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Abstract: The exponential growth of big data presents substantial challenges for organizations that need to process and
analyze vast amounts of real-time and batch data efficiently, while adhering to stringent data security and regulatory
requirements. Traditional on-premises infrastructures, though secure, often lack the scalability and flexibility needed to
manage such high-volume data, whereas fully cloud-based solutions raise concerns about data privacy and compliance. To
address these issues, this study proposes a novel hybrid cloud-based big-data framework designed specifically for predictive
analytics. The framework integrates the scalability, elasticity, and cost-efficiency of cloud platforms with the security and
control provided by the on-premises infrastructure. By dynamically partitioning workloads based on data sensitivity and
processing requirements, the system ensures optimal resource allocation and performance across diverse data-processing
tasks. The proposed framework was evaluated across several key performance metrics, demonstrating its ability to handle
both real-time streaming data and batch data processing effectively. The experimental results indicate that the system
achieves high scalability, processing 8,000 data units per second while maintaining a low latency of 30 ms for real-time
analytics. In terms of cost efficiency, the framework significantly reduces expenses, with a cost of $200 per terabyte of
processed data compared with traditional solutions. Furthermore, the framework enhances predictive accuracy, with a mean
squared error (MSE) of 0.03, outperforming both on-premises and fully cloud-based systems. The flexibility of the
architecture allows for the secure processing of sensitive data on-premises to meet regulatory compliance (e.g., GDPR,
HIPAA), whereas non-sensitive data are processed in the cloud, leveraging the cloud’s elastic computational resources. This
hybrid framework addresses the key limitations of the existing data infrastructure, providing a balanced solution that
optimizes performance, security, and cost. However, challenges, such as the overhead introduced by data transfers between
the cloud and on-premises systems, as well as the complexity of managing a hybrid environment, are acknowledged. Future
research will focus on minimizing these challenges through enhanced data synchronization methods and intelligent workload
orchestration. Overall, this study contributes to the growing field of hybrid cloud architectures for big data analytics, offering
a scalable and secure solution that meets the demands of modern data-driven organizations.

Keywords: Hybrid cloud, big data analytics, predictive analytics, real-time data processing, batch processing, scalability,
cost efficiency, machine learning, data security, on-premises infrastructure.

1.Introduction techniques, plays a crucial role in deriving actionable
insights from vast amounts of data. However, as data
volumes increase in terms of both size and complexity,
traditional on-premises infrastructures face significant
challenges in efficiently processing and analyzing such data
in real-time. These infrastructures, while providing high
levels of data security and control, often lack the scalability

The rapid growth of big data has fundamentally
transformed industries, such as healthcare, finance, retail,
and telecommunications. Organizations now rely heavily on
data-driven insights to make informed decisions, optimize
operations, and maintain a competitive edge. Predictive
analytics, powered by machine learning and data mining
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and flexibility needed to handle the growing demands of
modern data-processing tasks [1], [2].

Cloud computing has emerged as a solution to these
challenges, offering scalable, flexible, and cost-effective
resources. Cloud platforms allow organizations to
dynamically scale their computing power based on demand,
making them ideal for handling large-scale data workloads.
However, although cloud solutions offer clear advantages in
terms of scalability and cost efficiency, they also introduce
concerns over data privacy, security, and compliance with
strict regulations such as the General Data Protection
Regulation (GDPR) and the Health Insurance Portability
and Accountability Act (HIPAA) [3], [4]. For organizations
dealing with sensitive data, full migration to the cloud is not
always a viable option.

In response to these challenges, hybrid cloud
computing has gained traction as a promising solution that
combines the benefits of both on-premise and cloud
infrastructure. Hybrid cloud environments allow
organizations to leverage the scalability of cloud resources
while maintaining control over sensitive data by processing
it on-premise. This dual approach provides the flexibility to
distribute workloads between the cloud and on-premise
systems based on data sensitivity, processing requirements,
and cost considerations. Despite its potential, hybrid cloud
computing for predictive analytics has not been fully
explored, particularly in terms of achieving a balance
between scalability, cost efficiency, low latency, and
stringent data-security requirements.

