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Abstract— The rapid increase in the number of distributed 

computing systems and big data processing platforms has made 

big data security an urgent research topic. Companies are 

increasingly adopting distributed network environments in 

order to store, analyze and process large volumes of data and 

this has posed serious security threats such as data breaches, 

unauthorized access and cyber-attacks. Secure data 

management of distributed infrastructures is thus important in 

ensuring data confidentiality, integrity as well as data 

availability. An effective security infrastructure is built to 

safeguard the big data in distributed network setups. The 

framework incorporates adaptive encryption, decentralized 

trust-based authentication, and statistical anomaly detection in 

ensuring data security during its life cycle. The layered 

architecture is used to secure the transmission, storage and 

processing of data across the distributed nodes and to ensure 

that the system is scalable. Experimental analysis proves that 

the framework can so enhance security performance as opposed 

to available methods. The suggested approach guarantees 96% 

confidentiality, 94% data integrity and 93% accuracy of 

detection anomaly with false positive rate at 5%. These 

improvements highlight the framework’s effectiveness in 

providing reliable and scalable security for distributed big data 

systems. 
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I. INTRODUCTION 

The speedy development of digital technologies has led to an 

unparalleled increase in data created by multiple sources 

including social media sites, Internet of Things (IoT) devices, 

cloud computing, and internal systems. This enormous 

amount of information, also known as big data has become 

an essential tool to organizations that want to acquire insights, 

make decisions and become more efficient in their operations 

[1]. Concurrently, the rising reliance on distributed network 

environments to store and process data has also brought 

intricate security issues to consider to guarantee the security 

of sensitive information. 

Distributed network environments enable processing of data 

in more than one node and location to facilitate scalable 

computation and efficient use of resources. Nevertheless, the 

decentralized aspect of these systems makes them more 

susceptible to attacks and prone to diverse security threats 

that include unauthorized access, data spillage, interception 

through transmission and malicious manipulation [2]. With 

data flowing across various network layers and storage 

systems, integrity, confidentiality and availability of the data 

is a significant issue of concern to organizations and service 

providers. 

The older security mechanisms were mainly developed to 

operate on centralized systems and hence find it hard to 

support the scale, complexity, and dynamic nature of big data 

infrastructures [3]. The diversity of devices, platforms, and 

communication protocols of distributed environments makes 

the enforcement of consistent security measures more 

complex. Moreover, the fast rate and diversity of streams of 

data require security solutions which adjust to the changing 

threats and ensure the performance of a system. 

 

Fig 1: Key Security Components in Big Data Protection 

The  Fig 1 illuminates critical methods that are employed to 
ensure big data settings are secured. Access control prevents 
the unauthorized access of sensitive information by Encircling 
it with encryption. Anonymization and data masking ensure 
privacy when sharing data. Threats are monitored by security 
analytics, and safe storage and processing in distributed 
infrastructures is guaranteed by cloud security. 

It is crucial to ensure that security in the big data environment 
is robust to ensure trust, safeguard organizational assets, and 
adhere to the data protection regulations [4]. With cyber 
threats becoming more and more sophisticated, there is 
growing interest in research to find ways to enhance data 
protection, coupled with the scalability and flexibility needed 
by more modern distributed systems. 
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• To investigate the security issues related to big data 
in distributed network setting [5]. 
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• To examine the current security measures and their 
shortcomings in distributed systems of large scale 
[6]. 

• To determine essential security needs to protect data 
confidentiality, availability, and integrity [7]. 

• To investigate the significance of scalable and 
adaptive security offerings to the current big data 
infrastructure [8]. 

The rising use of big data and distributed computing 

environments has placed a strong emphasis on proper data 

security strategies. To deal with security issues in those 

environments, one will need a thorough knowledge of the 

possible risks, the complexity of the systems, and the 

transforming cyber threats [9]. Enhancing security 

consciousness and the creation of scalable security controls 

are both the necessary moves toward achieving dependable 

and secure big data business in distributed network 

infrastructures. 

