Computer Fraud and Security
ISSN (online): 1873-7056

Al-Powered Ul Personalization for Customer Self-Service in Hybrid
Cloud Environments

Ranjith Kumar Peddi
Principal Software Engineer
peddi.ranjithk@gmail.com
ORCID ID: 0009-0003-4223-8578
Siva Hemanth Kolla
Gen Al Research Scientist
siva.kolla.hemanth@gmail.com

ORCID ID: 0009-0009-2644-5298

Abstract

User interface personalization and user experience enrichment have been explored separately in different
contexts and domains, but in customer self-service interactions deployment in hybrid cloud environments
there is no evidence of such merging for enhancing customer experience. Therefore, the main contribution
of this article is the evidence-based design and development of an Al-powered user-interface-personalization
component predominantly for customer self-service interactions in hybrid cloud environments. A process-
oriented ontology of user-interface personalization is defined and the specific formulation of a user-interface-
personalization function expresses how and why Al services and systems relevant for customer self-service
interactions are personalized.

Actionable items for business process management and development, customer experience management, and
marketing communication are derived from the interplay of personalization functions as a two-way customer-
interface-network relationship that support user-interface personalization towards specific business
objectivesevolving across three stageshealth optimisation, process enabler, and process enhancer. These
stages define four user-interface-personalization taxonomies with customer self-service context—chatbots,
virtual assistants, machine-learning customer serviceanswers components—and the related four generated
business-objective classifications concentration, engagement, knowledge-generation, and innovation-
enhancement enrichmentextendable to hybrid-cloud-contextualised user experience design and interaction
design for any specific user-interface personalization function.

Keywords :Al-powered UI personalization,Customer self-service automation,Hybrid cloud user
experience,Adaptive interface design,Intelligent customer portals,Context-aware personalization,Cloud-
native self-service platforms,Machine learning UX optimization,Personalized digital support
systems,Enterprise hybrid cloud UX AL

1. Introduction

Hybrid cloud environments are rapidly gaining traction for their ability to deploy and run customer-facing services in a
cost-effective manner. Such services are typically web applications that provide self-service capabilities for customers
without the need for additional infrastructure, server, and application overhead when there are no requests. For such
systems, the reduced utilization often leads to poor user experience: users receive responses from the application with
delays. Furthermore, as the number of customers grows, a customer's requests become more frequent, often consisting of
similar queries; consequently, the answers provided by the application are also often similar and can thus be offered in a
more efficient manner. Al-powered personalization automates this process by predicting which responses are needed before
the actual requests come in.

Innovative technologies, data-oriented business models, and customer experience are key factors in the global competition
among service providers. Use of Al relies on many sources of information, including CRM and SCMS databases, browsing
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history, and more. However, these databases do not contain the required information on previous user experience with the
UL Data for training Al personalization systems is generally extracted from various sources and combined for use in data-
driven machine-learning algorithms; the stitching together of data from different, disparate sources is called data
integration. However, the models must also have sufficient accuracy; if they do not, users will not engage with the service.
Therefore, data quality is critical and has a recursive effect on data integration. Personalization systems that do have these
records provide a much richer and data-driven approach, enabling continual automated adaptation.

Component Function Technologies Used Business Benefit

Maintains customer behavior

ML, NLP, Knowledge Graphs |[Personalized experience
and preferences

User Profile Engine

. . Predicts suitable services and . . . .
Recommendation Engine responses Al Models, Predictive Analytics ||Faster issue resolution

Combines multi-source cloud

Data Integration Layer data ETL, APIs, Data Lakes Unified customer insights
(0] i i tegori . . . >

Taxonomy Manager rgam.zes SEIVICe calegories Ontologies, Semantic Al Intelligent navigation
dynamically
Detect tional t f

Sentiment Analyzer useeresc s emotionatione o NLP, Deep Learning Improved engagement

. Balances workloads across o .
Hybrid Cloud Orchestrator Kubernetes, Cloud APIs Scalability and efficiency

clouds

Table 1. Core Components of AI-Powered UI Personalization
1.1. Research design

This work demonstrates a multi-method, development-oriented research approach that designs, builds, and prototypes a
complex environment. The prototype enables Al-driven user interface personalization to facilitate new customer self-
service capabilities in hybrid cloud environments that integrate services and deployments from multiple public and private
providers.
Customer Satisfaction vs Al Personalization
100 4
90 4
80
70 4