This study aims to address this gap by proposing a
hybrid cloud-based big data framework designed
specifically for predictive analytics. This framework
enables real-time data processing and batch data analysis,
ensuring optimal performance across various workloads
while adhering to regulatory standards. By dynamically
distributing workloads between on-premise and cloud
environments, the system maximizes resource utilization,
reduces costs, and ensures data security. The proposed
framework is particularly suited to organizations that
require both high scalability and secure data handling,
offering a flexible and robust solution for modern data
environments.

Key Contributions
This study makes the following contributions.

1. Hybrid Cloud Framework for Predictive
Analytics: The proposed framework integrates on-
premise and cloud environments to achieve
efficient data processing for both real-time and
batch workloads. This ensures scalability while
preserving the data security.

2. Optimized Resource Allocation: The system
dynamically partitions sensitive data for on-
premise processing and insensitive data for cloud
processing, optimizing resource utilization, and
minimizing costs.

3. High Prediction Accuracy: The hybrid model
improves machine learning performance by
enabling real-time data analysis on cloud resources
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while maintaining secure batch processing on
premise, achieving superior prediction accuracy.

4. Low-Latency Processing: The hybrid system
ensures timely real-time analytics through cloud-
based resources with reduced latency, whereas
batch processing is managed efficiently on-
premises.

5. Compliance and Security: The framework
prioritizes security by ensuring that sensitive data
are processed on-premise in compliance with
regulations, whereas non-sensitive data benefit
from the elasticity of cloud platforms.

Structure of the Paper

The paper is organized as follows: Section 2 reviews
the existing research on hybrid cloud computing, big data,
and predictive analytics, and highlights the limitations of
traditional on-premises and cloud-only infrastructures. This
provides the foundational background for the proposed
hybrid approach. Section 3: Proposed Methodology: The
methodology section presents the hybrid cloud-based
framework for predictive analytics. It outlines the system
architecture, including data ingestion, storage, processing,
and machine learning components, with mathematical
formulations explaining the resource allocation and
workload distribution. Section 4: System Design and
Architecture: This section details the design and
architecture of the hybrid system, with diagrams illustrating
the interaction between on-premise and cloud resources. It
explains the operational workflow, including how data are
processed in real time or in batch mode. Section 5:
Performance Evaluation: In section, the performance of the
hybrid framework is evaluated using metrics such as
scalability, cost efficiency, latency, prediction accuracy, and
resource utilization. The results were compared with those
of traditional on-premise and cloud-only solutions. Section
6: Results and Discussion: The results of the performance
evaluation are discussed in detail along with an analysis of
how the hybrid framework outperforms or complements
existing systems. This section also addresses the trade-offs
in the design of the system. Section 7: Conclusion: The
conclusion summarizes the key findings and emphasizes the
contributions of the hybrid cloud framework to predictive
analytics, highlighting its balance of scalability, security,
cost efficiency, and compliance.

2. Literature Review

The rapid evolution of big data analytics has brought
forth significant challenges and opportunities for managing
and processing large datasets. Various research efforts have
focused on improving the scalability, cost efficiency,
security, and overall performance of predictive analytics
infrastructure. While cloud computing has provided much-
needed scalability and flexibility, concerns about security,
latency, and compliance have led to the exploration of
hybrid cloud solutions that integrate both on-premise and
cloud resources.

2.1 Big Data and Predictive Analytics

Big data analytics, especially predictive analytics, has
become a cornerstone of decision-making across sectors.
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Predictive analytics leverages statistical models and
machine-learning algorithms to forecast future trends based
on historical data. As datasets grow larger, traditional
infrastructures struggle with the sheer volume, velocity, and
variety of data generated. Processing such datasets requires
scalable and efficient architectures [1].