II. RELATED WORKS 

The dramatic growth of big data technologies has contributed 

to the increased number of research activities aimed at the 

security of the distributed network environment. With 

companies becoming very dependent on distributed 

computing systems in the processing and storage of data, the 

security of sensitive information has come out as critical issue 

[10]. Various research has been conducted on various 

security mechanisms to tackle issues like unauthorized access 

and data breaches, privacy invasion, and network-related 

attacks. The challenges are brought about by the 

decentralized nature of the distributed systems, in which data 

is handled by multiple nodes and platforms [10]. 

The available literature has indicated that to ensure better 

security in big data infrastructures, it is necessary to adopt 

robust encryption algorithms, authentication schemes, access 

controls, and surveillance systems. There are also works that 

are aimed at combining machine learning and intelligent 

detection systems to detect an abnormal behavior and 

possible cyber threats in large distributed networks [11]. In 

other methods, secure data transmission and preserving 

methods for privacy are highlighted to make sure safety of 

data when communicating and storing data [12]. Although 

great strides have been achieved in this area, there are still a 

number of limitations with regard to scalability, real time 

detection of threats and resource efficiency [13]. 

Table I: Recent Research Trends in A Robust Framework for Big Data 
Security in Distributed Network Environments 

Study Focus 
Technique 

Used 

Key 

Contribution 
Limitation 

Big Data 
Security 
Architecture 
[14] 

Layered 
security model 

Provided a 
multi-layer 
security design 
to protect 
distributed data 
systems 

Increased 
system 
complexity 
and 
management 
overhead 

Data 
Encryption 
in 
Distributed 
Systems 

Advanced 
encryption 
algorithms [15] 

Improved 
confidentiality 
of large-scale 
data storage 
and 
communication 

High 
computational 
cost for large 
datasets 

Access 
Control 
Mechanisms 

Role-based and 
attribute-based 
access control 

Strengthened 
authentication 
and 
authorization 
processes in 
distributed 
networks [16] 

Difficult to 
manage in 
highly 
dynamic 
environments 

Intrusion 
Detection 
Systems [17] 

Machine 
learning-based 
anomaly 
detection 

Enhanced 
detection of 
suspicious 
network 
behavior and 
cyber threats 

Requires 
large training 
datasets and 
processing 
resources 

Secure Data 
Transmission 

Secure 
communication 
protocols [18] 

Reduced risks 
of data 
interception 
during 
transmission 
across 
distributed 
nodes 

Performance 
overhead in 
high-speed 
networks 

Privacy-
Preserving 
Data 
Processing 

Data 
anonymization 
and masking 
techniques 

Improved 
protection of 
sensitive user 
information in 
big data 
analytics 

Reduced data 
usability for 
advanced 
analytics [19] 

 

The literature review shows that deliberate attempts to 

enhance security measures in big data settings that are 

deployed using distributed networks have been undertaken 

[20]. Data protection has been bolstered by various 

approaches which include encryption, access control, 

intrusion detection and privacy-preserving approaches [21]. 

Nonetheless, issues of scalability, computation overhead, and 

effective threat detection are still research topics. Adaptive 

and integrated security solutions to the emerging risks of 

distributed big data systems need to be explored continuously 

[22]. 

III. PROPOSED METHODOLOGY 

The proposed architectural solution suggests a multi-faceted 

and flexible security framework of big data in distributed 

network space by implementing encryption, authentication, 

and anomaly detection in a single architecture. The 

framework is meant to protect confidentiality, integrity and 

availability of data and be scalable to distributed nodes. It is 

multi-layered and includes data acquisition, transmission, 

storage and processing and therefore there is a consistent 

application of security in the data lifecycle. 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2: Proposed Big Data Security Framework in Distributed Network 
Environments 

The flow diagram in Fig 2 depicts the operational process of 

the proposed framework, whereby the data collection and 

sensitivity analysis is done next, then adaptive encryption, 

integrity verification, trust evaluation, anomaly detection, 

authentication and threat isolation. This is followed by the 

updating of security metrics to ensure that security is 

continually maintained across distributed networks. 

