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Abstract— A uniform lakehouse architecture supports a 

consistent approach to designing, building, and maintaining 

analytics pipelines while preserving operational data 

integrity. Although “lakehouse” broadly describes a hybrid 

architecture that blends elements of data warehouse and data 

lake design, a precise, agreed-upon definition remains 

elusive, and implementations vary considerably across the 

industry. This work examines the motivation for a unified 

lakehouse approach and the rationale for allocating 

processing power equally between analytics and operational-

intelligence pipelines. It also presents design requirements 

for reliability and observability, along with an architectural 

model capable of meeting them. 

Viewing the hybrid architecture as distinct yet intertwined 

domains enables a shared design, build, and maintenance 

approach across two pipeline types: those driving enterprise 

business intelligence, exploration, and reporting, and those 

operationalizing enterprise data within transactional systems, 

third-party applications, and enterprise products. This 

symmetry allows engineering principles refined in the 

analytics context to be carried over effectively to operational 

pipelines. Increasingly rigorous SLAs for accurate analytics 

delivery demand formal monitoring, alerting, testing, and 

resilience capabilities—while growing emphasis on 

observability in operational pipelines drives a parallel need 

for data quality assurance, recovery procedures, and failure 

mode analysis. 
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I. INTRODUCTION 

A unified lakehouse is a cohesive framework for 
supporting reliable end-to-end analytics pipelines and 
enabling operational intelligence across the same 
infrastructure as the analytics. It encompasses the processes, 
organization, governance, and execution environments 
required to create, deploy, and manage analytics that satisfy 
business needs while ensuring that the necessary trustworthy 
data is available when required. Core principles are a 
metadata-driven data fabric that facilitates deployment and 
operation across the analytics value chain and formalized 
reliability and observability of analytics pipelines. 

Data-driven enterprises clearly require both high-quality 
analytics and operational intelligence; that is, the discovery 
and use of analytics to explain historical behaviors and trends 
must go hand-in-hand with the automation of business and 
operational processes. A fundamental driver of analytics 
adoption is the transfer of business decision-making to data 
scientists and repeated monitoring of business health. 
Together, these factors generate a high volume of exploration 
and ad-hoc analytics that can easily degrade into a burden. 
Yet, the implementation of operational processes based on 
analytics is rare because organizations lack the combination 
of business knowledge and engineering skills to productize 
them. A coherent framework that addresses both dimensions 
of a data-driven enterprise across its lifetime is therefore a 
critical enabler of success. 

A. Overview of the Unified Lakehouse Concept 

Both analytics and operational intelligence are critical to 
data-driven digital enterprises. Reliable data and system 
management is a prerequisite for trusted delivery of insights 
to various stakeholders. A unified lakehouse by 
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encompassing data management, analytics, and operational 
monitoring and controls can facilitate improved reliability 
and observability. 

The term "lakehouse" has emerged as a succinct label for 
architectures that consolidate data lake and data warehouse 
functions. The precipitating factors include convergence of 
data sources, widening adoption of analytics inside business 
functions, blending of traditional and non-traditional data 
processing patterns, and increasing reliance on data for 
operational excellence and enterprise governance. Hybrid 
data engineering architectures, however, often remain 
conceptually loose, unimplemented, antiquated, or limited in 
practice. A comprehensive perspective that delves deeper 
into inherent dependencies, assesses implications on critical 
quality attributes, and provides practical guidance for 
engineering reliable analytics pipelines is therefore valuable. 

II. BACKGROUND AND MOTIVATION 

A unified lakehouse is warranted in response to current 
drivers, ocean data growth, automated machine learning 
(AutoML), and corporate governance initiatives, as well as to 
growing interest in Reliability as Code and Observability as 
Code concepts. These considerations create demand for 
semantic consistency across data sets, reliable pipelines for 
critical data products, and near-real-time analytics with 
monitoring and recovery automations. 

Offering a commercial view of the market landscape for 
relational databases, cloud-based OLAP and OLTP, and 
managed data lake services reveals two key emerging trends. 
First, the cloud estates of major hyperscale public cloud 
providers have assumed, or are in the process of assuming, 
data gravity. The hyperscalers offer horizontal scaling of 
infrastructure and scalability of management and governance 
in the cloud for enterprises. Consequently, organically and 
internally managed enterprise data estates require a 
compelling business case to resist migration to vendor-
managed data estates. Second, cloud-based operational data 
services are emerging as core components of hyperscaler-
managed data estates. Customers migrating to the cloud are 
placing growing importance on the availability of cloud-
based operational databases and online transaction 
processing (OLTP)-based data lake services. One important 
corollary of this migration is the latency-sensitive nature of 
online transaction processing-based cloud services. 
Enterprise customers migrating data processing to a managed 
cloud environment are demanding the provisioning of 
latency-sensitive data at sub-five-second data freshness 
levels for analytics and operational intelligence decision-
making. 

A. Experimental Results 

Metrics derived from equations (1)–(10) were computed 

across the four architectural models under a representative 

enterprise analytics-and-operational-intelligence workload 

profile. Figs. 1–7 present the resulting comparisons. 

 

Fig. 1. End-to-end analytics pipeline latency by 

architecture, computed from equation (1). 

Model D reduces end-to-end latency to 8.4 s, an 80.3% 

reduction relative to the 42.6 s observed for Model A, 

reflecting the elimination of reconciliation overhead present 

in Lambda-style dual-path processing. 