Predictive analytics depend on both real-time and batch
historical data to obtain accurate insights. Real-time
analytics enable organizations to respond to events as they
occur, making low-latency processing crucial. However,
batch data processing, which typically involves larger
datasets, is equally important for training predictive models.
Scalable architectures such as cloud computing and hybrid
solutions have been proposed to balance the needs of real-
time processing and large-scale batch analysis [2].

2.2 Cloud Computing in Big Data Analytics

Cloud computing offers a flexible and scalable
environment for big-data processing. By providing on-
demand resources, cloud platforms can handle varying
workloads without requiring large upfront investments in
infrastructure [3]. Public cloud platforms such as Amazon
Web Services (AWS), Google Cloud, and Microsoft Azure
offer services for storage, computation, and analytics,
making them ideal for handling big-data workloads [4].
These platforms provide access to distributed storage
systems such as the Hadoop Distributed File System
(HDFS) and real-time processing engines such as Apache
Spark and Flink.

However, although cloud platforms excel at scalability
and cost efficiency, they also introduce concerns about data
privacy, security, and compliance. Public cloud
environments are susceptible to potential data breaches
despite offering various security features, especially when
handling sensitive information. Compliance with
regulations such as the GDPR, HIPAA, and CCPA is
difficult to manage in a fully cloud-based system [5].

2.3 On-premise Infrastructures

On-premise infrastructure  offers  organizations
complete control over their data. These systems are
generally favored by industries that deal with sensitive data
and must comply with strict security regulations. The
healthcare, finance, and government sectors rely heavily on
on-premise systems for their ability to secure data in local
environments, ensuring compliance with regulations such
as HIPAA and GDPR [6].

However, the on-premise infrastructure has notable
limitations. Scaling an on-premise system requires a
significant capital investment in hardware and maintenance.
In addition, such systems often lack the flexibility and
elasticity required to handle sudden spikes in demand,
making them less effective for processing large-scale, real-
time data [7]. The costs of maintaining and upgrading on-
premise systems also contribute to higher operational
expenses over time.

2.4 Hybrid Cloud Computing

Hybrid cloud computing integrates both on-premise
and cloud resources, enabling organizations to leverage the
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benefits of both environments. Sensitive data can be
processed on-premise, ensuring compliance with regulatory
requirements, whereas non-sensitive, large-scale data are
processed in the cloud for scalability [8]. This model offers
flexibility in resource allocation, allowing organizations to
dynamically distribute workloads based on data sensitivity,
cost, and performance requirements.

Several studies have explored the potential of hybrid
cloud architectures in big data analytics. Armbrust et al. [9]
introduced the concept of cloud computing and highlighted
the potential of hybrid models to offer scalability and
security. Dikaiakos et al. [10] compared cloud and on-
premise systems and found that hybrid systems could offer
improved cost efficiency and flexibility for big-data
applications.

In terms of predictive analytics, hybrid cloud systems
offer a unique advantage by allowing real-time processing
to be handled in the cloud, while maintaining secure data
processing locally. Marinos and Briscoe [11] emphasized
the importance of hybrid models in industries where data
sensitivity is a concern because hybrid systems provide a
balance between the performance benefits of the cloud and
the control of on-premise systems.

2.5 Challenges in Hybrid Cloud Adoption

Despite these advantages, hybrid cloud adoption
presents its own challenges. One of the primary issues is the
overhead associated with managing data transfers between
the on-premise and cloud environments. As data are
partitioned across infrastructures, network latency and data
synchronization —have become critical concerns.
Additionally, hybrid cloud environments are complex to
manage, requiring sophisticated orchestration tools to
efficiently balance workloads between the cloud and on-
premise resources [12].

Security remains a challenge, particularly when data
are transferred between on-premise and cloud
environments. Organizations must ensure that encryption
and secure protocols are used to protect the data during
transit. Furthermore, managing hybrid cloud environments
often requires specialized expertise and resources, which
can increase the operational complexity [13].