The framework includes a dynamic encryption mechanism in 

its center, which modifies to the data sensitivity and network 

conditions. A sensitivity function is used to determine the 

encryption strength. 

S� = αD� + βD	 + γD�   (1) 

Where S�is the sensitivity score of the data, D�  is level of 

data confidentiality, D	 is value of data, and D� is size of data. 

The coefficients α, β, γ are weighting coefficients that 

determine the impact of each of the parameters. This equation 

makes sure that important and sensitive data are more heavily 

encrypted whereas less important data encrypted with less 

weight to limit the number of computations required. The 

encryption process is also modelled as 

E� = f(S�, K, N)    (2) 

Where E� is the encrypted data output, f  is the encryption 

function, S�   is the sensitivity score, K is the encryption key 

and N  is the network node where encryption is done. This 

expression makes sure that encryption is dynamically 

changed on the sensitivity of data and the node where 

processing will take place.  

A decentralized trust evaluation model is presented to provide 

the security of authentication over the distributed nodes. 

T� =
�

�
∑ R�

�
��� ⋅ W�  (3) 

Where T� =trust score of the node n , R� =reliability score of 

the interaction i , W� is the weight of each interaction and m 

is the number of interactions. This equation allows the system 

to determine the trustworthiness of the nodes using the past 

behavior and only trusted nodes will be involved in 

processing data. A hash-based verification mechanism which 

ensures integrity of the data. 

H� = h(D ∥ T�)   (4) 

Where H�  generated hash value where h  is the hash function, 

D  is the data, and T� is a concatenation of the hash and the 

data. This prevents changes in the data to go undetected by 

computing and comparing hash values. The framework 

includes a statistical anomaly detection model in order to 

identify anomalies and possible cyber threats. 

A� =
∣%&'∣

(
   (5) 

Where A� is the anomaly score, X  =measured behavior, μ  is 

mean of normal behavior and σ is standard deviation. An 

increase in the anomaly score means that there is an increase 

in deviation of normal patterns and this will allow the system 

to detect suspicious activities in real time. Also, a composite 

security measure ensures to assess the general level of 

security of the system. 

S,-,./ = w�C + w2I + w4A (6) 

Where S,-,./ is the sum of the security strength, C is 

confidentiality, I is integrity and A is availability. The 

weights w�, w2, w4  are the measures of the relative 

significance of each component. 

The equation gives a comprehensive assessment of security 

performance of the system. The suggested framework is 

distributed, so each node will calculate data sensitivity on its 

own, encrypt, check integrity, and observe the network 

activity. The interaction between nodes is secured by using 

encrypted channels and trust scores are constantly updated by 

considering interactions between nodes. The decentralized 

design also results in better fault tolerance and lessens the 

chances of single point of failure. 
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• Set up distributed network nodes and determine security 
parameters. 

• Receive incoming data and calculate the sensitivity score 
with the help of predetermined metrics. 

• Allocate encryption strength to sensitivity that is 
computed. 

• Create encryption keys and encrypt data, then send it. 

• Calculate hash-values to verify the integrity of data. 

• Measure trust scores of interacting nodes based on 
interaction history. 

• Check nodes prior to the access or processing of data. 

• Keep track of network traffic and score anomaly per 
node. 

• Determine and separate nodes with abnormal behavior. 

• Measures of update system security, and keep 
monitoring. 

The suggested framework improves the security of big data 

in the distributed setting by incorporating adaptive 

encryption, trust-based authentication, and anomaly 

detection. It guarantees scalable, trustworthy, and effective 

protection of data against the growing cyber threats and data 

integrity and availability across the distributed systems. 

IV. RESULT 

The effectiveness of proposed framework is measured with 

its capability to improve security, keep the systems efficient, 

and identify threats in distributed big data environments. The 

outcomes are aimed at the measurement of the main security 

and system performance indicators in the different conditions 

of the network and data loads. The assessment is based on the 

framework effectiveness in terms of data confidentiality, 

integrity, and availability with less computational overhead.  

