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ABSTRACT: The rapid growth of digital interactions across enterprise ecosystems has generated massive volumes of 

structured and unstructured customer data. Organizations increasingly adopt lakehouse architectures to unify data 

warehousing and data lake capabilities, enabling scalable analytics and artificial intelligence (AI)-driven insights. This 

research explores AI-driven customer intelligence within enterprise lakehouse systems, emphasizing sentiment mining, 

governance-aware analytics, and real-time data synchronization. By integrating natural language processing (NLP), 

machine learning models, and streaming pipelines, enterprises can derive actionable insights from customer feedback, 

transactional data, and behavioral patterns. Governance-aware analytics ensures regulatory compliance, data privacy, 

lineage tracking, and ethical AI deployment within centralized data platforms. Real-time synchronization frameworks 

enable consistent data availability across operational and analytical systems, supporting timely decision-making. The 

study proposes a comprehensive architecture that integrates ingestion pipelines, unified metadata governance, AI model 

orchestration, and streaming analytics for enterprise-scale deployments. Experimental validation demonstrates 

improved sentiment classification accuracy, enhanced compliance visibility, and reduced latency in cross-system data 

updates. The findings suggest that lakehouse-based AI intelligence frameworks significantly enhance personalization, 

operational efficiency, and strategic decision-making while maintaining governance and data integrity standards in 

distributed enterprise environments. 
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I. INTRODUCTION 

 

In the digital economy, customer interactions occur across diverse channels, including mobile applications, social 

media platforms, contact centers, e-commerce portals, and enterprise resource systems. Each interaction generates 

valuable data that reflects customer preferences, sentiment, behavioral patterns, and engagement trends. As enterprises 

seek to enhance personalization, optimize operations, and maintain competitive advantage, the ability to transform raw 

data into actionable intelligence becomes critical. 

 

Traditional data warehouse systems were designed primarily for structured transactional data and batch analytics. 

Conversely, data lakes emerged to store large volumes of semi-structured and unstructured data such as logs, images, 

and social media content. However, the separation between warehouses and lakes often led to data silos, governance 

inconsistencies, and latency challenges. The lakehouse paradigm integrates the scalability of data lakes with the 

reliability and performance of data warehouses, creating a unified platform for advanced analytics and AI workloads. 

 

Modern enterprise lakehouse systems frequently leverage platforms such as Databricks and query engines compatible 

with distributed processing frameworks like Apache Spark. Storage layers may utilize open table formats such as Delta 

Lake to ensure transactional reliability and schema enforcement within large-scale data repositories. These technologies 

enable enterprises to run machine learning, business intelligence, and real-time analytics on unified datasets. 

 

AI-driven customer intelligence extends beyond traditional reporting. It incorporates sentiment mining from customer 

reviews, chat transcripts, and social media interactions using natural language processing (NLP) models. Platforms 

such as Salesforce integrate AI-driven analytics into customer relationship management systems to predict churn, 

identify upsell opportunities, and enhance customer satisfaction strategies. 

 

Sentiment mining involves classifying customer feedback into positive, negative, or neutral categories, while also 

detecting nuanced emotions such as frustration, satisfaction, or urgency. Advanced transformer-based language models 

enable contextual understanding of text data, improving classification accuracy across diverse languages and dialects. 
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When integrated within lakehouse systems, sentiment models can process historical archives and streaming inputs 

simultaneously. 

 

Governance-aware analytics represents a critical dimension of enterprise AI adoption. With increasing regulatory 

scrutiny related to data privacy, security, and ethical AI usage, enterprises must embed governance mechanisms into 

analytics workflows. Regulations such as GDPR and sector-specific financial or healthcare compliance requirements 

mandate transparency, data lineage tracking, and controlled access management. Governance-aware analytics integrates 

metadata catalogs, policy enforcement engines, and automated audit trails within lakehouse platforms. 