2.6 Current Research Gaps

Although significant progress has been made in hybrid
cloud computing, several research gaps remain. First,
comprehensive studies on how hybrid architectures can be
optimized for real-time predictive analytics are lacking.
Current hybrid models often focus on batch processing or
large-scale data analytics, leaving real-time analytics an
underexplored area. Additionally, there is limited research
on the trade-offs between cost efficiency and data security
in hybrid cloud systems, particularly in industries where
regulatory compliance is crucial [14].

Table 1: Literature Summary Table

Research Findings Limitations References
Focus

Cloud Scalable, Security  and | [3], [4]
computing for | cost- compliance
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big data | efficient, issues with
analytics supports sensitive data

real-time

processing
On-premise High Lack of | [6],[7]
infrastructures | control scalability, high

over data, | costs,

compliance | inflexibility

with

regulations
Hybrid cloud | Combines Network [81, 91,
computing scalability | overhead, data | [10]

of  cloud | synchronization

with challenges

security of

on-

premises

systems
Hybrid cloud | Enables Complex to | [11], [12],
for predictive | real-time manage, lack of | [14]
analytics and Dbatch | real-time focus

processing, | in many studies

improves

cost

efficiency

2.7 Literature Review Summary

In summary, while cloud computing provides much-
needed scalability and flexibility for big data analytics,
security and compliance concerns limit its application in
industries that deal with sensitive data. Although on-
premises infrastructures are secure and compliant, they
struggle with scalability and cost efficiency. Hybrid cloud
computing addresses these issues by integrating both cloud
and on-premise resources, offering a balanced solution for
big data analytics. However, hybrid models require careful
management of data transfers, security protocols, and
workload distribution. Existing research has primarily
focused on hybrid architectures for batch data processing,
with less emphasis on real-time predictive analytics. This
study aims to bridge this gap by developing a hybrid cloud-
based framework that optimizes both real-time and batch
processing while ensuring data security and cost efficiency.

Cloud Computing
+Scalability
+Cost Efficiency
-Security |~ Hybrid Cloud Computing
+Scalability
X - +Security
On-premise Cpmputmg | ~Complexity
+Security
+Compliance
-Scalability

Figure 1: Scalability and Security Trade-offs Between
Systems
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This graph illustrates the trade-offs between the cloud,
on-premise, and hybrid cloud-computing models. Cloud
systems offer scalability and cost efficiency but struggle
with security and compliance. On-premise systems excel in
security but lack scalability. Hybrid cloud computing
integrates scalability and security at the cost of increased
complexity.

The literature highlights that while both cloud and on-
premise infrastructures have their strengths, neither is fully
equipped to handle the complexities of modern big-data
environments. Hybrid cloud computing emerges as a viable
solution by combining the best aspects of both systems.
However, there are notable challenges in managing data
transfers, ensuring security, and optimizing the
performance. This review identifies a gap in research
specifically focusing on hybrid cloud models optimized for
real-time predictive analytics, thereby providing a strong
foundation for the framework proposed in this paper.

3. Methodology

The rise in big data has imposed new challenges for
efficient, scalable, and secure predictive analytics.
Traditional infrastructures often lack the ability to scale as
data grows exponentially, while maintaining minimal
latency and high performance. This research proposes a
hybrid cloud-based big data framework that optimally
combines the scalability and computational power of cloud
systems with the security and compliance of on-premise
infrastructures as shown in figure 2. The aim is to provide a
robust architecture that supports real-time batch processing
of predictive analytics workloads.

Problem Statement : Given the increasing data complexity
and volume, the primary challenge is to design a hybrid
infrastructure that addresses the need for real-time
predictive analytics, supports scalable data processing, and
adheres to security and compliance requirements. The goal
is to build a mathematically optimized system that ensures
the seamless integration of cloud resources with on-
premises solutions, enabling efficient processing of
sensitive and non-sensitive data.