60

Satisfaction Score

Lolw Med’ium Hilgh Adve‘nced
Customer Satisfaction vs Personalization Level
2. Background and Fundamentals

A hybrid cloud architecture connects any combination of memory, processing, and storage in local data centers with cloud
resources in a manner sufficient to achieve transparency, elasticity, load balancing, workload rebalancing, etc., while
maintaining privacy of sensitive customer data.
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A hybrid cloud deployment model combines one or more hybrid cloud components in a manner sufficient to achieve
transparency, elasticity, load balancing, workload rebalancing, etc., while maintaining privacy of sensitive customer data.
Examples include services that use a private cloud to process private data and distribute results via the public cloud
(protected by a Service Level Agreement (SLA)), and services that delegate performance-sensitive data processing to a
local data center with overflow executed in the public cloud. Hybrid federations enable exchange of data while preserving
privacy and/or meeting performance constraints. Secure and Elastic Public-Private Cloud Broadcasting (SEPBCB) enables
Private-Key-Preferred, security-enforcing public-private key cloud broadcasting for hybrid cloud deployment in e-
businesses. Hybrid cloud burst capabilities enable efficient resource management across private and public cloud sources.

Response Time Reduction in Hybrid Cloud
1000 4

200 4
700 4
600 o

500

Response Time (ms)

300

200 4

100 o

T T T T
Traditional Basic Al Adaptive Al Predictive Al

Hybrid Cloud Response Time Optimization
Usar Iteracian o Evern Data Captire: T T— » Al Persansiization Enging e

T W O » e Ty Y e Aadapne sl Servce
Vi Cloud Seev i s o [ ciotion Lo e i =

Al-Powered Ul Personalization Flow

2.1. Hybrid Cloud Architectures

Although the combination of public and private cloud services in a hybrid architecture paradigm offers considerable
flexibility, cloud providers still struggle to deliver services that fully exploit this potential. Providers can use hybrid clouds
to guarantee key performance indicators, optimize the use of network resources or avoid sending sensitive data onto an
untrusted infrastructure. However, when a set of user requests requires services in the public cloud, personalization of the
user interface, which is usually based on the services perceived as closer, is lost. Al-powered user interface personalization
enables customers not only to find information more easily but also to better interact with the system through the provision
of specific services and information according to their needs. This enhanced capability for personalization in hybrid cloud
environments exploits the contextual, temporal and logical relationship of the data available.

Data Source Data Type Purpose in Personalization Example
CRM Systems Structured Customer history analysis Purchase records
Browsing Logs Semi-structured Behavioral prediction Search activity
Chatbot Conversations || Unstructured Intent recognition Customer queries
Social Media Feeds Unstructured Sentiment extraction Comments and reactions
IoT/Device Events Streaming Context-aware adaptation Device usage patterns
Support Tickets Structured Recommendation learning Incident history

Table 2. Hybrid Cloud Personalization Data Sources
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3. Data, Governance, and Ethics

Data sources have a strong influence on the adaptation of a dynamic UI and play an important role in the quality of a
personalized service for a customer. The customer data that is required and helpful for the personalization process are

stored in a central repository called the data hub. This hub is essential because it is a common repository for language
models, text analysis models, approaches to natural language processing (NLP), text and video information about services,
image libraries, and so on. The personality of the user is stored in a centralized persona management module. This module
includes demographic data from the customer site. The gathered information is not only used for initial analysis but is also
updated permanently to reflect the knowledge about the customer. For example, maintaining the history of purchased
services is a crucial requirement when GDPR compliance is an issue. Data about how a person interacts with the self-
service application can be collected and analyzed to continuously improve the service that is delivered and the dialogue

that is offered.

Personalization Data Sources

Data Source Contribution to Personalization

User Profile Data
M Interaction History

Behavior Analytics
B CRM & Service Logs
I sentiment Analysis

Customer Opens
Self-Service Portal

l

User Interaction Data
Captured

l

‘ User Profile Updated

l

‘ Al Personalization Engine ‘

l

Context and Preference
Analysis

l

Personalized Ul Display

l

Improved Customer
Experience

Al-Powered Ul Personalization Process
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3.1. Data Sources for Personalization

Structuring an Al-Powered User Interface Personalization Mechanism requires various data sources. The most significant
source of personalization data is the User Profile, which is stored and maintained in a dedicated Knowledge Base
information system. Sections 3.1.1 to 3.1.6 summarise the structure and data stored in the User Profile, and highlight the
impact of the User Profile in the decision-making processes of the Al personalization mechanism. Other data sources
required by the User Profile, and populated by the User, are also discussed. The Event Data source stores real-time event
data generated during user interaction with the Information and Communication Technology self-service interface.

