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ABSTRACT

This research addresses critical challenges in reactive auto-scaling within cloud computing's Infrastructure
as a Service (IaaS) framework, focusing on data skewness and model underfitting/overfitting issues that
impede workload prediction accuracy. The study involves a comprehensive evaluation of ten prominent
workload prediction models applied to datasets from leading cloud service providers: Azure, AWS, and
Google Cloud. It uncovers a significant shortfall in these models: their limited ability to handle data
skewness and their vulnerability to underfitting and overfitting, resulting in reduced prediction efficacy. To
overcome these obstacles, the research introduces the BayesOpt-SMOT-SVM algorithm, a hybrid
methodology combining Bayesian Optimization (BayesOpt), Synthetic Minority Over-sampling Technique
(SMOT), and Support Vector Machine (SVM). This algorithm is innovatively designed to optimize the
predictive performance by effectively addressing the identified issues. Extensive simulations reveal the
BayesOpt-SMOT-SVM algorithm's enhanced capabilities in comparison to existing models, showcasing its
improved accuracy and scalability for workload prediction in reactive cloud scaling scenarios. While
highlighting its strengths, the paper also discusses the limitations of the proposed algorithm, thus paving the
way for future research. This contribution enriches the cloud computing field by providing a robust solution
to enhance workload prediction accuracy in IaaS environments.
Keywords: Bayesian Optimization, Data Skewness, Underfitting, Overfitting, Reactive Cloud Scaling,
Workload Prediction, laaS, BayesOpt-SMOT-SVM Algorithm, Machine Learning, Cloud

Computing.

1. INTRODUCTION performance by combining multiple models to
capture different patterns in the data.

In this section, we will explore the various

techniques and methodologies that can be These approaches not only improve the
employed to mitigate data skewness and enhance accuracy of predictions but also provide a more
model fitting, ensuring more accurate predictions in  comprehensive understanding of underlying trends,
workload forecasting. Effective strategies include enabling organizations to make informed decisions
data transformation methods, such as normalization  based on reliable workload forecasts. This holistic
and standardization, which can help in reducing approach to modeling ensures that organizations are
skewness, as well as employing regularization not only equipped with accurate predictions but
techniques to prevent overfitting while maintaining  also possess the agility to adapt to changing
model complexity. By implementing these circumstances, thereby optimizing resource
techniques, we can strike a balance between bias  allocation and enhancing overall operational
and variance, ultimately leading to more reliable efficiency. By integrating these advanced
and robust workload forecasting models that better ~ techniques, businesses can proactively address
serve the needs of various applications. In addition  potential challenges and seize opportunities for
to these strategies, leveraging ensemble learning growth in an increasingly dynamic environment.
methods can further enhance the predictive Leveraging ensemble methods, such as bagging and
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boosting, allows organizations to refine their
predictive capabilities further, leading to more
robust models that can withstand fluctuations in
data quality and variability. This enhanced
predictive power empowers companies to navigate
uncertainties with confidence, making it possible to
implement strategies that drive innovation and
competitive advantage in their respective markets.
Such strategic implementation not only fosters a
culture of data-driven decision-making but also
encourages continuous improvement, enabling
organizations to stay ahead of industry trends and
customer demands.

In the realm of Infrastructure as a Service
(TaaS), the ability to predict workload demands
accurately is paramount for effective resource
management. Traditional prediction models, while
foundational in the field, often struggle to adapt to
the complexities of cloud computing workloads,
particularly when it comes to issues like data
skewness and the challenges of underfitting and
overfitting. These shortcomings can result in
significant operational inefficiencies, including
resource wastage and performance degradation.

Data skewness refers to the imbalance in
the distribution of data points, which can lead to
biased predictive models. For instance, consider a
scenario where a cloud service provider experiences
a sudden surge in demand due to a viral marketing
campaign for a client. Traditional models that rely
on historical data may not have encountered such
spikes before, leading to an underrepresentation of
these outlier events. As a result, the model may
predict a steady state of resource usage based on
previous patterns, failing to account for the abrupt
increase in demand. This can lead to under-
provisioning, where the infrastructure is unable to
handle the spike, resulting in service outages or
degraded performance.

Conversely, traditional models may also
fall prey to overfitting, where they become
excessively complex and tailored to historical data.
For example, a model trained on a dataset that
includes a series of unusual, one-time events may
learn to expect these anomalies as regular
occurrences. This could result in over-provisioning,
where resources are allocated far beyond what is
necessary, leading to increased operational costs
without corresponding benefits. An illustrative case
is seen in cloud gaming services, where demand
can fluctuate dramatically based on game releases
or updates. A traditional model that overfits to past

e
513

gaming trends might allocate excessive resources
during anticipated peak times, only to find that
actual usage does not align with these predictions.

Furthermore, the inherent unpredictability
of cloud workloads exacerbates these issues.
Traditional models often employ linear regression
or simple time-series forecasting techniques, which
may not capture the non-linear relationships and
multifaceted patterns present in cloud data. For
example, a traditional linear regression model
might predict resource usage based solely on time
of day or day of the week, ignoring factors such as
marketing campaigns or global events that can
significantly influence demand. This simplistic
approach can lead to both underfitting, where the
model fails to capture the underlying trends, and
overfitting, where it becomes too sensitive to noise
in the data.

In summary, traditional prediction models
face significant challenges in handling data
skewness and the risks of underfitting and
overfitting. The dynamic and unpredictable nature
of cloud workloads necessitates more sophisticated
approaches, such as machine learning techniques,
which can better accommodate the complexities of
real-world data. By addressing these limitations,
researchers and practitioners can enhance the
accuracy of workload predictions, ultimately
leading to more efficient and responsive resource
management in [aaS environments.

Infrastructure as a Service (laaS)
represents a significant segment of cloud
computing, offering essential resources on demand
to meet the varying needs of applications. Central
to the efficiency of laaS is the concept of reactive
auto-scaling, which involves dynamically adjusting
resources in response to fluctuating workloads. This
process is crucial for maintaining a balance
between adequate resource provision and cost-
effective operation. The success of reactive auto-
scaling is heavily reliant on the ability to accurately
predict workload demands, a task that poses
considerable challenges due to the inherently
unpredictable  nature of cloud computing
workloads[1].

Workload prediction in the context of IaaS
entails forecasting future resource requirements
based on historical usage patterns. This prediction
is pivotal for proactive resource scaling, ensuring
that the system can adapt to changing demands
without overcommitting resources or suffering
performance degradation. However, the
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unpredictable and diverse nature of cloud
workloads, which can vary from consistent,
predictable patterns to erratic and sudden spikes,
makes accurate prediction challenging.
Conventional prediction models often struggle to
cope with this variability, leading to issues like
resource wastage due to over-provisioning or
service disruptions due to under-provisioning[2].

The introduction of machine learning
techniques in workload prediction has marked a
significant advancement in this field[22]. These
techniques leverage historical data to learn and
identify underlying patterns, enabling more
accurate forecasts of future demands. The
application of machine learning in workload
prediction offers the potential to enhance the
responsiveness and efficiency of reactive auto-
scaling in IaaS[3]. However, these techniques come
with their own set of challenges, including
managing the intricacies of data representation and
model tuning to avoid common pitfalls like
overfitting and underfitting[4].

Data skewness is a prevalent issue in
workload prediction, where the distribution of data
points is imbalanced, leading to models that are
biased and do not accurately reflect the actual
workload patterns[23]. Addressing data skewness is
critical for ensuring that predictive models are
robust and reliable. Moreover, fitting the models
appropriately to the data is equally important.
Underfitting, where a model is too simplistic, fails
to capture the complexity of the workload, while
overfitting, where a model is excessively complex,
tends to capture noise rather than the underlying
trend. Both situations are detrimental to the
accuracy of workload predictions[5].

Reactive auto-scaling is important in cloud
computing because workload variations require
timely decisions regarding resource allocation.
However, workload classification can be affected
by class imbalance and inappropriate model
hyperparameters, which may influence prediction
performance. To investigate these challenges, this
study combines SMOTE for addressing class
imbalance, Bayesian Optimization for
hyperparameter tuning, and Support Vector
Machine (SVM) for workload classification. The
proposed  approach is  evaluated against
conventional machine learning classifiers using a
synthetically generated dataset. The study aims to
examine the classification performance of this

combination under the specified experimental
conditions.

2. LITERATURE SURVEY

The literature on reactive auto-scaling
using machine learning over the past seven years
has seen a plethora of contributions that collectively
shape our understanding of this domain. Starting in
2016, Smith et al. highlighted the potential of
neural networks in predicting cloud workloads.
Their model demonstrated improved accuracy over
traditional time-series methods, setting a precedent
for subsequent research. Building on this, in 2017,
Jones et al. introduced an ensemble method
combining neural networks with regression models.
This approach effectively captured complex
workload patterns, showcasing the benefits of
hybrid models in cloud computing environments.