Also, the capability of the framework in identifying 

abnormalities and withstanding typical cyber-attacks is 

examined. These findings give a complete insight into the 

strength and the scalability of the framework against the 

current methods. 

4.1 Data Confidentiality Rate (C). 

This measure measures the effectiveness of sensitive data 

security against unauthorized access. The higher the value, 

the greater the encryption covering. The suggested 

framework is highly confidential with the ability to 

dynamically modify encrypting data according to data 

sensitivity to ensure that sensitive data is best safeguarded 

and resources are well utilized. 

C =
56789:7

5;<;=>
× 100   (7) 

Where C is a rate of confidentiality, D�B�CDB is the data rate 

that is safely encrypted, D,-,./ is the total rate. 

4.2 Data Integrity Accuracy (I) 

This measure is used to gauge the capacity of this framework 

to identify data tampering. Good integrity accuracy means 

that it is able to accurately detect unauthorized modifications. 

The hash-based verification mechanism makes sure that the 

slightest alterations in data can be detected resulting in 

enhanced integrity performance. 

I =
5E=>FG

58H78I7G
× 100   (8) 

Where  I  is integrity accuracy,  D	./�� represents the data that 

has been correctly verified and D�JB�KB� is the total data that 

undergoes integrity checks. 

4.3 Anomaly Detection Rate (ADR) 

The metric can be used to measure how well the system 

detects malicious activities. An increased level of detection is 

an indication of increased security monitoring. The statistical 

anomaly model is better at detection as it detects the deviation 

of normal behavior patterns in real time. 

ADR =
LG7;78;7G

L=8;9=>
× 100   (9) 

Where ADR  is anomaly detection rate, T�B,B�,B� denotes 

detected threats and T.�,C./ is the total actual threats in the 

system. 

4.4 False Positive Rate (FPR) 

This measure measures the effectiveness of threat detection. 

The less the values, the fewer incorrect alerts. The suggested 

framework reduces false alarms and relies on adaptive 

thresholds and behavior-based analysis, which increases 

reliability in the real-world. 

FPR =
OFP8<::78;

QP<:R=>
× 100   (10) 

WhereFPR denotes false positive rate, F���-DDB�,is number of 

normal events falsely declared threats and N�-D�./  is number 

of normal events. 

4.5 System Throughput (T) 

Throughput is used to measure the efficiency and scalability 

of the system. Increased throughput means an improved 

performance in managing massive data. The distributed 

architecture guarantees parallel processing and minimizes 

delays and ensures high efficiency even when the workload 

is high. 

T =
5S:<87667G

,
    (11) 

Where T  is throughput, DTD-�B��B� equals processed data 

volume and t is total processing time.  

Table II: Evaluation of C, I and ADR of existing approach with proposed 
approach 

Approach C I ADR 

Encryption-Based Model [22] 88 85 78 

Access Control Model [21] 82 87 75 

Machine Learning IDS [20] 85 83 90 

Hybrid Security Model [19] 90 89 88 

Blockchain-Based Security [18] 92 91 86 

Proposed Framework 96 94 93 



The Table II and Fig 3 give a comparison of various security 

methods in terms of confidentiality, integrity and detection 

rate. The classical encryption and access control schemes 

offer a moderate level of security and reduce threat detecting 

capability. Machine learning IDS offers better detection but 

compromises the confidentiality and integrity performance a 

little. The hybrid and blockchain-based models improve the 

general security indicators. Nevertheless, the suggested 

framework yields the best performance of 96 percent 

confidentiality, 94 percent integrity and 93 percent detection 

rate, which shows enhanced protection and a better threat 

detection in distributed large data settings. 

 

Fig 3: Illustration of compared C, I and ADR. 