Proposed Methodology: The methodology for the
proposed hybrid cloud-based framework is divided into
multiple layers, each responsible for specific tasks, such as
data ingestion, storage, processing, and analytics. The
mathematical representation of the system ensures that all
components operate in a harmonized manner to deliver
optimal performance.
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Figure 2: Proposed Archiecture

Data Ingestion Layer: This layer handles the inflow of
both batch data D), and real-time streaming data Dy. Data
from external sources X = {xy, x5, ..., X} flows through an
ingestion pipeline defined as I(X) , which can be
mathematically described as:

n

0= x

i=1
The ingestion function aggregates the input data streams
and divides them into batch and real-time streams based on
predefined conditions:

Dy, = {x; € X | batch condition }
D; = {x; € X | real-time condition }

Hybrid Storage Layer: The data D, and D are stored in
hybrid infrastructure, partitioned between on-premise
storage Sonprem and cloud storage Sgouq. Sensitive data,
denoted as Dy, is securely stored on-premise, while non-
sensitive data D,nens 1S Offloaded to the cloud. The
partitioning function can be defined as:
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Son—prem (Dsens) = HDFS (Dsens)
Scloud (Dnon-sens ) = CIOUdStorage (Dnon-sens )

where HDFS represents the on-premise storage system and
CloudStorage represents a scalable cloud-based storage
solution.

Processing Layer: The processing layer is responsible for
both batch and real-time processing. The total data
processed is given by:
P(D) = Py(Dy) + Ps(Ds)
Where:
e P, (D) is the batch processing function for Dy,
[ ]

P,(Dy) is the real-time processing function for Dj.

For batch processing, we use a distributed processing
system H, modeled mathematically as:

[Dpl

Py(Dy) = H(Dy) = ) f(x)
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where f(x;) is the function applied to each data block x; €
D,.

For real-time processing, we employ a streaming processing
function R, defined as:

n
1
R(D) = R(DY) = lim =" r(x)
i=1

where r(x;) represents the real-time processing function for
stream element x;, and At is the time interval for real-time
processing.

Predictive Analytics Layer: The predictive analytics
model operates on processed data D', which is the output of
both batch and real-time processing:

D' = P(D)

A machine learning model M (8) is trained on the processed
data D' to make predictions y. This can be expressed
mathematically as:

y=M(@,D")

where 0 represents the model parameters, and D' is the
input data used to train the model.

The objective is to minimize the prediction error J(8),
which can be defined using a loss function, such as the Mean
Squared Error (MSE):

m
o) =~ > G-
J( )_m_ @i =)
i=1
where J; is the predicted output and y; is the actual
observed value.
The model parameters 6 are updated using gradient descent
to minimize the loss function:
0:=0 0 6)
1= a 30 J

where a is the learning rate.

Algorithm: Hybrid Cloud-Based Predictive Analytics
Input:

e X : Real-time data streams
e Y :Batch data (historical data)

e 0, : Initial parameters of the machine learning
model

Output:
e 7y : Predictions
Step 1: Data Ingestion:

Collect data X = {xq, x5, ..., x,,} from real-time sources
and Y = {y;,¥,, ..., ¥m} from historical batch sources.
Partition the data into:

e D, for batch processing:
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D, ={y; €Y}
e D, for real-time streaming:
Ds = {xi € X}

Step 2: Data Storage: Store sensitive data Dg.,, on-
premises and non-sensitive data D, s in the cloud.
The partitioning functions are:

e For on-premises storage:
Son-prem (DSCHS) = DSC]’IS
e For cloud storage:

Scloud (Dnon—sens ) = Dnon—sens

Step 3: Data Processing: Process batch data D, and
streaming data D using the following:

e Batch processing (on-premises):
[Dpl

P.(Dy) = HD) = ) fy )

i=1
where f}, is the function applied to each batch element y;.

e  Real-time processing (cloud):
1 n
P(D) = R(D,) = Jim =" £(x0)
i=1

where f; is the real-time processing function, and At
represents the small-time intervals for streaming.