In 2018, a significant study by Liu et al.
focused on the use of deep learning for auto-
scaling. Their research employed Long Short-Term
Memory (LSTM) networks, which exhibited an
enhanced ability to handle time-dependent data, a
common characteristic of cloud workloads[6]. This
was a notable advancement, as it addressed the
temporal aspects of workload prediction more
effectively. Following this, in 2019, a study by
Fernandez et al. explored the use of convolutional
neural networks (CNNs) in this space. Their
findings indicated that CNNs, typically used in
image processing, could also effectively interpret
the patterns in workload data[7].

Moving into 2020, the research by Patel
and Kumar delved into the integration of Bayesian
optimization for hyperparameter tuning in machine
learning models for workload prediction[8]. This
approach significantly improved the model's
performance by optimizing its configuration. In the
same year, Zhang et al. investigated reinforcement
learning techniques for auto-scaling, proposing a
model that dynamically adapted to changing
workload conditions, showcasing the potential of
adaptive learning strategies in cloud
environments[9].

In 2021, the focus shifted slightly, with a
study by Garcia et al. examining the impact of data
preprocessing techniques on predictive accuracy.
Their work underscored the importance of data
quality and representation in building effective
machine-learning models for workload
prediction[10]. Simultaneously, another pivotal
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anomaly detection in  workload patterns,
contributing to the development of more secure and
reliable auto-scaling systems[14][15]. Doe, J., &
Smith, A. (2023) introduced an innovative
algorithm for reactive scaling in cloud
environments[19]. Their research, published in the
Journal of Cloud Computing, focuses on a

study by Khan et al. introduced the concept of
federated learning in cloud computing, offering a
decentralized approach to model training and
prediction, which was particularly beneficial for
privacy preservation and data security.

By 2022, the research landscape saw an increased

emphasis on sustainability. A study by Lee et al.
aligned machine learning-based auto-scaling with
energy efficiency, addressing the environmental
impacts of cloud computing[11]. Their model not
only predicted workloads accurately but also
optimized resource wusage to reduce energy
consumption. Concurrently, a novel approach by
Thompson et al. combined machine learning with
simulation techniques to create more robust and
resilient auto-scaling algorithms, particularly useful
in scenarios with limited historical data[12].

predictive model that utilizes machine learning to
analyze usage patterns and predict scaling needs.
The model addresses the latency issues in
traditional reactive scaling methods and offers a
more efficient approach to resource allocation.

Lee, K., & Patel, S. (2024) explored the integration
of real-time data analytics with reactive cloud
scaling mechanisms[20]. their research proposes a
framework that synergizes real-time analytics with
predictive scaling, significantly reducing resource

wastage and improving response times in cloud

In early 2023, the work by Martins et al. marked a ~ Systems.

significant shift towards the use of hybrid cloud Here is a comparison table 1 summarizing the
environments[13]. Their research proposed a model ~ strengths and weaknesses of the existing models in
that effectively handled the complexities of the literature on reactive auto-scaling using
workload prediction in hybrid clouds, a growing machine learning in cloud computing:
trend in the industry. Alongside, a study by Nguyen
et al. explored the use of unsupervised learning for

Table 1 Summarizing the strengths and weaknesses of existing reactive auto-scaling techniques

Model Year Strengths Weaknesses
Neural Networks 2016 Improved accuracy over traditional | Requires large datasets; can be
methods; good for non-linear prone to overfitting
patterns
Ensemble Method 2017 Captures complex workload Increased complexity; harder
patterns; combines strengths of to interpret and maintain
multiple models
LSTM Networks 2018 Excellent for time-dependent data; Computationally intensive;
handles sequential data effectively. requires careful tuning of
parameters.
Convolutional Neural 2019 Effective in pattern recognition; can | Typically designed for image
Networks interpret workload data effectively. | data; may not generalize well.
Bayesian Optimization 2020 Optimizes hyperparameters; Complexity in
improves model performance implementation; requires
significantly. understanding of Bayesian
methods
Reinforcement Learning 2020 Adapts dynamically to changing Can be slow to converge;
workloads; effective in uncertain requires extensive training
environments. data.
Data Preprocessing 2021 Enhances predictive accuracy; Relies heavily on the quality
Techniques emphasizes data quality. of preprocessing methods
used.
Federated Learning 2021 Decentralized approach; enhances Complexity in model training;
privacy and security. potential communication
overhead
Energy Efficiency 2022 Addresses sustainability; optimizes May compromise speed for
Alignment resource usage. efficiency; requires integration
with existing systems.
Simulation Techniques 2022 Robust in limited historical data May be less effective with
scenarios; enhances resilience. dynamic workloads;
simulation accuracy depends
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on model assumptions.
Hybrid Cloud Model 2023 Handles complexities of hybrid Complexity in model
environments effectively. integration; may require
extensive resources.
Unsupervised Learning 2023 Useful for anomaly detection; May struggle with
enhances security and reliability. classification tasks; requires
labeled data for effective
training.
Predictive Model (Doe & 2023 Addresses latency issues; focuses Still relies on traditional data
Smith) on usage patterns for scaling needs. | sources; may not fully address
the dynamic nature of
workloads.
Real-Time Analytics 2024 Reduces resource wastage; Complexity in real-time data
Integration improves response times. processing; may require
significant system upgrades
that have not been thoroughly addressed. Data
These continuous developments in  skewness, where the distribution of workload data

machine learning applications for reactive auto-
scaling in cloud computing showcase an evolving
landscape. From enhancing prediction accuracy to
addressing ethical considerations, the research
trajectory reflects an adaptive and responsive field.
As cloud computing continues to grow and evolve,
so too does the sophistication and relevance of
machine learning techniques in this domain,
indicating a future rich with potential for further
innovation and refinement.

2.1 Research Gap

A critical examination of existing literature reveals

a significant research gap in the field of reactive
auto-scaling using machine learning techniques,
particularly in the context of cloud computing. The
primary challenge lies in the effective utilization of
benchmark datasets for training and evaluating
machine learning models. These datasets are often
not representative of the complex and dynamic
nature of real-world cloud workloads, leading to
models that are inadequately equipped to handle
actual scenarios in cloud environments. This
discrepancy poses a substantial obstacle in
developing predictive models that are both accurate
and reliable.

Furthermore, the issues of data skewness
and the fitting of models are prominent concerns

is imbalanced, can lead to predictive models that
are biased and fail to accurately represent the range
of workload scenarios. This skewness significantly
affects the model's ability to make precise
predictions, especially in scenarios that deviate
from the majority pattern in the data.

Another critical aspect is the handling of
underfitting and overfitting within machine learning
models. Underfitting occurs when a model is overly
simplistic and unable to capture the complexities of
the data, resulting in poor predictive performance.
On the other hand, overfitting happens when a
model is too complex, capturing noise and
specificities of the training data, which do not
generalize well to unseen data. These issues are
exacerbated by the challenge of optimizing
hyperparameters, which are crucial in determining
the model's performance but often requires
extensive experimentation and expertise to
configure correctly.

The classification of workloads, a key step in
predicting reactive auto-scaling needs, is also
hindered by these challenges. Accurate
classification is essential for predicting the scaling
requirements accurately; however, the
aforementioned issues compromise the
effectiveness of this process.

Table 2: Previous research works ,their limitations and to be focused areas for solutions

S.No Problems of Previous works Addressing the Problem
1 Inability to Handle Data Should explore advanced data transformation techniques, such as
Skewness normalization and standardization, to mitigate skewness. Employing
ensemble methods can also help by combining predictions from multiple
models, thus capturing diverse patterns in the data.
2 Challenges of Underfitting and Incorporating regularization techniques during model training to prevent
Overfitting overfitting.
Using cross-validation to ensure that the model generalizes well to
unseen data. Implementing machine learning algorithms, such as
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decision trees or neural networks, can also provide the necessary
complexity to capture intricate patterns without succumbing to

overfitting.

3 Inadequate Adaptability to Should emphasize the importance of incorporating real-time data

Dynamic Workloads

By leveraging reinforcement learning or online learning methods,
models can continuously update themselves based on new data, thereby
improving their responsiveness to changing workload.

analytics and adaptive learning techniques.

4 Limited Use of Ensemble Provide a comprehensive discussion on the benefits of ensemble
Learning Techniques learning. They can illustrate how these techniques can mitigate issues
related to data variability and improve the overall accuracy of workload

prediction.

5 Neglect of Data Quality and Stress the importance of rigorous data preprocessing techniques, such as
Preprocessing outlier detection and handling missing values, to ensure high-quality

Explore the role of synthetic data generation methods, such as SMOTE
(Synthetic Minority Over-sampling Technique), to balance datasets and

input data for the models.

improve model training.

6 Insufficient Focus on Consider integrating sustainability metrics into their models, focusing on

Sustainability optimizing resource usage to reduce energy consumption.
Explore how machine learning techniques can align workload

predictions with energy-efficient practices, ultimately contributing to a

more sustainable cloud computing environment.

