: Network administrators and cloud
service providers should integrate Al-driven traffic prediction systems into their infrastructure
to improve throughput estimation, capacity planning, and proactive traffic management.
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2. Integration with Advanced Network Optimization Techniques: Since latency and
bandwidth utilization are influenced by multiple factors, Al models should be combined with
intelligent routing algorithms, congestion control mechanisms, and load balancing strategies
to achieve holistic network optimization.

3. Real-Time Monitoring and Adaptive Control: Implement real-time monitoring systems
that leverage Al predictions to dynamically adjust network parameters, ensuring optimal
performance under varying traffic conditions.

4. Incorporation of Additional Network Features: Future models should include more
variables such as queue length, jitter, and packet loss to improve predictive accuracy and
better capture the complexity of network behavior.

5. Scalability and Real-World Deployment: The proposed framework should be tested and
deployed in real-world cloud and enterprise network environments to validate its.scalability,
robustness, and practical applicability under diverse operational conditions.

6. Continuous Model Training and Updating: Al models should be periodically retrained
using new network data to adapt to evolving traffic patterns.and maintain high prediction
accuracy over time.
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Appendix
Generated Data for AI-Based Network Traffic Optimization
S/N  Previous Bandwidth Packet Arrival Throughput Predicted

Latency. Utilization Rate (Gbps) Traffic Load
(ms) (Percent) Packets (sec) (Gbps)
1 23.49 74.86 1113 4.04 4.3
2 21.59 76.49 1292 3.29 343
3 23.94 80.66 1401 4.09 4.28
4 26.57 80.43 1408 4.31 4.45
h} 21.3 60.98 1319 3.89 4.04
6 21.3 64.5 1512 4.54 4.7
% 26.74 76.12 1208 3.35 3.55
8 243 76.11 1374 3.14 3.28
9 20.59 76.12 1422 2.9 3.18
10 23.63 95 1493 4.37 4.48
11 20.61 76.57 1528 3.99 4.16
12 20.6 81.08 1198 3.67 3.81
13 22.73 79.63 1124 3.83 4.13
14 16.26 77.21 1630 3.19 3.39
15 16.83 69.48 1460 4.8 5.06
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192 24.57 75.94 1314 3.79 3.81

193 22.64 61.44 1486 3.82 3.98
194  18.26 86.65 1460 3.13 3.26
195 22.52 81.44 1587 3.21 3.31
196  23.16 68.25 1308 4.17 4.33
197 19.35 58.29 1351 3.68 4.00
198  22.46 82.83 1224 4.01 4.24
199  22.17 71.08 1320 3.71 3.84
200 18.57 81.9 1468 3.71 3.94

513  Source: Author’s simulation using CloudSim and real-world cloud network traces (2026).
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