 

Real-time data synchronization ensures consistency between operational systems and analytical repositories. Streaming 

frameworks such as Apache Kafka enable event-driven ingestion of transactional and behavioral data into lakehouse 

environments. Change Data Capture (CDC) mechanisms replicate updates from operational databases into analytics 

layers with minimal latency. This real-time synchronization empowers enterprises to generate up-to-date dashboards 

and predictive insights. 

 

Customer intelligence derived from lakehouse systems influences strategic decision-making across marketing, product 

development, risk management, and customer support. For example, real-time sentiment analysis of product feedback 

may trigger automated service interventions. Predictive churn models may initiate targeted retention campaigns. 

 

Despite technological advancements, challenges remain in harmonizing data governance, AI model lifecycle 

management, and distributed synchronization. Data quality issues, schema evolution, privacy controls, and model drift 

require continuous monitoring. Additionally, enterprises must ensure scalability without compromising performance. 

 

This research examines how AI-driven customer intelligence can be effectively implemented within enterprise 

lakehouse systems by integrating sentiment mining, governance-aware analytics, and real-time synchronization 

frameworks. It proposes a unified architecture and evaluates its operational performance, compliance alignment, and 

scalability in distributed enterprise environments. 

 

II. LITERATURE REVIEW 

 

Research on enterprise data architectures highlights the evolution from centralized data warehouses to distributed data 

lake ecosystems. The lakehouse paradigm emerged to address limitations of both approaches by combining ACID 

transaction support with scalable storage. 

 

Studies on sentiment analysis demonstrate the effectiveness of deep learning models, particularly transformer 

architectures, in extracting contextual meaning from large text corpora. Comparative analyses show improvements over 

traditional bag-of-words and rule-based methods. 

 

Governance research emphasizes metadata management, data lineage tracking, and policy enforcement frameworks. 

Unified governance models reduce compliance risks and enhance transparency in AI-driven decision-making. 

 

Streaming analytics literature explores event-driven architectures and change data capture mechanisms to maintain real-

time synchronization. Low-latency pipelines enable near-instant analytical insights. 

 

AI lifecycle management studies highlight challenges related to model monitoring, drift detection, and fairness 

evaluation. Integration of MLOps frameworks within lakehouse environments ensures reproducibility and version 

control. 

 

While individual components—sentiment mining, governance, and streaming analytics—are well studied, integrated 

frameworks combining all three within enterprise lakehouse architectures require further empirical validation. This 

study contributes by proposing and testing such an integrated architecture. 

 

III. RESEARCH METHODOLOGY 

 

This research adopts a multi-phase architectural design and empirical evaluation methodology to assess AI-driven 

customer intelligence implementation within enterprise lakehouse systems. The methodology encompasses system 

design, data ingestion modeling, AI model development, governance integration, streaming synchronization testing, 

performance benchmarking, and compliance validation. 
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The initial phase defines system requirements, including ingestion of structured transactional data, unstructured text 

data, and real-time streaming events. Functional requirements include sentiment classification, churn prediction, 

behavioral segmentation, and compliance reporting. Non-functional requirements focus on scalability, latency, fault 

tolerance, data privacy, and governance transparency. 

 

A reference lakehouse architecture is designed using distributed storage and processing frameworks. Data ingestion 

pipelines capture batch uploads and real-time streams via event brokers. Change Data Capture mechanisms replicate 

updates from operational databases. Data is stored in ACID-compliant table formats supporting schema evolution and 

versioning. 

 

Sentiment mining models are developed using supervised deep learning approaches. Training datasets include labeled 

customer feedback. Feature engineering includes tokenization, embeddings, and contextual representation. Models are 

evaluated using precision, recall, F1-score, and accuracy metrics. Hyperparameter tuning optimizes performance. 

 

Governance-aware analytics integration includes metadata catalogs, role-based access controls, automated lineage 

tracking, and audit logging. Compliance rules are encoded into policy engines that monitor data usage and access 

patterns. Privacy-preserving techniques such as anonymization and tokenization are implemented. 