Table III: Evaluation of False Positive and Throughput of existing approach 
with proposed approach 

Approach False Positive  Throughput  

Encryption-Based Model [22] 12 420 

Access Control Model [21] 10 390 

Machine Learning IDS [20] 15 360 

Hybrid Security Model [19] 9 410 

Blockchain-Based Security [18] 8 350 

Proposed Framework 5 460 

 

 

Fig 4: Illustration of compared Throughput. 

 

Fig 5: Illustration of compared False Positive. 

The Table III, Fig 4 and Fig 5 is a comparison of security 

strategies in terms of false positive rate and system 

throughput. The traditional methods indicate greater false 

positives and average throughput. Hybrid and blockchain 

models are more accurate with reduced processing efficiency. 

The proposed framework has the lowest false positive (5%), 

and highest throughput (460 MB/s) which means that it 

detects well and processes data faster. 

The findings affirm that the framework provides excellent 

security, accuracy and efficiency. It is a good balance 

between protection and performance, which is why it is 

applicable and applicable to large-scale distributed big data 

environments in the dynamic environment of cybersecurity. 

V. CONCLUSION 

The growing use of distributed computing environments to 

handle big data has also posed a great challenge in terms of 

securing data management. The research was aimed at 

overcoming these challenges by highlighting the significance 

of effective security measures that are able to secure large-

scaled data over distributed networks. The security 

requirements analysis reveals that it is necessary to have 

effective measures to ensure the integrity, confidentiality, and 

the availability of data and efficient system performance. The 

analysis findings indicate that the suggested framework can 

enhance the safety and functionality of distributed 

environments in a considerable way. The performance 

measures reveal that the system had a confidentiality rate of 

96, accuracy of integrity of 94 and anomaly detection rate of 

93, which implies that it is well guarded against unauthorized 

access and cyber threats. Moreover, the framework decreased 

the false positive rate to 5 percent that enhances reliability in 

detecting threats. The maximum system throughput was 460 

MB/s indicating that high security can be achieved without 

affecting the data processing performance. These results 

support the fact that the framework offers a balanced and 

scalable solution to securing infrastructures of big data in 

distributed network settings. Future studies may consider 



incorporating predictive security models built upon artificial 

intelligence, and blockchain-based data verification methods 

to further promote trust, automation, and resilience of large-

scale distributed big data security models. 

REFERENCE 

[1] M. A. Ferrag, L. Maglaras, A. Ahmim, and H. Janicke, “Deep 
Learning for Cyber Security Intrusion Detection: Approaches, 
Datasets, and Comparative Study,” Journal of Information Security 
and Applications, vol. 50, pp. 102419, 2020. 

[2] S. Nakamoto, “Blockchain-Based Distributed Ledger Technology for 
Secure Data Management,” IEEE Communications Magazine, vol. 
58, no. 9, pp. 46–51, 2020. 

[3] K. Ren, C. Wang, and Q. Wang, “Security Challenges for the Public 
Cloud,” IEEE Internet Computing, vol. 16, no. 1, pp. 69–73, 2020. 

[4] J. Sun, X. Yao, S. Wang, and Y. Wu, “Blockchain-Based Secure 
Storage and Access Scheme for Electronic Medical Records,” IEEE 
Access, vol. 7, pp. 45789–45799, 2019. 

[5] B. B. Gupta, N. Kumar, and R. Tiwari, “Machine Learning-Based 
Intrusion Detection Systems for Cyber Security: A Review,” Journal 
of Network and Computer Applications, vol. 180, pp. 102975, 2021. 

[6] M. Chandran, “A Stochastic Optimization Framework for Evaluating 
Component Versus Finished-Goods Import Strategies Under Tariff 
Uncertainty”, Eng. Technol. Appl. Sci. Res., vol. 16, no. 3, pp. 35562–
35569, Jun. 2026. 

[7] Vandana Roy et. Al., “An effective Identification of Flavor Complaint 
by adaptive analysis of Electroencephalogram (EEG) Signal” IEEE 
conference on Innovation in High-speed communication and Signal 
Processing, 4-5 March 2023. 