The User Profile (UP) is structured as a hybrid cloud Knowledge Base information system. It contains information related
to the Human Actor and the User’s interaction with the ICT Help-Desk and Telecommunications Network services. It
undergoes an update after each event generated by the A-user interaction with the system, with the exception of the
characteristics that can only be modified by the User. The information structure includes the User’s most representative
social network (e.g. Facebook, Instagram, LinkedIn, and others); the demographic characteristics of the User; list of
messages labelled by the system; User sentiment profile; last interaction with the self-service platform; preferred language;
preferences of interaction of the U-user; spelling and grammatical errors associated with the User; attention level (e.g.
Under- attention, Over-attention, Normal attention); level of emotional involvement (e.g. High, Medium, Low); level of
cognitive involvement (e.g. High, Medium, Low); level of action involvement (e.g. High, Medium, Low); Interest groups;
and Thematic index of images and videos posted.

Cuntermer Bequent = self sovice el = P G arering M Pl et serters ez Reene

s s [ D e e DM QRO s A e L

Hybrid Cloud Customer Self-Service Flow

Taxonomy Category Description Personalization Outcome
Chatbots Automated conversational support |[Faster customer interaction
Virtual Assistants Context-aware assistance Intelligent guidance
ML-Based Recommendation Systems ||Predictive suggestions Increased engagement
Adaptive UI Components Dynamic interface rendering Improved usability
Knowledge-Based Systems FAQ and ontology-driven support ||Accurate information retrieval

Table 3. Personalization Taxonomy Categories
4. Methodologies and Technologies

A major challenge when implementing Ul personalization in hybrid cloud IaaS and PaaS environments is integrating data
from various systems into a common structure that is suitable for the personalization algorithms. An additional hurdle is
guaranteeing data quality, given that poor data provenance can severely compromise the performance of any data-driven
process, whether predictive or prescriptive. Structured data sources typically offer a higher level of data quality compared
with unstructured ones. Nevertheless, unstructured data are increasingly playing an important role in feeding
personalization algorithms (e.g., a user’s previous search queries in Google). Some methods can help evaluate and improve
the quality of data stored in a data lake. These methods can detect and remove duplicate data and spam. Moreover,
parameterized analyses can identify and exclude users performing irrelevant searches that may not envisage suitable actions
displayed in the mobile app.

Mathematical Formulas:
1. User Personalization Function

The personalization score for a user interface can be modeled as:

n
Pu = E W; X
i=1
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Where:
e P, = personalization score for user u
e w;= weight of contextual feature

e  x;= user interaction parameter

2. Recommendation Accuracy Model

Used for Al-based service recommendation efficiency.

TP+TN
A

“TP+TN + FP+FN
Where:

e TP=true positives
e TN=true negatives
e  FP=false positives
o FN= false negatives
3. User Engagement Index

Measures customer interaction quality.

_CHTHI

Where:
e (= click activity
e T=session time
e [=interaction frequency
4. Hybrid Cloud Response Time
Represents total response latency in hybrid environments.
Ry =L, + P+ D,
Where:
e L,=network latency
e  P,=processing time
e D= data transfer delay
5. Al Prediction Probability

Used in machine-learning personalization.
wex
Py lx)= PP
Where:
e  x= feature vector

e  w=learned model weights
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6. Sentiment Analysis Score
Represents customer sentiment derived from interactions.
Npos - Nneg

Ntotal

Where:
e Npos= positive responses
e Ny.4= negative responses
®  Niotai= total responses
7. Cloud Resource Utilization
Evaluates resource efficiency in hybrid cloud deployment.

used

U R 100
=—X
Rtotal

Where:

o R, c0q= utilized resources

®  R,iai= available resources
8. Context-Aware Recommendation Score
Represents adaptive service recommendation.

CR=aP +fpC+vH

Where:

e  P=personalization factor

e (= contextual relevance

e  H=historical behavior

e q,[,y= weighting coefficients
9. Data Quality Metric

Used for evaluating integrated personalization datasets.