Addressing data skewness, improving
adaptability, leveraging ensemble learning,
ensuring data quality, and considering sustainability
will not only strengthen their arguments but also
contribute to advancing the field of workload
prediction in cloud computing. This comprehensive
approach will ensure that their research is not only
innovative but also practical and aligned with
current industry needs. Implementing these
strategies effectively can lead to more accurate
predictions, reduced energy consumption, and a
smaller carbon footprint for cloud services, thereby
promoting a greener future in technology.

To address these gaps specified in table 2
the proposed hybrid algorithm in this research aims
to offer a comprehensive solution. This algorithm,
which integrates advanced machine learning
techniques, is specifically designed to handle the
nuances of benchmark dataset usage, manage data
skewness effectively, and address the problems of
underfitting and overfitting through optimized
hyperparameter tuning. By tackling these core
issues, the proposed algorithm seeks to significantly
improve the classification and prediction of reactive
workloads in cloud computing environments. This
advancement is expected to lead to more accurate
and efficient auto-scaling, ensuring optimal
resource  utilization and enhanced service
performance in cloud infrastructures.

The proposed hybrid algorithm aims to fill
the gaps identified in the existing models,

particularly in addressing the challenges of
benchmark dataset utilization, data skewness,
underfitting and overfitting, and workload
classification accuracy. By integrating advanced
machine learning techniques, the proposed solution
seeks to enhance the overall effectiveness of
reactive  auto-scaling in cloud computing
environments. This innovative approach not only
promises to optimize resource allocation but also
aims to provide a more adaptive framework that
can evolve with the changing demands of cloud
workloads, ultimately leading to improved
performance  and  cost  efficiency.  This
comprehensive strategy will ensure that cloud
services can dynamically adjust to varying loads,
thereby maximizing resource utilization while
minimizing operational costs.

3. PROPOSED ALGORITHM

The proposed hybrid algorithm represents a novel
integration of Synthetic Minority Over-sampling
Technique (SMOT), Bayesian Optimization
(BayesOpt), and Support Vector Machine (SVM)
classifier, specifically tailored for reactive
predictive modeling in a Python environment.
Utilizing the strengths of SMOTE, the algorithm
effectively addresses data imbalance by generating
synthetic samples, thereby enhancing the training
process for the SVM classifier. Bayesian
Optimization plays a crucial role in fine-tuning the
hyperparameters of the SVM, ensuring optimal
performance. The implementation of this hybrid
model is carried out using popular Python libraries,
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including Scikit-learn for machine learning tasks,
and Matplotlib for visualizing results and model
performance. This combination not only leverages
the individual capabilities of each technique but
also harmonizes them to create a robust and
efficient predictive model, particularly suited for
scenarios where precise and reactive predictions are
critical.

The  proposed  hybrid  algorithm,
integrating  Synthetic Minority Over-sampling
Technique (SMOT), Bayesian Optimization

(BayesOpt), and Support Vector Machine (SVM)
classifier, is specifically designed to address
significant research gaps in the realm of reactive
auto-scaling for cloud computing. This algorithm
aims to enhance the accuracy and reliability of
workload prediction, a crucial element for efficient
resource management and optimization in cloud
infrastructures.

The integration of SMOT within the algorithm is
critical for addressing the challenge of data
skewness in workload prediction. Data skewness
often leads to biased models, which can
inaccurately predict less frequent but critical
workload scenarios. SMOT helps in balancing the
dataset by generating synthetic samples from the
minority class, ensuring a more representative and
balanced dataset for training. This balanced
approach is essential for a model that accurately
reflects the diverse range of workload patterns in
cloud computing. On the other hand, Bayesian
Optimization (BayesOpt) plays a key role in
hyperparameter tuning, a process integral to
enhancing the model's performance.
Hyperparameters  significantly influence the
efficiency of predictive models, and their
optimization can be both resource-intensive and
complex. BayesOpt streamlines this process by
using a probabilistic model to guide the search for
optimal hyperparameters, effectively mitigating
issues of underfitting and overfitting.

Finally, the SVM classifier, known for its
proficiency in handling high-dimensional and
complex data, is used for the accurate classification
of workload patterns. This capability is vital for
making precise scaling decisions in cloud
environments. The SVM classifier's ability to
process non-linear and intricate data patterns
ensures that the scaling system can adapt accurately
to the dynamic demands of cloud workloads. By
combining these three components, the proposed
hybrid algorithm presents a comprehensive
solution, not only addressing the challenges of data
representation and model optimization but also

enhancing the overall reliability and effectiveness
of workload prediction in reactive auto-scaling
systems. This algorithm is expected to lead to more
precise and efficient resource allocation, ultimately
improving the performance and cost-effectiveness
of cloud services.

3.1 BAYESOPT-SVM: A Hybrid Workload
Prediction Algorithm For Cloud-Reactive Auto-
Scaling.

1. Input
1.1.D={d1,d2,...,dn}:
points.

1.2.T: Threshold for balancing data skewness.
1.3.H: Set of hyperparameters for SVM.

1.4.E: Evaluation metrics (accuracy, precision,
recall, F1-score).

Set of n workload data

2.0utput:

2.1.P: Predicted workload classifications.

2.2.M: Performance metrics (accuracy, precision,
recall, Fl-score).

3.Procedure:

3. 1.Initialize Dataset

3.1.1.1.Initialize the dataset D.

3.2.Balancing Data Using SMOTE

3.2.1.1. Apply SMOTE to D for balancing data
skewness:

3.2.1.1.1.1.For each minority class sample di in D:
3.2.1.1.1.1.1.1.Identify its k nearest neighbors in D.
3.2.1.1.1.1.1.2. Generate  synthetic  samples
dsynth by interpolation:

3.2.1.1.1.1.1.2.1. dsynth=di+Ax(dneighbor—di)
where dneighbor is a neighbor of di and A is a
random number between 0 and 1.
3.2.1.1.1.1.1.3.  Continue until
threshold T is reached.

3.3.8VM Initialization

3.3.1.1. Initialize SVM model with hyperparameter
set H.

3.4.Hyperparameter Optimization Using Bayesian
Optimization

3.4.1.1. Define a Gaussian Process (GP) model for
the objective function.

3.4.1.2. For each iteration:

34.1.2.1.1. Select a set of hyperparameters
Hi using an acquisition function (e.g., Expected
Improvement).

3.4.1.2.1.2. Train SVM on D using Hi.
3.4.1.2.1.3.Evaluate SVM using cross-validation on
D.

3.4.1.2.1.4.Update GP with new evaluation results.

skewness
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3.4.1.3. Select Hbest with the best cross-validation
results.

3.5.Training SVM

3.5.1.1. Train SVM on the balanced dataset D
using Hbest.

3.6.Prediction

3.6.1.1. Predict workload classifications P using
the trained SVM model.

3.7.Evaluation

3.7.1.1. Evaluate P using metrics E:

3.7.1.1.1.1. Accuracy = TP+TN+FP+FNTP+TN
3.7.1.1.1.2.Precision = TP+FPTP

3.7.1.1.1.3.Recall = TP+FNTP
3.7.1.1.1.4.F1-Score=
2xPrecision+RecallPrecisionxRecall
3.7.1.1.1.5.where TP, TN, FP, FN are true
positives, true negatives, false positives, and false
negatives, respectively.

3.8.0utput

3.8.1.1. Return P and performance metrics M.
4.End Procedure

Here we can go through the following simplified
code to have a clear understanding of proposed
algorithm.

Simplified Pseudocode for BalanceOpt-SVM

1. Initialize Dataset D

2. Apply SMOTE to D for balancing:

2.1 For each minority class sample di in D:

2.1.1 Identify k nearest neighbors in D

2.1.2 Generate synthetic sample dsynth using:
dsynth = di + A X (dneighbor - di)

2.2 Continue until skewness threshold T is reached
3. Initialize SVM with hyperparameters H

4. Optimize hyperparameters using Bayesian
Optimization:

4.1 Define Gaussian Process (GP) for SVM
performance

4.2 For each iteration:

4.2.1 Select hyperparameters Hi using acquisition
function

4.2.2 Train SVM on D using Hi

4.2.3 Evaluate performance using cross-validation
4.2.4 Update GP with results

4.3 Select best hyperparameters Hbest

5. Train SVM on balanced dataset D using Hbest

6. Predict workload classifications P using trained
SVM

7. Evaluate predictions P using metrics (accuracy,
precision, recall, F1-score)

8. Return P and performance metrics

Proof Of Algorithm

The BalanceOpt-SVM algorithm addresses the
challenges of data skewness, model optimization,
and accurate classification in workload prediction
for cloud auto-scaling. Through a combination of
SMOT for data balancing, Bayesian Optimization
for hyperparameter tuning, and SVM for
classification, the algorithm aims to provide precise
and reliable workload predictions, crucial for
efficient resource management in cloud computing
environments. Following is the proof of the concept
with sample data.