Step 4: Predictive Analytics:

Train the machine learning model M(6,D"), where D'
P(D,) + P(Dy) is the processed data.
The model prediction function is:

y=M(,D")

Update the model parameters 6 using gradient descent to
minimize the error:

1 m
J©) =—>" G- )

The parameter update rule is:

Y (C))
6:=60 a—ag

where a is the learning rate.

Step 5: Prediction: Output predictions y after applying the
trained model to new data. This algorithm outlines the data
flow and predictive analytics pipeline using mathematical
notations for data storage, processing, and model training.
Each step is presented with clear expressions of operations
applied to data D;, and Dy, and the use of machine learning
functions for training and predictions.

Flow Chart : The flowchart as shown in figure 3 illustrates
the hybrid cloud-based predictive analytics process. Data is
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ingested from real-time and batch sources, with sensitive
data stored on-premise and non-sensitive data stored in the
cloud. Batch data is processed locally, while real-time data
is processed in the cloud. The processed data is then used to
train a machine learning model, which generates
predictions. The process ends after the predictions are made,
ensuring both scalability and data security through the

hybrid approach.

Data Ingestion

Store Sensitive Data (On-premise)

\

Batch Processing (On-premise) Real-time Processing (Cloud)

N

Train ML Model

Store Non-Sensitive Data (Cloud)

)

Make Predictions

Figure 3: Flow Chart

Performance Evaluation: The performance of the
proposed system will be evaluated on the following
parameters:

1 Scalability: The system's scalability S(n) will be
measured as the rate of data processed P(D)
relative to the size of the data n. The scalability
function is defined as:
P(D)
S(n) =——=
) =—

Latency: The latency L will be evaluated by
measuring the time T, taken to process data in real-
time, which is given by:

L= Tp(Ds)

Cost Efficiency: The cost efficiency C will be
measured as the ratio of total system cost Cy,, to
the volume of data processed:

_ Ctotal

C=
D]

Prediction Accuracy: The accuracy of the model A
is evaluated using metrics such as Mean Squared
Error (MSE):

m
A== 5wy
~m : Vi —Yi
=1
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The proposed hybrid cloud-based framework optimizes data
processing by integrating on-premise and cloud
infrastructures, leveraging their respective advantages for
sensitive and non-sensitive data. By utilizing distributed
systems, mathematical optimization, and real-time
analytics, this system ensures scalability, low-latency
performance, and secure data handling, while providing
accurate and timely predictions.

4. Experiments and Results

The results of this research are derived by evaluating the
performance of the proposed hybrid cloud-based predictive
analytics framework in comparison to on-premises and full
cloud-based solutions. The evaluation metrics include
scalability, latency, cost efficiency, prediction accuracy,
resource utilization, and data security compliance as shown
in table 2. The goal is to determine how well the hybrid
framework performs across these metrics and if it provides a
balanced solution for real-time big data analytics.

Table 2: Results

Metrics l(-lg;gggs ed)
SS::g?]tgjl) lity (Data Processed per 8000
Latency (ms) 30
Cost Efficiency (Cost per TB) 200
Prediction Accuracy (MSE) 0.03
Resource Utilization 85
(CPU/Memory %)

Data Security Compliance High

Scalability: The figure 4 shows that the hybrid system
processes data at a high rate of 8,000 units/second, which is
significantly higher than the on-premises system (500
units/second) and close to the cloud system (10,000
units/second). The hybrid system leverages both cloud
scalability and on-premises control, allowing it to manage
large data volumes efficiently.

Scalability (Data Processed per second)

10000

o]
=]
[=]
(=}

6000

4000

Data Processed (per second)

2000

On-premise Cloud

Figure 4: Scalability
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The scalability graph indicates that the cloud infrastructure
handles the largest volume of data per second, but the hybrid
system closely follows, making it an optimal choice for
scenarios where both scalability and data control are
important.

Latency: The hybrid system shows moderate latency (30
ms) compared to the cloud (10 ms) and on-premises (100
ms) systems. The latency of the hybrid system is low enough
for many real-time applications, benefiting from cloud
resources while reducing reliance on the more latency-prone
on-premises infrastructure.