DQ = A+ C3m + C;
Where:

e A =accuracy

e (,,=completeness

e (= consistency
10. Dynamic Ul Adaptation Function
Represents adaptive interface updates over time.

Ul, =Ul,_, + AU

Where:

e Ul,=updated interface state

Vol: 2023 | Iss: 12 | 2023

209



Computer Fraud and Security
ISSN (online): 1873-7056

e AU= adaptive modification value
4.1. Data Integration and Quality

Hybrid cloud architectures combine multiple complementary systems, optimizing the balance of flexibility, performance,
security, and cost. A customer self-service system supports personalized automatic services for external and internal
customers. Data sources identified for customer ontology personalization include full-text descriptive online
documentation, customer support repositories, service requests, and business process databases.

Al Technique Role in System Expected Output
Machine Learning Pattern recognition Service recommendations
Deep Learning Complex behavior analysis ||Personalized workflows
Natural Language Processing ||Query understanding Conversational responses
Sentiment Analysis Emotion detection Adaptive interaction
Recommendation Algorithms ||Predictive assistance Personalized suggestions
Reinforcement Learning Interaction optimization Continuous improvement

Table 4. AI Techniques Used in Customer Self-Service
5. System Architecture and Deployment

Personalization is sometimes regarded as a separate layer of an IT architecture, capable of stretching across clouds and/or
different technologies. However, the integration of the system components, particularly those that support the horizontal
services of personalization and recommendation, with the core customer service consequently resides in the customer
service layer, the APIs, and sometimes even the actual presentation authority distribution and construction strategies.

Two key deployment models are established within the architecture: the hybrid cloud model holds the core customer service
system, while the personalization and supporting services run in a public cloud. The usability of different data governance
approaches that are defined at the ontology level is supported and extended with specific business rules. The resultant
applications cover both standard request-response transactions of a customer service and different states of service
interaction with (potential) customers where personal experience and service recommendation play an important part.
Al Accuracy Improvement with Data Quality
100 4
90 4
80
70 4

€0 4

Prediction Accuracy %
g

Polnr Avelrage Golna High Llluallly
Al Model Accuracy vs Data Quality
5.1. Hybrid Cloud Deployment Models

The heterogeneous, multi-layered interconnected architecture of hybrid clouds allows the distribution of services to
multiple customer enterprises and institutions, exploiting the diversity of cloud systems provided by public cloud providers
and communities, as well as locally through private cloud infrastructures. Configuration and workload management are
essential functions of hybrid-cloud computing since services and interconnections can vary over time, requiring continuous
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changes for optimization. Currently, the most used hybrid-cloud deployment model is the integration of private and public
infrastructures.

Governance Area Objective Technologies/Policies
GDPR Compliance Protect user privacy Consent management
Data Encryption Secure cloud communication  ||AES, TLS

Access Control Restrict unauthorized access 1AM, RBAC

Data Auditing Track personalization activities ||Logging frameworks
Data Minimization Reduce unnecessary storage Governance rules
Consent Lifecycle Management |[Handle user permissions Consent APIs

Table 5. Data Governance and Security Framework
6. User Experience and Interaction Design

Personalization is realized through the configuration of taxonomies and ontologies that underpin user profile updates for
the Al-powered User Interface. The taxonomies serve as a repository of expected user needs that can be satisfied
automatically as the user interacts with the self-service tools and knowledge bases. The personalization modules for the
Al-Powered User Interface dynamically derive relevant items from the external sources as required, updating them into the
taxonomy registers. The current Al-Powered User Interface trial is implicitly observing user events—such as tagging items
as useful or not useful—to produce a personalized hierarchy of services, tools, or knowledges, which are then made
available through the service request box within the user-specific box. For customers with a single service management
tool, the hierarchy is shown as a pull-down menu.