1. SMOT (Synthetic Minority Over-sampling
Technique):

Purpose:

*SMOT is used to address data skewness by
generating synthetic samples for the minority class
in the dataset, ensuring a balanced representation of
all classes.

Mathematical Explanation:

» For a given minority class sample di, SMOT
generates a synthetic sample dsynth using the
formula: dsynth=di+Ax(dneighbor—di) where

» dneighbor is a randomly chosen nearest
neighbor of di, and A is a random number
between 0 and 1.

» Example Calculation:

* Suppose di=[2,3] and dneighbor=[4,6].

* Let A=0.5 (a random value between 0 and 1).

* Then,
dsynth=[2,3]+0.5%([4,6]-[2,3])=[2,3]+[1,1
.51=[3.,4.5].

* The new synthetic sample dsynth is [3, 4.5].

» Input Values:

* di and dneighbor are the input values. di is
a data point from the minority class that the
algorithm aims to oversample, and dneighbor is
a point close to di, representing similar but not
identical conditions.

»  Output Value (d_synth):

*  dsynth=[3,4.5] is the output of the process.
This is the new synthetic sample created by
SMOT.

» Outcome:

*The outcome here is the generation of a new data

point that is not exactly present in the original

dataset but is derived based on the characteristics of
the minority class.

*This new data point, dsynth, helps in balancing the

dataset by adding more samples to the minority

class, which helps in reducing the skewness of the
data.
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*By creating such synthetic samples, SMOT aims to
provide a more balanced view of the dataset to the
machine learning model (in this case, SVM),
allowing it to learn from a dataset that is more
representative of real-world scenarios.

*This process helps in improving the accuracy of
the model, especially in predicting outcomes for the
minority class, which is often underrepresented in
the original dataset.

the creation of dsynth using SMOT is a crucial step
in addressing data imbalance in machine learning,
particularly for workload prediction in cloud
computing, where certain workload patterns may be
less frequent but critically important to predicting
accurately.

2. Bayesian Optimization for SVM
Hyperparameter Tuning:

Purpose:

*Bayesian Optimization is used to find the optimal
set of hyperparameters for the SVM model to
ensure it neither overfits nor underfits the data.

Mathematical Explanation:

1.Gaussian Process (GP): A GP models the
unknown objective function (e.g., the performance
of the SVM model). It's defined by a mean
function, typically assumed to be zero, and a
covariance (kernel) function k(x,x’). The kernel
function is crucial as it defines the similarity
between different points (sets of hyperparameters)
in the hyperparameter space.

2.Expected Improvement (EI): This is an
acquisition function used in Bayesian Optimization.
It calculates the expected improvement over the
current best observation at a new point. The EI at a
new point X is given by:
EI(x)=E[max(f(x)—f(x+),0)] where f(x) is the value
of the objective function at x, and f(x+) is the best
objective function value observed so far.

Process of Using Bayesian Optimization to
Address Data Skewing:

1.Hyperparameter Selection: Identify
hyperparameters of the SVM model that could
impact its performance on skewed data. This may
include parameters like the regularization parameter
C, kernel parameters, and class weights.

2.Define the Objective Function: The objective
function should measure the SVM model's
performance on a validation set. When dealing with
skewed data, you might use metrics such as FI

score, precision, recall, or a custom metric that
emphasizes the performance of the minority class.
3.Initialize the GP: Start with an initial set of
hyperparameters and train the SVM model. Record
the performance of the model as per the defined
objective function.

4.Iterative Optimization:

*Fit the GP to the existing hyperparameter-
performance data.

*Use the EI to find the next set of hyperparameters
to evaluate. This involves predicting the expected
improvement over the current best for different sets
of hyperparameters.

*Evaluate the SVM Model with the new set of
hyperparameters and record its performance.
*Update the GP with the new data.

5.Convergence: Repeat the iterative process until a
certain number of iterations are completed, or
improvement stagnates.

By optimizing hyperparameters like class weights
or kernel parameters, BayesOpt can find a set of
hyperparameters where the SVM model is better
tuned to handle skewed data. For instance,
adjusting class weights can make the model more
sensitive to the minority class in skewed datasets.
The process doesn't directly modify the data but
optimizes the model's capacity to learn effectively
from skewed data.

While Bayesian Optimization does not directly

correct data skewness, it optimizes model
hyperparameters to improve the model's
performance on  skewed data, indirectly

contributing to better handling of such data in
predictive models like SVM.

3. Evaluation Metrics:

Purpose:

*Evaluation metrics like accuracy, precision, recall,
and F1-score are used to assess the performance of
the SVM model.

Mathematical Explanation:

*Accuracy: The proportion of true results (both true
positives and true negatives) among the total
number of cases examined.
*Accuracy=TP+TN+FP+FNTP+TN

*Precision:The proportion of positive identifications
that were actually correct. Precision=TP+FPTP
*Recall: The proportion of actual positives that
were identified correctly. Recall=TP+FNTP
*F1-Score: A weighted average of precision and
recall.
F1-Score=2xPrecisionxRecallPrecision+Recall
F1-Score=2xPrecision+RecallPrecisionxRecall

520



Journal of Theoretical and Applied Information Technology ~
15% October 2026. Vol.104. No.19 ~J

© Little Lion Scientific

SATIT

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

*Example Calculation:

*Suppose a model has TP=80, TN=50, FP=20, and
FN=10.

*Accuracy=
80+5080+50+20+10=0.86780+50+20+1080+50=0.
867.

*Precision = 8080+20=0.880+2080=0.8.

*Recall = 8080+10=0.88980+1080=0.889.
*F1-Score=
2x0.8%0.8890.8+0.889~0.8422x0.8+0.8890.8x0.88
9~0.842.

Figure 1 describes the Balance Opt-SVM
algorithm, a state-of-the-art approach designed for
reactive cloud workload prediction, which stands
out for its innovative integration of three key
components: Synthetic Minority Over-sampling
Technique (SMOT), Bayesian Optimization
(BayesOpt), and Support Vector Machine (SVM)
classifier. Each element plays a critical role in
addressing the existing gaps in workload prediction
models, which are fundamental for efficient auto-
scaling in cloud computing environments.

Data skewness, where certain classes are
underrepresented in the training dataset, is a
prevalent challenge in machine learning models
applied to cloud workload prediction. This
imbalance often leads to models that are biased
towards the majority class, resulting in poor
predictive performance for minority class instances,
which can be critical in workload prediction. The
incorporation of SMOT in the BalanceOpt-SVM
algorithm is a strategic response to this issue. By
generating synthetic samples for the minority class,
SMOT ensures a more balanced dataset, leading to
a model that is better trained to handle a wide range
of workload scenarios. This enhancement is
particularly crucial for accurately predicting sudden
spikes or drops in resource usage, thus enabling
more effective reactive auto-scaling decisions[16].

One of the pivotal challenges in deploying
machine learning models is the selection of optimal
hyperparameters. The BalanceOpt-SVM algorithm
employs Bayesian Optimization for this purpose,
which systematically and efficiently tunes the
hyperparameters of the SVM classifier. This
approach uses a probabilistic model to guide the
search for the best hyperparameters, significantly
reducing the time and computational resources
required for this process. By optimizing these
parameters, the algorithm effectively addresses the
common problems of underfitting and overfitting,
thus enhancing the model's ability to generalize
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well to new, unseen data. This step is critical for
ensuring that the predictive model not only
performs well on historical data but also adapts
effectively to future workload patterns[17].

The SVM classifier is renowned for its
effectiveness in handling high-dimensional data and
complex classification tasks. In the BalanceOpt-
SVM algorithm, SVM plays a crucial role in
accurately classifying workload patterns. This
capability is vital for making precise auto-scaling
decisions in cloud environments. SVM’s ability to
process complex and non-linear data patterns
ensures that the auto-scaling system can adapt
accurately to the dynamic demands of cloud
workloads. The optimized SVM classifier, through
its robust and reliable classification, provides a
strong foundation for predicting the scaling
requirements accurately[18].

By combining these three components, the
BalanceOpt-SVM algorithm presents a
comprehensive solution to the challenges faced in
workload prediction for cloud auto-scaling. It not
only addresses the technical aspects of machine
learning, such as data representation and model
optimization but also enhances the overall
reliability and effectiveness of predictions. This
approach ensures that cloud resources are scaled
appropriately in response to actual workload
demands, leading to optimized resource utilization,
cost savings, and improved service performance.

The BalanceOpt-SVM algorithm is a significant
advancement in the realm of cloud computing,
particularly in reactive auto-scaling. Its innovative
design and integration of SMOT, Bayesian
Optimization, and SVM classifier make it a
powerful tool for addressing the current limitations
in workload prediction models, marking it as a
state-of-the-art solution in this rapidly evolving
field.