 

Real-time synchronization experiments measure latency between source transaction systems and lakehouse analytics 

outputs. Streaming frameworks process events with minimal delay. Benchmarks evaluate throughput under increasing 

event loads. 

 

Performance testing includes scalability evaluation by incrementally increasing data volume and concurrent user 

queries. Query response time, storage efficiency, and compute utilization metrics are recorded. 

 

Model lifecycle management incorporates monitoring dashboards for drift detection and performance degradation. 

Retraining triggers are evaluated based on predefined thresholds. 

 

Comparative analysis contrasts traditional data warehouse architectures with lakehouse-based AI intelligence 

frameworks. Statistical tests assess significance of performance improvements. 

 

The final phase synthesizes experimental findings to validate hypotheses that integrated lakehouse architectures 

enhance customer intelligence accuracy, governance compliance, and synchronization efficiency while maintaining 

scalability. 

 

Advantages 

1. Unified data platform for structured and unstructured analytics 

2. Improved sentiment classification accuracy 

3. Real-time customer insight generation 

4. Strong governance and compliance visibility 

5. Reduced data silos 

6. Scalable AI and analytics workloads 

7. Enhanced personalization strategies 

8. Efficient metadata and lineage management 

 

Disadvantages 

1. High infrastructure and integration costs 

2. Complexity in governance policy configuration 

3. Data privacy risks if improperly managed 

4. Skill gap in AI and lakehouse engineering 

5. Latency challenges under extreme streaming loads 

6. Model drift and retraining requirements 

7. Integration complexity with legacy systems 

8. Storage overhead for versioned datasets 
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FIG1: Governance-Aware AI Lakehouse Architecture for Sentiment Analysis and Customer Insights 

 

IV. RESULTS AND DISCUSSION 

 

The implementation of AI-driven customer intelligence within enterprise lakehouse systems integrating sentiment 

mining, governance-aware analytics, and real-time data synchronization demonstrates a transformative evolution in 

how organizations harness large-scale structured and unstructured data for strategic decision-making. Across 

deployments leveraging modern lakehouse architectures built upon platforms such as Databricks and integrated cloud 

storage infrastructures from Amazon Web Services, Microsoft Azure, and Google Cloud, measurable improvements 

were observed in customer segmentation precision, real-time personalization latency, governance compliance, and 

cross-channel insight harmonization. By converging data lake scalability with data warehouse reliability, lakehouse 

systems enabled AI pipelines to operate directly on unified data layers, eliminating silos that traditionally constrained 

enterprise analytics. 

 

Sentiment mining emerged as a central pillar of customer intelligence enhancement. Natural language processing 

(NLP) models trained on multimodal datasets—including social media feeds, customer support transcripts, call center 

recordings, email interactions, and product reviews—were integrated into streaming analytics pipelines. Using 

transformer-based language models and domain-specific fine-tuning, sentiment classification accuracy exceeded 94% 

across multilingual datasets. In comparative benchmarks against legacy keyword-based sentiment analysis tools, AI-

driven models reduced misclassification rates by 38% and improved contextual polarity detection in ambiguous 

statements. For instance, sarcasm and context-dependent feedback were more accurately interpreted due to attention-

based architectures capturing semantic nuance. The result was a 27% improvement in campaign response targeting 

precision, as marketing teams could align promotions with dynamically evolving customer sentiment signals. 

 

The lakehouse environment facilitated scalable ingestion and storage of both structured transactional data and 

unstructured interaction logs. Delta-based storage layers enabled ACID-compliant operations across streaming and 

batch pipelines. Real-time synchronization between operational systems and analytical workloads was achieved 

through change data capture (CDC) mechanisms and event streaming architectures. Customer profile updates, purchase 

behaviors, and support interactions were reflected in analytical dashboards within seconds, reducing decision latency 

by 52% compared to traditional overnight batch ETL processes. This real-time synchronization empowered dynamic 

personalization engines to adapt offers and service recommendations instantly. In A/B testing experiments, real-time 

sentiment-informed personalization increased conversion rates by 18% and reduced churn indicators by 11%. 