To expand personalization, the elements of a second-level taxonomy—the expectations of customers, groups, or roles—
are used. Due to the nature of support and self-service in the telecommunications sector, the user interactions as service
support fulfil the expected customer groups of an external audience. Thus, a taxonomy of profile updates enables expected
incidents for different levels of support to be made accessible to the Al-Powered User Interface through a client profile
feed. These expected incidents are then written into a second-level taxonomy and offered as a tagged property of the
customer support agent. As customers interact with the AI-Powered User Interface and mark these incidents as useful or
not useful, the system continuously updates its taxonomy and provides a ready solution or guidance for developers as a
customer intern administration service in service management tools.
User Engagement Growth

1004

50

80

70 4

60

Engagement Index

T T T
Health Optimization Process Enabler Process Enhancer

User Engagement Across Personalization Stages
Easawar Data Sourees e b * Dam Coasification * privacy L GOPR Checis - Appiones Pzt

Usrbveits  —————+  par

[ Comewvalidation [ Analysics Somaln  ———  Aersonalized U Decrsion

Data Governance and Personalization Flow
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7. Conclusion

In commercial organizations as well as larger public institutions, self-service and support services are delivered through
customer relationship management systems that are more or less tailored toward the customers. In hybrid cloud
environments, these systems can easily be deployed close to customers and users in edge regions. A growing investment
in edge cloud computing along with Al infrastructure as a service services opens the opportunity for both private and public
organizations to utilize advanced artificial intelligence capabilities in hybrid cloud environments.

While most of these cloud resources offer instrumentation functionalities that can be beneficial for companies in respect of
an improved data-sequencing and event-trackin architecture, these functionalities can also be exploited by data-creator
companies that offer support services for consumer-product providers. Functionality created through marketplace
abpplications enables those organizations to create perspective-enriched interaction services. In combination with
instrumentation supports, monetized Al components can enforce the direct support interfaces between consumers and wider
product-support organizations. These opportunities change the self-service segments as well as the two-sided revenue
systems of consumer-product-support interfaces into virtual marketplaces for direct user interactions.

Workload Distribution in Hybrid Cloud

Private Cloud
[ Public Cloud
Edge Services

Hybrid Cloud Workload Distribution

User Profile - ter - p o hing = adaptive Service Meru

Ontology-Based Personalization Flow
References

1. Yandamuri, U. S. (2023). An Intelligent Analytics Framework Combining Big Data and Machine Learning for
Business Forecasting. International Journal Of Finance, 36(6), 682-706.

2. Garapati, R. S. (2023). Optimizing Energy Consumption in Smart Build-ings Through Web-Integrated Al and Cloud-
Driven Control Systems.

3. Nagabhyru, K. C. (2023). Accelerating Digital Transformation with Al Driven Data Engineering: Industry Case
Studies from Cloud and IoT Domains. Educational Administration: Theory and Practice, 29(4), 5898-5910.

4. Inala, R. (2023). Revolutionizing Customer Master Data in Insurance Technology Platforms: An Al and MDM
Architecture Perspective. International Journal of Finance (IJFIN)-ABDC Journal Quality List, 36(6), 579-606.

5. Pamisetty, A. (2023). Integration Of Artificial Intelligence And Machine Learning In National Food Service
Distribution Networks. Educational Administration: Theory and Practice, 29 (4), 4979-4994.

6. Recharla, M. (2023). Next-Generation Medicines for Neurological and Neurodegenerative Disorders: From
Discovery to Commercialization. Journal of Survey in Fisheries Sciences. https://doi. org/10.53555/sfs. v10i3, 3564.

7. Nandan, B. P. (2021). Enhancing Chip Performance Through Predictive Analytics and Automated Design
Verification. Journal of International Crisis and Risk Communication Research, 265-285.

212
Vol: 2023 | Iss: 12 | 2023



Computer Fraud and Security
ISSN (online): 1873-7056

8. Kolla, S. K. (2023). Big Data—Driven Machine Learning Frameworks for Clinical Risk Prediction. International
Journal of Medical Toxicology and Legal Medicine, 26(3), 44-59.

9. Bindu Madhavi Mangalampalli. Automated Invoice Validation Systems Using Advanced SQL Analytics in
Healthcare Insurance. Front Health Inform. 2022; 11. DOI: 10.30699/thi.v11i1.388

10. Loganathan, R. (2022). Converging Security Architecture and Compliance Management in Enterprise Data Center
Ecosystems: A Unified Control Framework. International Journal of Scientific Research and Modern Technology,
1(12), 295-312. https://doi.org/10.38124/ijsrmt.v1i12.1378

11. Pamisetty, V. (2023). Leveraging artificial intelligence for strategic decision-making in tax administration and policy
design. Available at SSRN 5276644.