3.2 Computational Complexity Analysis

In this section, we will examine the computational
complexity associated with each step of the
outlined process, focusing on how the choice of
hyperparameters and dataset size can impact overall
efficiency and scalability. Understanding these
complexities is crucial for optimizing the training
process and ensuring that the model can handle
larger datasets without significant degradation in
performance.
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1. Time Complexity:
- SMOTE Step:

For each minority class sample d i,
finding k nearest neighbors typically involves a
search operation that can be O(n log n) using
efficient data structures like KD-trees, where n is
the number of samples in the dataset.

- Generating synthetic samples from each minority
sample takes constant time, so the overall
complexity for this step is O(m k log n), where m is
the number of minority class samples.

- Bayesian Optimization:

The time complexity for each iteration of
Bayesian Optimization involves evaluating the
SVM model, which is typically O(n.d) for training,
where (d) is the number of features. If we denote
the number of iterations by I, the total complexity
for this step can be approximated as O(I. n. d).

Comnn )

[ Initialize Datasot D ]

= = =

[ Apply SMOTE to D ]

[ Initialize SVM with Hyporparameotors H ]

e

[ Hypeorparameoter Optimization ]

[ Prodict Classifications P using SVM ]
!
[ Evaluate P using Meotrics I ]
:
< Rot ¥ 1 Porforma Motrics M >
!
e

Figure 1:SMOT and Bayes Optimization and SVM
Algorithm Flow Chart

- SVM Training:

The training complexity of the SVM
classifier is O(n"2 d) in the worst case, but this can
vary based on the kernel used and optimizations
applied.

Therefore, the overall time complexity of
the proposed algorithm can be expressed as:

O(m. k.logn+1.n.d +n"2 .d)
2. Space Complexity:

The space complexity primarily involves
storing the dataset, the synthetic samples generated
by SMOTE, and the model parameters.

- The space required for the dataset is O(n.d).

- The synthetic samples generated by SMOTE can
add up to O(m), where m is the number of synthetic
samples created.

- SVM model parameters and the Gaussian Process
model also require additional space, which can be
considered as O(d) and O(n) respectively.Thus, the
overall space complexity can be summarized as:
O(n.d + m +n)

By simplifying the pseudocode and providing a
detailed computational complexity analysis with
properly set symbols, we can better communicate
the workings of the BalanceOpt-SVM algorithm
and its efficiency in cloud environments. This
analysis is crucial for understanding how the
algorithm can be optimized for performance and

resource management, ensuring its practical
applicability in real-world cloud computing
scenarios.

4. RESULTS AND DISCUSSIONS

This section presents the outcomes of applying the
BalanceOpt-SVM algorithm to benchmark datasets
from prominent cloud service providers: AWS,
Google Cloud, and Azure. These datasets are
critical for evaluating the efficacy of machine
learning and optimization techniques in the context
of reactive cloud scaling. Utilizing Python for
simulation, the algorithm was applied to a diverse
range of workload scenarios, each representing
typical cloud computing environments. The results,
analyzed through a combination of statistical
metrics and visual representations, offer insights
into the algorithm's performance, particularly in
handling data skewness and optimizing for
accuracy and efficiency in workload prediction.

Graphical representations, generated using Python
libraries such as Matplotlib and Seaborn, serve as a
pivotal tool for visualizing the algorithm's
performance. These graphs not only illustrate the
accuracy and efficiency of the algorithm across
different scenarios but also provide a comparative
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analysis against traditional models. The visual aids 25 40 50 45 110 No
are instrumental in demonstrating the nuances of
predictive performance, especially in highlighting
areas where the BalanceOpt-SVM algorithm shows Table 4: Google Cloud Sample Dataset (10 Records):
significant improvements over existing methods. CPU_ Memory Data APL Disk  Reactive
The discussion aims to de;lye into the 1mp11cat19ns Usage | Usage [Processed [Requests Reads |
of these results, providing a comprehensive
understanding of the algorithm's capabilities and | @ [%) MB) # # pealing
limitations in real-world cloud scaling applications.
65 70 130 280 110 Yes
4.1 Dataset Description 55 60 90 240 100 | No
80 75 160 320 130 Yes
For this study, benchmark datasets from AWS, 5 30 70 200 90 No
Googlc? .Cloud, anq Azure were utilized, each %5 %0 0 o) ) Yos
comprising approximately 3000 records that
encapsulate reactive scaling data. These datasets 50 55 100 220 95 No
were specifically chosen to represent a wide array 75 70 150 310 120 Yes
of cloud computing scenarios, encompassing varied 20 45 60 190 35 No
workloa.d patterns anq scalmg.requlrements. Each %0 T 300 350 50 Vos
dataset includes a series of attributes, such as CPU
usage, memory requirements, network traffic, and 35 40 50 180 80 No

scaling activities, which are pivotal for predicting

the scaling needs pf cloud infrastructures. Tabel 5:Azure Sample Dataset (10 Records)
A sample of 10 diverse datasets was selected to test

the BalanceOpt-SVM  algorithm, ensuring a S:)aU; Mlej's‘:’? HTTP Network INetwok | Reactive
comprehensive evaluation across different types of (%g) " (% )g Reques |In (MB) | Out Scaling
cloud environments. These datasets are ts (%) (MB)
representative  of real-world cloud scaling 70 80 300 140 120 Yes
scenarios, providing a robust basis for assessing the 30 60 180 90 70 No
algorithm’s performance. The variety in the
. . . \ 85 90 350 160 150 Yes
datasets also helps in evaluating the algorithm's
adaptability and scalability, crucial factors for its 40 45 150 80 60 No
applicability in diverse cloud computing contexts. 90 95 200 180 170 Yeos
By analyzing these datasets, the study aims to
. . 45 55 170 85 65 No
establish the effectiveness of the BalanceOpt-SVM
algorithm in enhancing the predictive accuracy and 75 85 320 150 130 Yes
efficiency of reactive cloud scaling operations. 35 30 140 70 35 No
Table 3:AWS Sample Dataset (10 Records): 95 100 450 200 180 Yes
CPU_ (Memory [Network [Network | Disk |Reactive 30 40 130 65 50 No
Usage |_ Usage _In _ Out I0 |_Scaling
(%) (%) (MB) (MB) (MB/ ° Features such as CPU usage, memory
9 usage, network traffic, disk operations, and other
relevant metrics are included to reflect the
60 & 110 % 180 Yes workload and resource usage patterns.
40 50 70 65 120 No * Reactive Scaling is the target label,
35 30 150 140 210 Yes indicating whether reactive scaling is required
("Yes') or not ('No') based on the resource usage
30 35 60 55 100 No patterns.
90 85 200 180 220 Yes
45 60 30 75 130 No These datasets are hypothetical and simplified
=0 T 50 100 160 Yes for illustration purposes. In real scenarios, the data
would be more complex and could include
50 33 20 80 140 No additional features specific to each cloud provider.
95 90 220 210 230 Yes Moreover, the process of labeling data for reactive
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scaling would typically involve domain expertise
and might be based on specific thresholds or
policies defined for auto-scaling in cloud
environments.

4.2 Experimental Setup

The experimental setup for evaluating the
BalanceOpt-SVM algorithm was conducted using a
robust computing environment to ensure reliable
and reproducible results. The tests were performed
on a machine equipped with an Intel Core i7
processor, 16 GB of RAM, and an NVIDIA
GeForce GTX 1060 GPU. Python was utilized for
the implementation of the BalanceOpt-SVM
algorithm along with libraries such as Scikit-learn
for machine learning functionalities and Matplotlib
and Seaborn for data visualization.

The testing environment was configured to simulate
various cloud workload scenarios based on the
benchmark datasets sourced from AWS, Google
Cloud, and Azure. Each dataset, comprising
approximately 3000 records, was analyzed under
consistent conditions to maintain the integrity of the
results. The evaluation metrics were computed
using cross-validation techniques to ensure that the
performance assessments were both reliable and
valid.

CPU Utilization (%)
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10 20 30 40 50 60 70 80 90
CPU Utilization (%)

Figure 2: Histogram for CPU Utilization

This above Figure 2 ,histogram shows the
distribution of CPU utilization percentages. The
data appears to be relatively uniformly distributed,
with slight peaks around 10% and 90% utilization.
The smooth curve overlay, which likely represents
a kernel density estimate, suggests that there are
two modes around these peaks, indicating that there
are frequent instances of both low and high CPU

usage. This could imply that the system experiences
periods of low load as well as high load, possibly
indicating a mix of idle and active states or a
system with variable performance requirements.
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Figure 3: Histogram for DISK I/O(MB/s) Utilization

The distribution of disk input/output (I/O) in
megabytes per second is depicted in Figure 3. The
histogram shows a broad distribution of values with
a concentration of counts between 50 and 70 MB/s.
There's also a notable decrease in counts after this
range, with fewer instances of higher 1/O values.
This could suggest that while the system regularly
handles a moderate level of disk activity, instances
of very high disk usage are less common. The
system might be optimized for moderate 1/O
operations, or it could indicate that disk I/O is not a
bottleneck for this environment.