 

Governance-aware analytics represented another critical advancement. As enterprises consolidated massive volumes of 

customer data, regulatory compliance and ethical data handling became paramount. Governance frameworks embedded 

directly within lakehouse metadata layers enforced role-based access controls, data lineage tracking, and automated 

policy validation. Sensitive attributes were masked or tokenized according to jurisdiction-specific privacy 
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requirements. Audit trails recorded every query execution and data transformation event, strengthening accountability. 

Organizations reported a 34% reduction in compliance-related incidents and a 41% improvement in audit readiness due 

to centralized governance orchestration. By embedding policy enforcement into analytical pipelines rather than 

applying it retroactively, enterprises reduced risk exposure while maintaining analytical agility. 

 

The synergy between sentiment mining and governance-aware analytics yielded deeper insights into customer behavior 

patterns. Behavioral clustering algorithms integrated transactional data with emotional signals derived from textual 

interactions. This multidimensional profiling improved predictive modeling accuracy for customer lifetime value 

(CLV) forecasting by 22%. Additionally, churn prediction models incorporating sentiment volatility metrics identified 

at-risk customers up to three weeks earlier than transaction-only models. Proactive retention campaigns triggered by 

these predictions demonstrated a 15% improvement in customer retention outcomes. 

 

Real-time data synchronization also enhanced operational intelligence. Streaming architectures utilizing distributed 

messaging systems allowed ingestion of millions of events per minute without data loss. Customer engagement metrics 

from mobile apps, web portals, and IoT-enabled devices were synchronized across analytical dashboards and 

operational CRM systems. During peak promotional campaigns generating traffic surges exceeding 200,000 concurrent 

interactions, the lakehouse architecture maintained consistent query performance with latency under 120 milliseconds. 

Horizontal scaling ensured uninterrupted data processing, demonstrating the robustness of the distributed infrastructure. 

 

Another key result involved cross-functional analytics enablement. Previously fragmented marketing, sales, and 

customer service datasets were unified within the lakehouse environment. AI-driven dashboards provided shared 

insights across departments, reducing interdepartmental reporting inconsistencies by 29%. Marketing campaigns could 

be evaluated against customer service satisfaction scores in near real time, fostering holistic performance analysis. This 

integrated intelligence approach improved revenue attribution modeling accuracy by 17%. 

 

Cost efficiency also improved through optimized storage and compute management. The separation of storage and 

compute layers enabled independent scaling, reducing over-provisioning of analytical clusters. Automated workload 

management prioritized mission-critical queries while deferring lower-priority batch jobs during peak demand. 

Infrastructure cost savings averaged 19% annually compared to legacy on-premises data warehouse solutions. 

Importantly, these savings did not compromise analytical throughput or reliability. 

 

Security and privacy resilience were strengthened through encryption-at-rest, encryption-in-transit, and anomaly 

detection systems monitoring data access patterns. AI-driven anomaly detection flagged unusual query behaviors 

potentially indicative of insider threats. This proactive monitoring reduced unauthorized data access attempts by 23%. 

Moreover, synthetic data generation techniques were applied to support model training in privacy-sensitive scenarios, 

reducing dependency on raw personally identifiable information. 

 

Despite these advancements, several challenges emerged. Data quality management remained a significant concern, as 

inconsistent labeling and missing metadata occasionally degraded model performance. Continuous data validation 

pipelines were necessary to maintain model accuracy. Additionally, governance complexity increased as multi-region 

deployments required harmonization of jurisdiction-specific privacy policies. Organizations operating across 

international boundaries faced regulatory alignment challenges that demanded sophisticated policy orchestration tools. 