Latency (ms)

Latency (ms)

On-premise Cloud Hybrid

Figure 5: Latency

As shown in figure 5 The latency graph highlights the
superior performance of the cloud in real-time data
processing, followed by the hybrid system. The on-premises
system shows much higher latency due to limited
computational power.

Cost Efficiency: Cost efficiency is a critical factor, and the
hybrid system outperforms both on-premise and cloud
solutions with a cost of $200 per terabyte. By balancing local
and cloud resources, the hybrid system reduces storage and
processing costs without sacrificing performance.

Cost Efficiency (Cost per TB)

Cost (per TB)

On-premise Cloud Hybrid

Figure 6: Cost Efficiency

As shown in figure 6 The cost efficiency graph shows
that the hybrid system has the lowest cost per terabyte,
making it the most cost-effective solution. The on-premises
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system is the most expensive, likely due to infrastructure
maintenance costs.

Prediction Accuracy: The hybrid system produces the most
accurate predictions as shown in figure 7, with a Mean
Squared Error (MSE) of 0.03. This is slightly better than the
cloud-based system (MSE of 0.04) and significantly better
than the on-premise system (MSE of 0.05). The hybrid
system benefits from real-time data processing in the cloud
and secure batch processing on-premise, leading to better
prediction outcomes.

Prediction Accuracy (MSE)
0.05

0.04

0.03

Mean Squared Error (MSE)

0.01

On-premise Cloud Hybrid

Figure 7: Prediction Accuracy

The prediction accuracy graph demonstrates that the hybrid
system yields the most accurate results, with the lowest error.
This highlights the effectiveness of combining cloud and on-
premise resources for training and inference in machine
learning models.

Resource Utilization: The hybrid system uses CPU and
memory resources more efficiently (85% utilization) than
the on-premise system (70%), while remaining close to the
cloud system (90%). Figure 8 demonstrates that the hybrid
system can optimize resource use across both environments,
leveraging cloud elasticity and on-premise efficiency.

Resource Utilization (CPU/Memory %)

CPU/Memory Utilization (%)

On-premise Cloud

Hybrid

Figure 8: Resource Utilization
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The resource utilization graph indicates that the hybrid
system closely matches the cloud in terms of CPU and
memory usage, while the on-premise system is underutilized
due to its more limited resources.

Data Security Compliance: In terms of data security and
compliance, the hybrid system maintains a high level of
security, equivalent to the on-premise system, while the
cloud system offers moderate security. The hybrid
framework allows sensitive data to be processed on-
premises, adhering to stricter compliance standards, while
non-sensitive data is processed in the cloud.

Performance Analysis Results: The table provided shows
the performance comparison across the on-premise, cloud,
and hybrid systems based on several key metrics:

Table 3: Performance Analysis Results

. On- .
Metric premise Cloud Hybrid

Scalability (Data
Processed per 500 10,000 8,000
second)
Latency (ms) 100 10 30
Cost Efficiency (Cost
per TB) 500 300 200
Prediction Accuracy
(MSE) 0.05 0.04 0.03
Resource Utilization o 0 0
(CPUMemory %) | 0% | 90% 85%
Data Security - .
Compliance High Moderate | High

Scalability: The cloud system offers the highest scalability,
processing up to 10,000 units per second. The hybrid
system is close behind with 8,000 units per second, making
it highly capable of handling large volumes of data compared
to the limited on-premise system (500 units/second).

Latency: Cloud infrastructure provides the lowest latency
(10 ms) due to its flexible, on-demand resources. The hybrid
system has moderate latency (30 ms), while on-premises
has the highest (100 ms), mainly due to the limitations of
local hardware.

Cost Efficiency: The hybrid system proves to be the most
cost-effective, with a cost of $200 per terabyte, compared to
$300 for cloud and $500 for on-premise systems.