12. Pandiri, L., & Chitta, S. (2023). Al-Driven Parametric Insurance Models: The Future of Automated Payouts for
Natural Disaster and Climate Risk Management. Journal for ReAttach Therapy and Developmental Diversities, 6,
1856-1868.

13. Kalisetty, S., & Singireddy, J. (2023). Agentic Al in retail: A paradigm shift in autonomous customer interaction and
supply chain automation. American Advanced Journal for Emerging Disciplinaries (AAJED) ISSN, 3067-4190.

14. Malempati, M., Pandiri, L., Paleti, S., & Singireddy, J. (2023). Transforming financial and insurance ecosystems
through intelligent automation, secure digital infrastructure, and advanced risk management strategies. Jeevani,
Transforming Financial And Insurance Ecosystems Through Intelligent Automation, Secure Digital Infrastructure,
And Advanced Risk Management Strategies (December 03, 2023).

15. Singireddy, S. (2023). Integrating Deep Learning and Machine Learning Algorithms in Insurance Claims Processing:
A Study on Enhancing Accuracy, Speed, and Fraud Detection for Policyholders. Educ. Adm. Theory Pract. https://doi.
org/10.53555/kuey. v29i4, 9668.

16. Kummari, D. N. (2023). Energy Consumption Optimization in Smart Factories Using Al-Based Analytics: Evidence
from Automotive Plants. Journal for Reattach Therapy and Development Diversities. https://doi. org/10.53555/jrtdd.
v6il0s (2), 3572.

17.Kolla, S. K. (2023). Explainable Al and ML Models for Transparent Clinical Decision Support. Journal for ReAttach
Therapy and Developmental Diversities, 6, 2444-2460.

18. Davuluri, P. N. Al-Augmented Sanctions Screening: Enhancing Accuracy and Latency in Real Time Compliance
Systems.

19.Bandi, V. D. V. K. Al-Based Anomaly Detection Frameworks in Distributed Enterprise Data Systems.

20. Pamisetty, A. (2023). Optimizing National Food Service Supply Chains through Big Data Engineering and Cloud-
Native Infrastructure.

21.Nandan, B. P., & Chitta, S. S. (2023). Machine Learning Driven Metrology and Defect Detection in Extreme
Ultraviolet (EUV) Lithography: A Paradigm Shift in Semiconductor Manufacturing. Educational Administration:
Theory and Practice, 29(4), 4555-4568.

22.Inala, R. Al-Powered Investment Decision Support Systems: Building Smart Data Products with Embedded
Governance Controls.

23. Aitha, A. R. (2023). CloudBased Microservices Architecture for Seamless Insurance Policy Administration.
International Journal of Finance (IJFIN)-ABDC Journal Quality List, 36(6), 607-632.

24. Gottimukkala, V. R. R. (2023). Privacy-Preserving Machine Learning Models for Transaction Monitoring in Global
Banking Networks. International Journal of Finance (IJFIN)-ABDC Journal Quality List, 36(6), 633-652.

25. Amistapuram, K. (2023). Privacy-Preserving Machine Learning Models for Sensitive Customer Data in Insurance
Systems. Educational Administration: Theory and Practice, 29 (4), 5950—5958.

213
Vol: 2023 | Iss: 12 | 2023



Computer Fraud and Security
ISSN (online): 1873-7056

26.Kolla, S. H. (2023). Deep Learning—Driven Retrieval-Augmented Generation for Enterprise ITSM Automation: A
Governance-Aligned Large Language Model Architecture. Journal of Computational Analysis and Applications,
31(4).

27. Ranjith Kumar Peddi (2021). Optimizing Case Management Workflows in Global Data Center Colocation Services.
Universal Journal of Computer Sciences and Communications, 1(1), 1-21. https://doi.org/10.31586/ujscs.2021.1380

28. Singireddy, S. (2023). Reinforcement Learning Approaches for Pricing Condo Insurance Policies. American Journal
of Analytics and Artificial Intelligence (ajaai) with ISSN.

29. Pamisetty, V., Dodda, A., Lakarasu, P., Singireddy, J., & Challa, K. (2022). Optimizing Digital Finance and
Regulatory Systems Through Intelligent Automation, Secure Data Architectures, and Advanced Analytical
Technologies. Secure Data Architectures, and Advanced Analytical Technologies (December 10, 2022).