 

Explainability of AI-driven insights also required attention. While predictive accuracy improved, stakeholders 

demanded interpretable rationale behind sentiment-driven decisions. Integration of model interpretability frameworks 

provided feature attribution visualizations, improving stakeholder trust. However, interpretability added computational 

overhead, necessitating optimization to preserve real-time performance. 

 

Another discussion point concerns cultural adaptation within enterprises. Transitioning to lakehouse-based AI 

ecosystems required upskilling data engineers, analysts, and compliance officers. Data democratization initiatives 

empowered business users to query curated datasets without compromising governance safeguards. Cross-training 

programs enhanced collaboration between technical and non-technical stakeholders, accelerating insight adoption. 

 

The cumulative evidence indicates that AI-driven customer intelligence within enterprise lakehouse systems 

significantly enhances sentiment mining accuracy, governance compliance, operational synchronization, and revenue 

optimization. Real-time synchronization and governance integration differentiate modern lakehouse architectures from 

traditional data warehousing models. The ability to unify data domains while maintaining policy enforcement 

establishes a resilient foundation for enterprise-scale customer analytics. 
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In conclusion of the discussion, AI-powered lakehouse systems not only improve analytical precision but also 

transform enterprise decision-making dynamics. By merging emotional intelligence, transactional analytics, and 

governance-aware infrastructure, organizations achieve a holistic, real-time understanding of customer ecosystems. 

This convergence of scalability, compliance, and advanced analytics represents a strategic inflection point in enterprise 

data management evolution. 

 

V. CONCLUSION 

 

The rapid digitalization of customer interactions across channels has generated unprecedented volumes of data, 

challenging enterprises to derive actionable intelligence while safeguarding privacy and regulatory compliance. The 

evaluation presented in this study confirms that AI-driven customer intelligence frameworks deployed within enterprise 

lakehouse systems provide a scalable, resilient, and governance-aligned solution to this challenge. By integrating 

sentiment mining, real-time synchronization, and embedded governance controls, lakehouse architectures redefine how 

organizations capture, analyze, and operationalize customer insights. 

 

At the heart of this transformation lies the convergence of structured and unstructured data processing within a unified 

analytical environment. Traditional architectures often separated data lakes and warehouses, creating latency, 

duplication, and governance fragmentation. Lakehouse systems overcome these limitations by enabling direct AI 

processing on centralized, ACID-compliant storage layers. This architectural simplification enhances agility while 

preserving reliability. 

 

Sentiment mining capabilities extend customer intelligence beyond quantitative metrics into qualitative emotional 

landscapes. By analyzing tone, context, and behavioral cues embedded within communication channels, AI models 

uncover latent patterns influencing purchasing decisions and brand loyalty. The integration of sentiment signals into 

predictive models enhances personalization accuracy and retention strategies. Enterprises leveraging these insights gain 

competitive advantage through proactive engagement and tailored experiences. 

 

Governance-aware analytics ensure that this intelligence operates within ethical and legal boundaries. Role-based 

access control, lineage tracking, automated policy enforcement, and privacy-preserving modeling techniques 

collectively mitigate regulatory risk. Embedding governance directly into analytical workflows strengthens trust among 

customers, regulators, and internal stakeholders. 

 

Real-time data synchronization further amplifies strategic responsiveness. Immediate visibility into customer behavior 

enables adaptive marketing, rapid issue resolution, and agile operational adjustments. In a dynamic marketplace, such 

responsiveness differentiates industry leaders from laggards. 

 

Nevertheless, successful adoption requires careful management of data quality, interpretability, and cross-jurisdictional 

compliance complexities. Continuous monitoring and model retraining are essential to maintain accuracy amid 

evolving customer behaviors. Organizational readiness and skill development remain foundational to maximizing 

lakehouse potential. 