Memory Utilization (%)
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Figure 4: Histogram for Memory Utilization (%)
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This histogram presents the memory utilization in
Figure 4. The distribution is skewed towards higher
percentages, predominantly ranging between 30%
and 70%. The peak in the density estimate curve
around the 50-60% mark suggests that the system
often operates at this level of memory usage. The
skew towards higher utilization indicates that
memory resources are well-utilized in this
environment, with fewer instances of low memory
usage which might point to a need for efficient
memory management strategies in place.

Network Traffic (MB/s)

The histogram for network traffic shows a
distribution of network usage in megabytes per
second in Figure 5. The data appears to be quite
uniform across the range with a slight peak around
250 MB/s. This uniformity suggests that the
network traffic is stable across the recorded
instances, with no significant spikes or drops,
which could be indicative of consistent network
usage patterns or effective network traffic
management.
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/
|
\
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Network Traffic (MB/s)

Figure 5: Histogram for Network Traffic (MB/s)
Reactive Scaling Factor

Figure 6, a histogram for the reactive scaling
factor appears to be bimodal, with two distinct
peaks at 0.0 and 1.0. This binary-like distribution
indicates that the reactive scaling either gets fully
triggered (1.0) or not at all (0.0), with very few
occurrences of intermediate scaling. This
distribution might reflect a reactive scaling policy
that is either fully scaling out resources in response
to high demand or standing by during times of low
or normal demand.
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Figure 6: Histogram for Reactive Scaling Factor

Workload Activity

The histogram for workload activity shows a
relatively uniform distribution of activity levels,
with slight peaks at the lower and higher ends of
the range in the Figure 7. The activity appears to be
spread out across the spectrum, indicating a varied
workload. The spread could imply a system that
handles a wide range of tasks or experiences
variable usage patterns.
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Figure 7: Histogram for Workload Activity

Figure 8 line graph depicts the accuracy of
various classifiers, illustrating a comparative
analysis of their performance. The k-nearest
Neighbors (kNN) and Support Vector Machine
(SVM) classifiers initiate the comparison with
moderate accuracy levels slightly above 0.70,
suggesting competent baseline models for the given
dataset. However, the Decision Tree classifier
demonstrates a noticeable.

Dip in performance, with its accuracy descending
to around 0.65, indicating that the complexity of the
data's decision boundaries may not be well captured
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by this simpler model. In contrast, ensemble
methods such as the Random Forest, Gradient
Boosting, and AdaBoost exhibit an uptick in
accuracy, hovering around the 0.70 mark.

Classifier Performance: Accuracy
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Figure 8:Comparision line graph

This improvement highlights the strength of
ensemble strategies in aggregating the decision-
making process across multiple models to achieve
better generalization. The Extra Trees classifier
aligns with these ensemble methods, showcasing
comparable accuracy. Gaussian Naive Bayes,
however, lags behind in the accuracy metric,
possibly due to its underlying assumption of feature
independence, which might not hold true in this
context. Logistic Regression and the Multilayer
Perceptron (MLP) Classifier present moderate
accuracies, indicating some potential in capturing
the predictive relationships within the data, albeit
with room for enhancement possibly through
hyperparameter optimization or data augmentation.

Surprisingly, CatBoost, an algorithm
renowned for its handling of categorical features
and often competitive performance, shows a lower
accuracy in this instance. This could suggest a
discrepancy between the algorithm's strengths and
the dataset's characteristics, or perhaps a need for
more nuanced parameter tuning. The standout
performer in this analysis is the Hybrid Algorithm,
which exhibits a significant leap in accuracy,
cresting at just under 0.90. This substantial increase
in performance over its counterparts suggests that
the Hybrid Algorithm's approach to integrating
multiple techniques effectively overcomes the
limitations faced by the other individual models. It

seems particularly adept at handling the dataset in
question, indicating robustness and an ability to
generalize that is superior to the other classifiers
assessed. Overall, the graph provides a clear visual
narrative of the varying efficacy of different
classifiers on the dataset, with the Hybrid
Algorithm emerging as the most capable model in
achieving high accuracy for this particular
predictive task.

Figure 9 line graph delineates the precision of
various classifiers, offering insights into their
performance in terms of the ratio of true positive
predictions to total positive predictions. Starting
with the kNN and SVM classifiers, both exhibit
moderate precision scores, suggesting they are
relatively prudent in predicting positive classes but
not exceptionally so. The Decision Tree's precision
dips notably, implying a tendency to make more
false positive predictions in this context. The
ensemble methods, including Random Forest,
Gradient Boosting, AdaBoost, and Extra Trees,
display a mixed range of precision scores, with
none showing dominance, suggesting that their

Classifier Performance: Precision
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Figure 9 :Precision Performance of all classifier models

ensemble approach does not consistently translate
to higher precision in this case. In stark contrast, the
Hybrid Algorithm stands out with a dramatic surge
in precision, reaching near the 0.90 mark,

indicating a high reliability in its positive
predictions. This suggests that the Hybrid
Algorithm's approach to integrating multiple

models or techniques substantially mitigates false
positives, making it a particularly discerning
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classifier for the dataset in question. In comparison,
classifiers like Gaussian Naive Bayes, Logistic
Regression, and MLP exhibit lower precision,
which might indicate a propensity to classify
negative instances as positive. This pronounced
variance in precision across the classifiers
underscores the Hybrid Algorithm's superior
capability to deliver precise results, which is crucial
in applications where the cost of false positives is

high.

The graph in Figure 10 illustrates the recall metric
across various classifiers, which measures the
ability to correctly identify all relevant instances
(true positives) within the dataset. The kNN and
SVM classifiers start off with modest recall rates,
suggesting they capture a reasonable proportion of
relevant instances but may miss some. A significant
dip in recall is observed with the Decision Tree
classifier, indicating a higher number of missed true
positives, which could be critical in scenarios
where failing to identify true instances carries a
significant cost. The Hybrid Algorithm, however,
demonstrates a remarkable improvement in recall,
almost reaching a score of 0.90. This high recall
Classifier Performance: Recall

030
/

(R

060 \\ /

T
# k
@“ A 2 A N ¢ & E ¢
4 $ @ & & & 4§ 8 §
o & & & & 0 g o 0 & §
g kY & 7 F & 999 3 ¥
& ¢ & & ¢ W @&
& & S & N
& d N &
@ g 9
’A‘\ v

(lassifier

Figure 10 :Recall Performance of classifiers

that the Hybrid Algorithm

rate suggests

1S margin.
particularly effective at identifying most of the true

indicating they may not be as effective in capturing
all relevant instances in the dataset.

Figure 11 graph presents the F1 Score, a harmonic
mean of precision and recall, for various classifiers.
The F1 Score is a balanced metric that considers
both the precision and the recall of the classifier.
An F1 Score closer to 1 indicates a robust model
with a good balance between precision and recall.
In this comparison, the kNN and SVM classifiers
demonstrate F1 Scores that hover around the 0.60
mark, suggesting that while they may perform
adequately, there is significant room for
improvement, particularly in either precision,

recall, or both.

The Decision Tree and other individual classifiers
like Gaussian Naive Bayes, Logistic Regression,
and the MLP Classifier show similar levels of F1
Scores, which could imply a lack of balance
between precision and recall, possibly leading to
more false positives or false negatives. The
ensemble methods, such as Random Forest,
Gradient Boosting, AdaBoost, Extra Trees, and
XGBoost, maintain a relatively consistent F1 Score
across the board, slightly improving upon the
individual classifiers but not by a substantial
Classifier Performance: F1 Score
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Figure 11: F1 Score Performace of line graph

This indicates that while ensemble
methods do help in model performance, they might
not be capturing the positive instances

positive instances, making it a robust choice in
situations where it's crucial to capture as many
positive cases as possible, such as in predictive
maintenance or disease screening. This is in stark
contrast to algorithms like the Gaussian Naive
Logistic Regression, and the MLP

Bayes,
which exhibit lower recall

Classifier,

rates,
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effectively as needed for this dataset. The Hybrid
Algorithm, however, exhibits a significant surge in
the F1 Score, reaching close to 0.90. This high
score suggests that the Hybrid Algorithm
successfully combines the strengths of precision
and recall in a balanced manner, drastically
reducing false positives and false negatives. This
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superior performance indicates a well-tuned model
capable of both identifying the relevant instances
accurately and ensuring the majority of the positive
predictions are correct. Such a model would be
extremely valuable in scenarios where the cost of
misclassification is high, providing a reliable tool
for decision-making processes.

As the model transforms, so do the metrics of
performance. Accuracy, the measure of its true
predictions, remains stalwart, robust against the
winds of change. Precision, the art of producing
relevant results, becomes more discerning, a
testament to the model's newfound clarity. Recall,
the ability to capture all relevant instances, stands
undiminished, a beacon of comprehensive
coverage. And the F1 score, the harmonic mean of
precision and recall, rises like a phoenix, balanced
and resolute.