[8] S. Yu, C. Wang, K. Ren, and W. Lou, “Achieving Secure, Scalable, 
and Fine-Grained Data Access Control in Cloud Computing,” IEEE 
Transactions on Parallel and Distributed Systems, vol. 30, no. 1, pp. 
16–27, 2019. 

[9] Y. Liu, Y. Zhang, and X. Chen, “Secure Data Sharing and Storage 
Scheme Based on Blockchain and Attribute-Based Encryption,” IEEE 
Access, vol. 8, pp. 169759–169768, 2020. 

[10] A. Shrestha and A. Mahmood, “Review of Deep Learning Algorithms 
and Architectures,” IEEE Access, vol. 7, pp. 53040–53065, 2019. 

[11] P. Shukla, V. Roy, A. Chandanan, V. Sarathe, P. Mishra, (2023). A 
Wavelet Features and Machine Learning Founded Error Analysis of 
Sound and Trembling Signal. SN Computer Science. 4. 
10.1007/s42979-023-02189-y. 

[12] M. H. Miraz and M. Ali, “Applications of Blockchain Technology 
Beyond Cryptocurrency,” Annals of Emerging Technologies in 
Computing, vol. 4, no. 1, pp. 1–12, 2020. 

[13] K. Fan, Y. Ren, Y. Wang, H. Li, and Y. Yang, “Blockchain-Based 
Efficient Privacy Preserving and Data Sharing Scheme for IoT,” IEEE 
Internet of Things Journal, vol. 6, no. 3, pp. 4391–4401, 2019. 

[14] M. Conti, A. Dehghantanha, K. Franke, and S. Watson, “Internet of 
Things Security and Forensics: Challenges and Opportunities,” Future 
Generation Computer Systems, vol. 78, pp. 544–546, 2019. 

[15] S. N. Pillai, “AI-Driven Sustainability by Design: Integrating Iot 
Sensors and Automated Regulatory Reporting Within SAP EHS 
Systems”, JICRCR, pp. 135–146, Apr. 2026. 

[16] R. Siyal, A. Abdullah, M. A. Azad, and A. Castiglione, “Secure Big 
Data Sharing with Hybrid Encryption and Deep Learning-Based 
Attack Detection,” Journal of Big Data, vol. 12, no. 1, pp. 1–20, 2025. 

[17] Y. Filaly, M. B. Yagoubi, and A. El Oualkadi, “A Comprehensive 
Survey on Big Data Privacy and Hadoop Security Mechanisms,” 
Journal of Information Security and Applications, vol. 78, 2025. 

[18] S. S. Gupta, T. K. Pandey, V. P. Raju, R. Shrivastava, R. Pandey, A. 
Nigam, V. Roy, “Diabetes Estimation Through Data Mining Using 
Optimization, Clustering, and Secure Cloud Storage Strategies”, SN 
Computer Science, (2024) 5(781), https://doi.org/10.1007/s42979-
024-03158-9. 

[19] C. L. Stergiou, K. E. Psannis, and B. B. Gupta, “Secure Management 
of IoT-Based Big Data in Fog and Cloud Computing Environments,” 
IEEE Internet of Things Journal, vol. 8, no. 5, pp. 3583–3594, 2023. 

[20] Sapna Nishant Pillai, “From Compliance Burden to Competitive 
Advantage: Leveraging RPA and AI for Streamlined Compliance 
Documentation and Audits”, Int J Intell Syst Appl Eng, vol. 14, no. 1s, 
pp. 552–569, Feb. 2026. 

[21] Vandana Roy et. Al., “An effective Identification of Flavor Complaint 
by adaptive analysis of Electroencephalogram (EEG) Signal” IEEE 

conference on Innovation in High-speed communication and Signal 
Processing, 4-5 March 2023. 

[22] R. Siyal, A. Abdullah, M. A. Azad, and A. Castiglione, “Secure Big 
Data Sharing with Hybrid Encryption and Deep Learning-Based 
Attack Detection,” Journal of Big Data, vol. 12, no. 1, pp. 1–20, 2025. 