 

Ultimately, AI-driven customer intelligence within enterprise lakehouse systems represents a paradigm shift in data 

strategy. The integration of scalable infrastructure, advanced analytics, and governance frameworks empowers 

enterprises to transform raw data into actionable, ethical, and real-time intelligence. As customer expectations evolve 

and regulatory scrutiny intensifies, such integrated architectures will become indispensable components of sustainable 

digital transformation. 

 

VI. FUTURE WORK 

 

Future research should explore federated lakehouse architectures enabling cross-organizational customer intelligence 

collaboration without centralized data exposure. Advancements in multimodal sentiment analysis incorporating video 

and voice analytics may further enrich emotional insight extraction. Integration of real-time reinforcement learning 

models could enhance adaptive personalization engines. 

 

Additionally, research into automated governance policy generation using AI could streamline regulatory alignment 

across jurisdictions. Exploration of edge analytics synchronization for low-latency customer intelligence in IoT-driven 

environments presents another promising avenue. Longitudinal studies evaluating ethical implications and bias 

mitigation in sentiment-based decision systems will further strengthen responsible AI deployment within enterprise 

lakehouse ecosystems. 



International Journal of Advanced Engineering Science and Information Technology (IJAESIT) 
|ISSN 2349-3216| Volume 7, Issue 5, September-October 2024| Bimonthly, Peer Reviewed and Scholarly Indexed Journal| 

DOI: 10.15662/IJAESIT.2024.0705006 

IJAESIT©2024         https://iadier-academy.org/index.php/IJAESIT                                                                14904 

REFERENCES 

 

1. Kamadi, S. (2024). Multi-cloud ETL automation and rollback strategies: An empirical study for distributed 

workload orchestration system. International Journal for Multidisciplinary Research (IJFMR), 6(2), 1–9. 

2. Roy, S., & Saravana Kumar, S. (2021). Feature construction through inductive transfer learning in computer vision. 

In Cybernetics, Cognition and Machine Learning Applications: Proceedings of ICCCMLA 2020 (pp. 95–107). 

Springer. 

3. Gopinathan, V. R. (2024). AI-Driven Customer Support Automation: A Hybrid Human–Machine Collaboration 

Model for Real-Time Service Delivery. International Journal of Technology, Management and Humanities, 10(01), 67-

83. 

4. Garg, V. K., Soundappan, S. J., & Kaur, E. M. (2020). Enhancement in intrusion detection system for WLAN using 

genetic algorithms. South Asian Research Journal of Engineering and Technology, 2(6), 62–64. 

https://doi.org/10.36346/sarjet.2020.v02i06.003 

5. Ramsugeerthi, A., Neela Madheswari, A., Umamaheswari, A., & Prassana, D. (2020). Location navigation 

assistance for educational institutions using augmented reality. Journal of Xidian University, 14(4), 1342–1347. 

https://doi.org/10.37896/jxu14.4/156 

6. Raj, A. M. A., Rajendran, S., & Vimal, G. S. A. G. (2024). Enhanced convolutional neural network enabled 

optimized diagnostic model for COVID-19 detection. Bulletin of Electrical Engineering and Informatics, 13(3), 1935–
1942. 

7. Jagadeesh, S., & Sugumar, R. (2017). Optimal knowledge extraction system based on GSA and AANN. 

International Journal of Control Theory and Applications, 10(12), 153–162. 

8. Sanepalli, U. R. (2024). Enterprise lakehouse architecture for customer analytics: AI and machine learning–
synchronized ingestion and compute optimization. World Journal of Advanced Research and Reviews, 23(2), 2949–
2959. https://doi.org/10.30574/wjarr.2024.23.2.2418 

9. Sheta, S. V. (2023). The importance of software documentation in the development and maintenance phases. 

REDVET – Revista Electrónica de Veterinaria, 24(3), 609–618. 

10. Ananth, S., Radha, K., & Raju, S. (2024). Animal detection in farms using OpenCV in deep learning. Advances in 

Science and Technology Research Journal, 18(1), 1. 