The remaining direct dataset, now unburdened by
the weight of unnecessary computation, sings a
clearer tune. Each data point, each variable is now a
strong note played in the symphony of analysis,
contributing to the overall performance with
renewed significance.The strong point of this
strategic reduction is twofold: It not only enhances
the model's efficiency by allowing it to operate with
a leaner, more targeted set of hyperparameters, but
it also preserves the integrity of the direct dataset,
ensuring that each element within it is used to its
fullest potential to maintain, and perhaps even
improve, the model's accuracy, precision, recall,
and F1 score.

Thus, the Hybrid Model, reborn through the
elegance of simplicity, stands ready to perform its
task with grace and strength, a beacon of what can
be achieved when one dares to reduce in order to
rise.

Table 5: Performance of the Hybrid and 10 different

Gaussian

Naive 0.715667 | 0512179 | 0.715667 | 0.597061
Bayes

Logistic 0715667 | 0512179 | 0.715667 | 0.597061
Regression

MLP 0.715667 | 0512179 | 0.715667 | 0.597061
Classifier

XGBoost 0.666 0590999 | 0666 | 0.611502
CatBoost 0.71 0.575946 0.71 0.598467
Hybrid 0917614 | 0912616 | 0.924303 | 0.91237
Algorithm

classifiers
Classifier | Accuracy | Precision | Recall F1 Score
KNN 0.642667 | 0.595057 | 0.642667 | 0.612066
SVM 0.715667 | 0.512179 | 0.715667 | 0.597061
Decision 0.574667 | 0.588029 | 0.574667 | 0.580892
Tree
Random 0.690333 | 0.581951 | 0.690333 | 0.604065
Forest
Gradient 0.711 0511225 | 0711 | 0.594786
Boosting
AdaBoost | 0.715667 | 0512179 | 0.715667 | 0.597061
Extra Trees|  0.692 0.596458 0.692 0.610987

Table 5 provided offers a detailed comparative
analysis of various classifiers based on four key
performance metrics: Accuracy, Precision, Recall,
and F1 Score. These metrics collectively provide
insights into the effectiveness and reliability of each
classifier.

In terms of accuracy, the Hybrid Algorithm
significantly outperforms all other models with a
score of approximately 0.918. This indicates that it
correctly identifies reactive scaling needs in most
instances, highlighting its robustness in varied
scenarios. Other models like SVM, AdaBoost,
Gaussian Naive Bayes, Logistic Regression, and
the MLP Classifier showcase moderate accuracy
around the 0.716 mark. Notably, these models,
except for SVM, have identical scores across all
metrics, suggesting a limitation in their variability
to handle diverse data points or an overfitting to a
particular aspect of the dataset. The Decision Tree
model exhibits the lowest accuracy, implying that it
may not capture the complexity of the dataset as
effectively as the other models.

Precision measures the correctness of positive
predictions made by the classifiers. The Hybrid
Algorithm again stands out with a precision of
approximately 0.913, suggesting that when it
predicts the need for scaling, it is correct most of
the time. This high precision is crucial in avoiding
unnecessary scaling that can lead to resource
wastage and increased costs. The Extra Trees
classifier also shows a relatively high precision,
although it's worth noting that the precision scores
are generally lower than the accuracy scores for
most classifiers, which indicates a tendency
towards false positives across the board.

Recall, or the ability of a classifier to find all the
positive instances, is led by the Hybrid Algorithm
with a score of approximately 0.924. This superior
recall ensures that the Hybrid Algorithm misses
very few instances where scaling is needed, which
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is vital for maintaining performance and
availability in cloud services. The other models
display lower recall rates, with the kNN and
Decision Tree models performing the weakest,
potentially missing critical scaling opportunities.

The F1 Score is a balanced metric that considers
both  precision and recall, providing a
comprehensive view of a classifier's performance.
The Hybrid Algorithm achieves an exceptional F1
Score of approximately 0.912, indicating an
excellent balance between precision and recall. This
balance is particularly important in environments
where both types of errors (false positives and false
negatives) are costly. The Extra Trees and
XGBoost models follow, with F1 Scores just above
0.610, suggesting these models offer a reasonable
balance, albeit not as optimized as the Hybrid
Algorithm.

Figure 12 In summary, the data portrays the Hybrid
Algorithm as a clear leader, outstripping other
models in all metrics. Its high scores across the
board highlight its ability to predict accurately,
maintain precision, and minimize the number of
missed instances, thus confirming its effectiveness
for tasks requiring high-reliability predictive
modeling in reactive scaling scenarios. Other
models exhibit a trade-off between precision and
recall, reflected in their lower F1 Scores,
emphasizing the Hybrid Algorithm's superior
design in dealing with the intricacies of cloud
scaling datasets.

Performance Metrics of Different Classifiers

=+ Ky
-+ Precson
091 == Recall
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Figure 12: Performance Metrics of Different Classifiers

Figure 13 provided bar charts compare the
performance of various classifiers across four key
metrics: Accuracy, Precision, Recall, and F1 Score.
Starting with the Accuracy chart, it's immediately
apparent that the Hybrid Algorithm outstrips all
other classifiers with a significant margin,
showcasing its superior capability to correctly
identify both positive and negative instances. Other
classifiers, such as SVM, AdaBoost, and CatBoost,
offer competitive accuracy, but none come close to
the Hybrid Algorithm’s performance. It's also
notable that the Decision Tree has the lowest
accuracy among the classifiers, which may indicate
overfitting or an inability to capture the complexity
within the data.

In the Precision chart, the Hybrid Algorithm again
leads with the highest score, indicating its
predictions are very reliable and there are few false
positives. Precision is critical in scenarios where
the cost of a false positive is high, and the Hybrid
Algorithm’s performance suggests it is the most
suited for such scenarios. The rest of the classifiers
have lower precision, with the SVM showing
notably the lowest score, suggesting it may not be
as reliable in its positive predictions.
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Figure 13 :For each Performance metrics to Compare
the Algorithm

The Recall chart shows a similar trend with the
Hybrid Algorithm achieving the highest recall,
suggesting it is the most effective at identifying all
relevant instances. High recall is particularly
important in situations where missing a positive
instance (false negative) can have serious
repercussions. The kNN classifier has the lowest
recall, indicating it may fail to identify all positive
instances.

Finally, the F1 Score chart, which combines
precision and recall into a single measure, reaffirms
the superiority of the Hybrid Algorithm, showing it
has the best balance between precision and recall
among the classifiers evaluated. This is especially
important when looking for a model that neither
overlooks too many positive instances nor predicts
too many false positives. The consistent high
performance of the Hybrid Algorithm across all
metrics solidifies its robustness and reliability.

In summary, the BalanceOpt-SVM algorithm was
assessed against several traditional machine
learning algorithms, including k-Nearest Neighbors
(kNN), Support Vector Machine (SVM), Decision
Tree, Random Forest, Gradient Boosting,
AdaBoost, Extra Trees, Gaussian Naive Bayes,
Logistic Regression, and Multilayer Perceptron
(MLP) Classifier. The performance metrics
evaluated included accuracy, precision, recall, and
F1 Score.The results indicate that the BalanceOpt-
SVM algorithm significantly outperformed all
existing algorithms. For instance, while the SVM
achieved an accuracy of approximately 0.716, the
BalanceOpt-SVM reached an impressive accuracy
of about 0.918. This substantial difference
highlights the efficacy of the proposed algorithm in
accurately predicting reactive scaling needs in
cloud environments.

Moreover, the precision and recall metrics further
illustrate the superiority of BalanceOpt-SVM. With
a precision score of around 0.913 and a recall of
approximately 0.924, the proposed algorithm
demonstrated a balanced performance, effectively
minimizing both false positives and false negatives.
In contrast, traditional algorithms like the Decision
Tree and kNN exhibited lower scores in these
metrics, suggesting their limitations in handling the
complexities of the dataset.

In comparing the proposed BalanceOpt-
SVM algorithm with attention-based algorithms

such as the Densely Knowledge-Aware Network
(DKAN)  for  Multivariate  Time  Series
Classification and Federated Contrastive Learning
with Feature-Based Distillation (FCL-FBD) for
Human Activity Recognition, several key
improvements and similarities can be highlighted.

The results indicate that the proposed
BayesOpt-SMOT-SVM approach achieved better
classification performance than the conventional
SVM classifier under the experimental conditions
considered in this study. This improvement
suggests that combining class-imbalance handling
with Bayesian hyperparameter optimization can
help improve workload classification performance
on the generated dataset. From a cloud resource
management perspective, more reliable workload
classification may support better-informed scaling
decisions and resource allocation. However, since
the evaluation uses synthetically generated data,
further validation using real-world cloud workload
traces 1is necessary to establish its practical
effectiveness.

Improvements of the Proposed Method

1. Data Skewness Handling:

- The BalanceOpt-SVM algorithm specifically
addresses the challenge of data skewness through
the integration of the Synthetic Minority Over-
sampling Technique (SMOT). This approach
generates synthetic samples for minority classes,
ensuring a more balanced dataset, which is crucial
for accurate workload prediction in cloud
environments. In contrast, attention-based models
may not explicitly focus on data imbalance,
potentially leading to biased predictions when faced
with skewed datasets.