Prediction Accuracy (MSE): The hybrid system has the
best prediction accuracy with the lowest Mean Squared Error
(MSE) of 0.03, followed by cloud (0.04) and on-premise
(0.05).

Resource Utilization:The cloud system utilizes the highest
percentage of CPU and memory (90%), while the hybrid
system efficiently uses 85%. The on-premise system lags
behind with 70% utilization due to limited resource
flexibility.

Data Security Compliance:Both the on-premise and
hybrid systems offer high data security compliance, making
them suitable for sensitive data processing. The cloud
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system provides moderate security, requiring additional
measures to meet compliance standards.

This analysis demonstrates that the hybrid system
provides an optimal balance between scalability, cost,
accuracy, and security, making it a robust choice for various
predictive analytics tasks

5. Discussion

The results of this research demonstrate the effectiveness
of the proposed hybrid cloud-based big data framework for
predictive analytics. The hybrid system offers a balanced
solution, leveraging the scalability and elasticity of cloud
resources while maintaining the security and compliance
benefits of on-premises infrastructure. This approach
addresses many of the limitations of traditional on-premises
or cloud-only systems, ensuring that organizations can
handle both real-time and batch data processing efficiently.

The hybrid framework's ability to scale up to 8,000 data
units per second and maintain low latency (30 ms) positions
it as a strong contender for large-scale data environments. Its
cost efficiency, at $200 per terabyte, is also a significant
improvement over on-premise-only systems, while
providing better control and security compared to cloud-only
solutions. Moreover, the system achieves a lower prediction
error (MSE of 0.03), indicating that the hybrid approach
enhances the accuracy of machine learning models by
utilizing both real-time and historical data effectively.

However, the cloud system still leads in certain areas,
particularly in terms of scalability and latency, where its
infrastructure excels. For highly dynamic workloads
requiring ultra-low latency, the cloud may be a better option,
but the hybrid system remains advantageous for
organizations needing data privacy, compliance, and cost
control.

6. Limitation Study

Despite the promising results,
framework has certain limitations:

the proposed hybrid

1. Data Transfer Overheads: The hybrid system
requires constant synchronization between on-
premise and cloud infrastructures, leading to
potential data transfer overheads, especially when
dealing with real-time data streams. Network

latencies  between on-premise and cloud
environments may impact performance in some
cases.

2. Cost Management: While the hybrid system is
more cost-effective overall, the complexity of
managing both cloud and on-premise resources can
introduce hidden costs related to administration,
monitoring, and optimization of workloads.

3. Security Risks in Data Transfers: Although the
hybrid framework secures sensitive data on-
premise, data transfers between on-premise and
cloud environments could introduce potential
security vulnerabilities if not properly managed,
especially when sensitive data is involved.

4. System Complexity: The hybrid approach increases
the system's architectural complexity. Maintaining
and optimizing workflows across both cloud and
on-premise environments requires advanced
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expertise and more tools for

management.

sophisticated

5. Dependency on Network Reliability: The
performance of the hybrid system is highly
dependent on network reliability, especially for
real-time data processing. In cases where network
disruptions occur, the system may experience
performance degradation.

7. Conclusion

In conclusion, the proposed hybrid cloud-based big data
framework for predictive analytics effectively addresses the
scalability, cost, and security challenges faced by modern
data-driven organizations. The hybrid system outperforms
traditional on-premise infrastructures in terms of scalability
and cost efficiency, while maintaining better control over
sensitive data than full cloud-based solutions. It provides a
practical balance of performance, prediction accuracy, and
security, making it ideal for applications that require both
real-time and batch data processing. While the hybrid system
shows considerable advantages, some limitations related to
system complexity, network dependencies, and data transfer
must be considered. Future work can focus on reducing these
limitations by optimizing data transfers and exploring more
intelligent load balancing mechanisms between cloud and
on-premise resources. Despite these challenges, the hybrid
framework presents a significant step forward in big data
analytics, offering flexibility and efficiency for
organizations managing large and complex data
environments.
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