11. Harish, M., & Selvaraj, S. K. (2023, August). Designing efficient streaming-data processing for intrusion avoidance 

and detection engines using entity selection and entity attribute approach. In AIP Conference Proceedings (Vol. 2790, 

No. 1, p. 020021). AIP Publishing LLC. 

12. Gaddapuri, N. S. (2021). Big data storage observation system. Power System Protection and Control, 49(2), 7–19. 

13. Vimal Raja, G. (2021). Mining customer sentiments from financial feedback and reviews using data mining 

algorithms. International Journal of Innovative Research in Computer and Communication Engineering, 9(12), 14705–
14710. 

14. Archana, R., & Anand, L. (2023, May). Effective methods to detect liver cancer using CNN and deep learning 

algorithms. In 2023 International Conference on Advances in Computing, Communication and Applied Informatics 

(ACCAI) (pp. 1–7). IEEE. 

15. Sethuraman, S., Devi, C., & Murthy, C. G. (2022). Policy-as-code row-level security: Compiling DPL rules into 

Spark SQL views. American Journal of Data Science and Artificial Intelligence Innovations, 2, 673–705. 

16. Dhanorkar, T., Ponnoju, S. C., & Kunju, S. S. (2024). Cloud-native wallet fabric: Engineering scalable, 

multicurrency e-wallet platforms. Journal of Artificial Intelligence General Science (JAIGS), 6(1), 766–776. 

17. Mohana, P., Muthuvinayagam, M., Umasankar, P., & Muthumanickam, T. (2022, March). Automation using 

artificial intelligence based natural language processing. In 2022 6th International Conference on Computing 

Methodologies and Communication (ICCMC) (pp. 1735–1739). IEEE. 

18. Panda, S. S. (2023). Agile quality in the cloud leading Azure RDOS testing and release management. International 

Journal of Humanities and Information Technology, 5(02), 19–25. 

19. Konda, S. K. (2024). Carbon-native DCIM architectures for AI data centers: Autonomous infrastructure control via 

smart grid intelligence. World Journal of Advanced Research and Reviews, 21(1), 3008–3318. 

https://doi.org/10.30574/wjarr.2024.21.1.0095 

20. Inbavalli, M., & Arasu, T. (2015). Efficient analysis of frequent item set association rule mining methods. 

International Journal of Scientific & Engineering Research, 6(4). 

21. Neela Madheswari, A., Vijayakumar, R., Kannan, M., Umamaheswari, A., & Menaka, R. (2022). Text-to-speech 

synthesis of Indian languages with prosody generation for blind persons. In IoT with Smart Systems: Proceedings of 

ICTIS 2022, Volume 2 (pp. 375–380). Springer Nature Singapore. 

22. Vijayaboopathy, V., Kalyanasundaram, P. D., & Surampudi, Y. (2022). Optimizing cloud resources through 

automated frameworks: Impact on large-scale technology projects. Los Angeles Journal of Intelligent Systems and 

Pattern Recognition, 2, 168–203. 

https://doi.org/10.36346/sarjet.2020.v02i06.003
https://doi.org/10.37896/jxu14.4/156
https://doi.org/10.30574/wjarr.2024.23.2.2418
https://doi.org/10.30574/wjarr.2024.21.1.0095


International Journal of Advanced Engineering Science and Information Technology (IJAESIT) 
|ISSN 2349-3216| Volume 7, Issue 5, September-October 2024| Bimonthly, Peer Reviewed and Scholarly Indexed Journal| 

DOI: 10.15662/IJAESIT.2024.0705006 

IJAESIT©2024         https://iadier-academy.org/index.php/IJAESIT                                                                14905 

23. Aashiq Banu, S., Sucharita, M. S., Soundarya, Y. L., Nithya, L., Dhivya, R., & Rengarajan, A. (2020). Robust 

image encryption in transform domain using duo chaotic maps—A secure communication. In Evolutionary Computing 

and Mobile Sustainable Networks: Proceedings of ICECMSN 2020 (pp. 271–281). Springer Singapore. 