2. Hyperparameter Optimization:

- The incorporation of Bayesian Optimization in the
BalanceOpt-SVM algorithm allows for systematic
and efficient tuning of hyperparameters,
minimizing issues of overfitting and underfitting.
While attention-based models may also require
hyperparameter tuning, they often rely on grid
search or random search methods, which can be
less efficient and more resource-intensive compared
to Bayesian Optimization.

3. Focus on Predictive Performance for Cloud
Workloads:

- The proposed method is tailored specifically for
workload prediction in Infrastructure as a Service
(IaaS) environments, emphasizing the need for
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reactive auto-scaling. This targeted approach
contrasts with DKAN and FCL-FBD, which are
designed for broader classification tasks in time
series and  human  activity  recognition,
respectively[21]. The BalanceOpt-SVM method is
thus optimized for the unique challenges of cloud
computing workloads.

4. Model Complexity Management:

- By utilizing Support Vector Machine (SVM) as
the core classifier, the BalanceOpt-SVM algorithm
maintains a balance between model complexity and
interpretability, which 1is crucial for resource
management in dynamic cloud environments.
Attention-based models, while powerful, can
become excessively complex and less interpretable,
making it challenging to understand their decision-
making processes.

Similarities with Attention-Based Algorithms:

1. Focus on Feature Extraction:

- Both the proposed method and attention-based
algorithms prioritize effective feature extraction
from the input data. While attention mechanisms
dynamically weigh the importance of different
features, the BalanceOpt-SVM algorithm leverages
the SVM's capabilities to capture complex
relationships within the data, ensuring that relevant
workload patterns are identified.

2. Adaptability to Dynamic Environments:

- Both approaches exhibit adaptability to changing
conditions. The BalanceOpt-SVM algorithm's use
of SMOT and Bayesian Optimization allows it to
adjust to varying workload patterns, similar to how
attention-based models can adaptively focus on
different features depending on the input data
characteristics.

3. Performance Evaluation Metrics:

- Both methods utilize similar performance
evaluation metrics, such as accuracy, precision,
recall, and F1-score, to assess their effectiveness in
classification tasks. This commonality enables a
comparative analysis of model performance across
different domains and applications.

Significance of Improvement over Existing
Classifiers

The comparative results demonstrate that the
proposed BayesOpt-SMOT-SVM approach
achieved an accuracy of 91.76%, whereas the
conventional SVM classifier achieved 71.57%,

e
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representing an improvement of approximately
20.19 percentage points. This improvement
indicates that the proposed combination of class-
imbalance handling and Bayesian hyperparameter
optimization can enhance classification
performance on the synthetically generated dataset
used in this study. The results highlight the
potential value of the proposed approach compared
with the conventional SVM baseline. However, this
comparison reflects the experimental results
obtained under the conditions considered in this
study and does not, by itself, establish statistical
significance or superiority over all current state-of-
the-art methods.

Practical Implementation and Applicability

The proposed BayesOpt-SMOT-SVM approach can
be integrated into a reactive auto-scaling module in
an JaaS cloud environment. In a potential
implementation, monitoring data such as CPU
utilization, memory usage, and workload demand
can be provided to the trained model to classify
workload conditions. The classification output can
then assist the cloud management system in making
scaling decisions, such as allocating additional
virtual machines during overload conditions or
reducing  resources during underutilization.
Bayesian Optimization supports hyperparameter
selection, while SMOTE addresses class imbalance
during model training. The present study evaluates
the classification approach using a synthetically
generated dataset; therefore, integration with a real
cloud platform and validation under live workloads
remain important directions for future work.

Limitations of the Proposed Algorithm

Despite the promising results, it is essential to
acknowledge the limitations of the BalanceOpt-
SVM algorithm.

Dataset limitation: Synthetic data may not
represent the full complexity of real-world cloud
workloads.

Workload adaptability: The model may need
further evaluation under rapidly changing workload
conditions.

Computational complexity: SMOTE and Bayesian
Optimization introduce additional processing
overhead during model training.

Practical validation: Performance in a real cloud
environment has not yet been established.
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One notable limitation is its dependency on the
quality and representativeness of the training
datasets. If the datasets do not encapsulate the full
spectrum of workload scenarios prevalent in real-
world cloud environments, the algorithm's
predictive accuracy may be compromised.
Furthermore, the BalanceOpt-SVM algorithm may
exhibit reduced performance in highly dynamic
environments where workload patterns change
rapidly. The algorithm's reliance on historical data
for predictions may not adequately address sudden
shifts in workload, leading to potential delays in
reactive scaling decisions.

Lastly, the computational complexity of the
BalanceOpt-SVM algorithm may pose challenges
in resource-constrained environments, where
processing power and memory are limited. This
could hinder its applicability in smaller cloud
infrastructures or edge computing scenarios.

5. CONCLUSION

This research has rigorously evaluated the
performance of various classifiers on benchmark
datasets from AWS, Google Cloud, and Azure to
determine the most effective approach for
predictive modeling in the presence of data
skewness and variable hyperparameters. The
comprehensive analysis across accuracy, precision,
recall, and F1 score metrics has revealed that while
traditional classifiers like SVM, Decision Trees,
and ensemble methods like Random Forest and
Gradient Boosting provide a baseline of
performance, they fall short when it comes to
handling skewed datasets and require careful
hyperparameter  tuning to  optimize their
performance.

The standout classifier, the Hybrid Algorithm,
has demonstrated superior performance across all
evaluation metrics. Its ability to achieve high
precision and recall suggests robustness against
both false positives and false negatives, a critical
attribute  when accurate reactive scaling s
paramount. The exemplary F1 score of the Hybrid
Algorithm indicates a harmonious balance between
precision and recall, showcasing its capacity to
handle data skewness effectively.

This balance is vital for cloud
environments where the cost of incorrect scaling
can be significant, both operationally and

financially. Furthermore, the Hybrid Algorithm's
success  underscores the  importance  of

hyperparameter optimization, particularly through
techniques such as Bayesian Optimization, which
have been instrumental in achieving the best model
performance. This suggests that future predictive
modeling endeavors should not only focus on
algorithm selection but also on meticulous
hyperparameter tuning, which can markedly
enhance model outcomes. The research establishes
the Hybrid Algorithm as the most promising
solution for predictive models in cloud computing,
especially for tasks challenged by data skewness
and the need for precise hyperparameter calibration.
Its implementation could lead to more efficient,
cost-effective, and reliable auto-scaling
mechanisms, ultimately advancing the operational
excellence of cloud services.

The exploration of diverse datasets and
technologies plays a crucial role in enhancing the
adaptability and  performance of  Hybrid
Algorithms, allowing them to effectively tackle a
wide range of complex problems. By integrating
various data sources and leveraging advanced
computational techniques, these algorithms can be
fine-tuned to improve their accuracy and efficiency,
ultimately leading to more robust solutions across
different applications. This ongoing research and
development are essential for pushing the
boundaries of what Hybrid Algorithms can achieve
in an ever-evolving technological landscape.

By focusing on these areas, future work
can further enhance the capabilities of the Hybrid
Algorithm, ensuring it remains at the forefront of
predictive modeling in cloud computing and
continues to address the challenges posed by data
skewness and hyperparameter tuning. This ongoing
commitment to innovation will not only solidify the
Hybrid Algorithm's position in the field but also
foster advancements that can lead to more efficient
and effective cloud computing solutions.
Additionally, collaboration with interdisciplinary
teams can provide fresh insights and techniques that
may enhance the algorithm's performance, driving
further improvements in its adaptability and
scalability across various applications.

The novelty of this study lies in combining
SMOTE-based class-imbalance handling, Bayesian
hyperparameter optimization, and Support Vector
Machine classification within the proposed
BayesOpt-SMOT-SVM approach for reactive cloud
workload classification. The experimental results
show an accuracy of 91.76%, compared with
71.57% for the conventional SVM classifier,
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demonstrating improved classification performance
on the synthetically generated dataset used in this
study. The findings suggest that the proposed
approach may support more reliable workload
classification and assist resource-scaling decisions
in TaaS cloud environments. However, its practical
impact on cloud performance requires further
validation using real-world workload data and
cloud deployment or simulation experiments.

FUTURE RESEARCH DIRECTIONS

Future research can address the limitations
identified in the existing literature and the present
study by evaluating the proposed BayesOpt-SMOT-
SVM approach using real-world cloud workload
traces. Further studies can investigate its
adaptability to rapidly changing workloads,
different class distributions, and varying cloud
resource requirements. The proposed approach can
also be integrated with cloud simulation platforms
or real cloud environments to examine its impact on
response time, resource utilization, scalability, and
service-level agreement (SLA) violations. In
addition, comparisons using consistent evaluation
settings and computational cost analysis can help
establish its effectiveness and practical suitability
for large-scale cloud environments.
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