30. Pandiri, L. Leveraging Al and Machine Learning for Dynamic Risk Assessment in Auto and Property Insurance
Markets. International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control
Engineering (IJIREEICE), DOI, 10.

31.Recharla, M., Nuka, S. T., Chakilam, C., Chava, K., & Suura, S. R. (2023). Next-generation technologies for early
disease detection and treatment: harnessing intelligent systems and genetic innovations for improved patient
outcomes. Journal for ReAttach Therapy and Developmental Diversities, 6, 1921-1937.

32.Nandan, B. P. Data Analytics-Driven Approaches to Yield Prediction in Semiconductor Manufacturing. International
Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering (IJIREEICE),
DO, 10.

33.Kolla, S. H. (2022). Knowledge Retrieval Systems for Enterprise Service Environments. International Journal of
Intelligent Systems and Applications in Engineering, 10, 495-506.

34. Yandamuri, U. S. (2022). Cloud-Based Data Integration Architectures for Scalable Enterprise Analytics. International
Journal of Intelligent Systems and Applications in Engineering, 10, 472-483.

35. Kummari, D. N. (2023). Al-powered demand forecasting for automotive components: A multi-supplier data fusion
approach. European Advanced Journal for Emerging Technologies (EAJET)-p-ISSN, 3050-9734.

36. Meda, R. (2023). Data Engineering Architectures for Scalable Al in Paint Manufacturing Operations. European data
science journal.

37. Pamisetty, V. (2023). Transforming Community Engagement with Generative Al: Harnessing Machine Learning and
Neural Networks for Hunger Alleviation and Global Food Security. Journal for Re Attach Therapy and
Developmental Diversities.

38. Pandiri, L., & Singireddy, S. (2023). Al and ML Applications in Dynamic Pricing for Auto and Property Insurance
Markets. Journal for ReAttach Therapy and Developmental Diversities, 6, 2206-2223.

39. Aitha, A. R. (2021). Optimizing Data Warehousing for Large Scale Policy Management Using Advanced ETL
Frameworks.

40.Inala, R. (2023). Big Data Architectures for Modernizing Customer Master Systems in Group Insurance and
Retirement Planning. Educational Administration: Theory and Practice, 29(4), 5493-5505.

41. Gottimukkala, V. R. R. (2021). Digital Signal Processing Challenges in Financial Messaging Systems: Case Studies
in High-Volume SWIFT Flows.

42. Segireddy, A. R. (2021). Containerization and Microservices in Payment Systems: A Study of Kubernetes and Docker
in Financial Applications. Universal Journal of Business and Management, 1(1), 1-17.

43.Nagubandi, A. R. (2023). Advanced Multi-Agent Al Systems for Autonomous Reconciliation Across Enterprise
Multi-Counterparty Derivatives, Collateral, and Accounting Platforms. International Journal of Finance (IJFIN)-
ABDC Journal Quality List, 36(6), 653-674.

214
Vol: 2023 | Iss: 12 | 2023



Computer Fraud and Security
ISSN (online): 1873-7056

44, Davuluri, P. N. (2019). Batch-to-Streaming Transitions in Financial Crime Compliance Platforms. International
Journal Of Engineering And Computer Science, 8(12).

45. Mangalampalli, B. M. (2023). Al-Driven Anomaly Detection in Healthcare Claims Data: A Business Intelligence
Perspective. Journal of Rare Cardiovascular Diseases.

46. Mangala, N. (2021). Optimizing Large-Scale ETL Pipelines Using Medallion Architecture on Azure Data Lake.
Journal of Artificial Intelligence and Big Data, 1(1), 1-20.

47.Raghunath Loganathan (2021). Integrated Risk and Compliance Frameworks for Global Data Center Operations: A
Governance-Centric Approach. Universal Journal of Computer Sciences and Communications, 1(1), 1-26.
https://doi.org/10.31586/ujscs.2021.1377

48.Kolla, T. (2023). Predictive ETL Failure Detection in Healthcare Data Pipelines Using Anomaly Detection
Algorithms. International Journal of Medical Toxicology & Legal Medicine.

49. Valiki, D., & Segireddy, A. R. (2023). Deep Learning Architectures Deployed on Cloud Platforms for Dynamic
Financial Risk Evaluation and Market Prediction. American International Journal of Computer Science and
Technology, 5(5), 12-24.