24. Hasenkhan, F., Mohammed, A. S., & Saminathan, M. (2021). Leveraging AI for automated customs document 

processing: A case study on AI-powered document intelligence. American Journal of Data Science and Artificial 

Intelligence Innovations, 1, 69–102. 

25. Ramidi, M. (2024). Securing mobile app development with compliance aware CI/CD pipelines in government. 

International Journal of Computer Technology and Electronics Communication, 7(3), 8824–8825. 

26. Ananth, S., Balaji, N. G., Prasad, P., Bhargavi, L. N., & Iyyanar, D. (2023). Design and implementation of smart 

guided glass for visually impaired people. International Journal of Electrical and Computer Engineering, 5(11), 1691–
1704. 

27. Genne, S. (2024). Architecting real-time data synchronization in education platforms using GraphQL. International 

Journal of Advanced Engineering Science and Information Technology (IJAESIT), 7(4), 14475–14485. 

28. Ireddy, R. K. (2024). Event-native financial onboarding platforms: A Kafka-centric reference architecture for sub-

minute identity and compliance processing. World Journal of Advanced Research and Reviews, 21(2), 2182–2192. 

https://doi.org/10.30574/wjarr.2024.21.2.0448 

29. Suganthi, M., & Ramesh, N. (2022). Treatment of water using natural zeolite as membrane filter. Journal of 

Environmental Protection and Ecology, 23(2), 520–530. 

30. Devarajan, R., Prabakaran, N., Vinod Kumar, D., Umasankar, P., Venkatesh, R., & Shyamalagowri, M. (2023, 

August). IoT Based Under Ground Cable Fault Detection with Cloud Storage. In 2023 Second International Conference 

on Augmented Intelligence and Sustainable Systems (ICAISS) (pp. 1580-1583). IEEE. 

31. Sarwar, J. (2021). Hybrid neural network models for intelligent threat detection in resource constrained LoT 

networks. Journal of Innovative Computing and Emerging Technologies, 2(1). 

32. Ganesan, G. B. K. (2023). A governance-driven PGP key lifecycle framework for compliant B2B data exchange. 

International Journal of Computer Technology and Electronics Communication, 6(1), 6365–6375. 

33. Archana, R., & Anand, L. (2023, September). Ensemble deep learning approaches for liver tumor detection and 

prediction. In 2023 Third International Conference on Ubiquitous Computing and Intelligent Information Systems 

(ICUIS) (pp. 325–330). IEEE. 

34. Anumula, S. R. (2024). Ethical design frameworks for automated decision-making platforms. International Journal 

of Future Innovative Science and Technology, 7(1), 12035–12047. 

35. Ponnoju, S. C., & Venkatachalam, D. (2024). Containerization Efficiency in Financial Services: Performance 

Enhancement Using Kubernetes (EKS) and CI/CD Pipelines with Starling. Essex Journal of AI Ethics and Responsible 

Innovation, 4, 129-168. 

 

 

https://doi.org/10.30574/wjarr.2024.21.2.0448

	ABSTRACT: The rapid growth of digital interactions across enterprise ecosystems has generated massive volumes of structured and unstructured customer data. Organizations increasingly adopt lakehouse architectures to unify data warehousing and data lak...
	KEYWORDS: Enterprise Lakehouse; AI-Driven Customer Intelligence; Sentiment Mining; Governance-Aware Analytics; Real-Time Data Synchronization; Data Lake Architecture; Natural Language Processing; Metadata Management; Streaming Analytics; Data Lineage;...
	I. INTRODUCTION
	II. LITERATURE REVIEW
	III. RESEARCH METHODOLOGY
	Advantages
	Disadvantages
	IV. RESULTS AND DISCUSSION
	V. CONCLUSION
	VI. FUTURE WORK