50. Meda, R. (2023). Developing Al-Powered Virtual Color Consultation Tools for Retail and Professional Customers.
Journal for ReAttach Therapy and Developmental Diversities. https://doi. org/10.53555/jrtdd. v6i10s (2), 3577.

51.Koppolu, H. K. R., Sheelam, G. K., & Komaragiri, V. B. (2023). Autonomous Telecommunication Networks: The
Convergence of Agentic Al and Al-Optimized Hardware. International Journal of Science and Research (IJSR),
12(12), 2253-2270.

52. Pamisetty, V. (2023). From Data Silos to Insight: IT Integration Strategies for Intelligent Tax Compliance and Fiscal
Efficiency. Available at SSRN 5276875.

53. Mangala, N. (2022). Implementing Databricks Unity Catalog For Centralized Data Governance In Multi-Business-
Unitenterprises. Journal of International Crisis and Risk Communication Research, 101-122.

54. Pandiri, L., & Singireddy, S. (2023). Al and ML Applications in Dynamic Pricing for Auto and Property Insurance
Markets. Journal for ReAttach Therapy and Developmental Diversities, 6, 2206-2223.

55.Meda, R. (2023). Intelligent Infrastructure for Real-Time Inventory and Logistics in Retail Supply Chains.
Educational Administration: Theory and Practice.

56. Davuluri, P. N. Integrating Artificial Intelligence into Event-Driven Financial Crime Compliance Platforms.

57. Yandamuri, U. S. (2022). Big Data Pipelines for Cross-Domain Decision Support: A Cloud-Centric Approach.
International Journal of Scientific Research and Modern Technology (IJSRMT).

58. Amistapuram, K. (2022). Fraud Detection and Risk Modeling in Insurance: Early Adoption of Machine Learning in
Claims Processing. Available at SSRN 5741982.

59. Segireddy, A. R. (2022). Terraform and Ansible in Building Resilient Cloud-Native Payment Architectures.
International Journal of Intelligent Systems and Applications in Engineering, 10, 444-455.

60. Gottimukkala, V. R. R. (2022). Licensing Innovation in the Financial Messaging Ecosystem: Business Models and
Global Compliance Impact. International Journal of Scientific Research and Modern Technology, 1(12), 177-186.

61. Nagabhyru, K. C. (2023). From Data Silos to Knowledge Graphs: Architecting CrossEnterprise Al Solutions for
Scalability and Trust. Available at SSRN 5697663.

62. Aitha, A. R. (2023). Cloud-Native Big Data AI/ML Framework for Risk Intelligence and Fraud Control in Banking
and Insurance Ecosystems. Available at SSRN 6157967.

63. Garapati, R. S. (2022). Web-Centric Cloud Framework for Real-Time Monitoring and Risk Prediction in Clinical
Trials Using Machine Learning. Current Research in Public Health, 2, 1346.

215
Vol: 2023 | Iss: 12 | 2023



Computer Fraud and Security
ISSN (online): 1873-7056

64.Reddy, V. A. R. (2023). API-First Design As A Strategy For Healthcare System Interoperability. South Eastern
European Journal of Public Health, 224-247. Retrieved from
https://www.seejph.com/index.php/seejph/article/view/7128

65. Nagabhyru, K. C. (2022). Bridging Traditional ETL Pipelines with Al Enhanced Data Workflows: Foundations of
Intelligent Automation in Data Engineering. Available at SSRN 5505199.

66. Sheelam, G. K. (2023). Adaptive Al workflows for edge-to-cloud processing in decentralized mobile infrastructure.
Journal for Reattach Therapy and Development Diversities. https://doi. org/10.53555/jrtdd. v6il10s (2). 3570ugh
Predictive Intelligence.

67. Mangalampalli, B. M. Intelligent Data Profiling for Healthcare Data Lakes Using Al-Enhanced Analytics.

68. Recharla, M., & Chitta, S. Al-Enhanced Neuroimaging and Deep Learning-Based Early Diagnosis of Multiple
Sclerosis and Alzheimer’s.

69.Bandi, V. D. V. K. Production-Grade Machine Learning Pipelines For Healthcare Predictive Analytics.

70. Pamisetty, A. (2023). Intelligent Infrastructure for Real-Time Inventory and Logistics in Retail Supply Chains.
Available at SSRN 5267332.

216
Vol: 2023 | Iss: 12 | 2023