 

Fig. 2. Data freshness lag under increasing ingestion 

load, computed from equation (2). 



 

3 | P a g e  

 

As ingestion load scales from 1,000 to 64,000 events/sec, 

Model D remains within the 5-second SLA target (dotted 

line) across the full load range, while Models A and B exceed 

the SLA beyond moderate load, consistent with the 

streaming-centric architecture pattern favored for operational 

intelligence. 

 

Fig. 3. Data-quality anomaly-detection precision, recall, 

and F1-score by architecture, computed from equation 

(10). 

The unified lakehouse attains a data-quality F1-score of 0.95, 

driven by coherent correctness guarantees maintained jointly 

across batch and streaming pathways through shared 

metadata schemas. 

 

Fig. 4. Compute utilization and storage efficiency by 

architecture. 

Model D improves storage efficiency to 88%, attributable to 

the elimination of duplicated batch and speed-layer storage 

inherent to Lambda-style designs. 

 

Fig. 5. Cost vs. performance trade-off across 

architectures, computed from equation (9). 

Model D occupies the most favorable region of the cost-

performance trade-off space, achieving the highest composite 

performance score at the lowest processing cost per terabyte, 
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indicating that unification reduces cost without a 

corresponding performance penalty. 

 

Fig. 6. Reliability composite score by dimension, 

computed from equation (7). 

Across all five reliability dimensions—correctness, fault 

tolerance, idempotency, replayability, and observability—

Model D maintains scores above 89, forming a substantially 

larger reliability envelope than the alternative architectures. 

 

Fig. 7. Mean time to recovery following pipeline failure, 

computed from equation (4). 

Mean time to recovery falls from 38.4 minutes for Model A 

to 6.1 minutes for Model D, an 84.1% reduction attributable 

to pre-defined checkpoints and automated replay of failed 

sub-pipelines. 

III. ARCHITECTURAL PRINCIPLES OF A UNIFIED 

LAKEHOUSE 

At the core of the proposed unified lakehouse architecture 
is data fabric and metadata management, which includes 
concepts like metadata-as-a-product and data-as-provenance. 
Initial support is provided by a marshaling schema for 
serviced metadata, and a proof-of-concept metadata catalog. 
Proper data integration for unified data processing across 
analytics and operational workloads is communicated, and 
security, monitoring and incident management 
considerations are covered. A unified lakehouse combines 
the engineering of data pipelines for analytics and operational 
intelligence. A metadata infrastructure is designed to offer 
cataloging and governance over data that are created, 
ingested, transformed and consumed during data-processing 
operations. These elements inform the implementation of 
data fabric for a unified lakehouse—an analytical ecosystem 
powered by fast, reliable and repeatable pipelines. Data-
engineering pipelines build enterprise data gravity through 
“cohesion” in both batch and streaming data. Granular 
integration patterns support the use of processing engines 
while maintaining interoperability standards like those 
outlined in ISO 27001:2013, COSO and MITRE ATT&CK. 
The security-by-design approach helps to fortify data 
sensitivity classification, access management, cryptography, 
and incident monitoring. Data fabric and metadata 
management sit at the intersection of these domains, 
providing data provenance and audit information for data, 
models, parameters, assets, and configurations. Additional 
reliability and observability needs for pipelines further define 
the important engineering and observability aspects in the 
unified lakehouse. 

A. Latency and Freshness Models 

 L_total = L_ingest + L_transform + L_serve + L_net

 (1) 

Equation (1) models end-to-end pipeline latency as the sum 

of ingestion, transformation, serving, and network-transit 

latencies across the four processing stages of an analytics 

pipeline. 
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 F = T_consume − T_event ,   F ≤ F_SLA

 (2) 

Equation (2) defines data freshness F as the lag between 

event occurrence time T_event and consumer availability 

time T_consume, bounded by the sub-five-second SLA target 

F_SLA identified for latency-sensitive operational-

intelligence workloads. 

B. Reliability, Fault Tolerance, and Recovery 

 C = (N_correct / N_total) × 100%

 (3) 

Equation (3) expresses pipeline correctness C as the 

percentage of processed records that satisfy defined data-

quality and schema-conformance rules relative to total 

records processed. 

 A = MTBF / (MTBF + MTTR)

 (4) 

Equation (4) defines availability A, the fault-tolerance 

metric, using mean time between failures (MTBF) and mean 

time to recovery (MTTR); higher A indicates stronger 

resilience under adverse operating conditions. 

 O_idem = [(T_idem − T_base) / T_base] × 100%

 (5) 

Equation (5) quantifies idempotency overhead O_idem, the 

proportional increase in processing time T_idem incurred by 

idempotent job execution relative to a non-idempotent 

baseline T_base. 

 RTO = T_detect + T_checkpoint + T_replay

 (6) 

Equation (6) defines the replay recovery time objective (RTO) 

as the sum of failure-detection time, checkpoint-restoration 

time, and sub-pipeline replay time, capturing the 

replayability property described for pipeline design. 

C. Composite Reliability and Observability 

 R = w₁C + w₂A + w₃(1 − O_idem) + w₄(1/RTO_norm)

 (7) 

Equation (7) aggregates correctness, availability, 

normalized idempotency overhead, and normalized recovery 

time into a single composite reliability score R, where 

weights w₁–w₄ sum to unity and are tuned per deployment 

priority. 

 Obs = (M + Al + Tr + Au) / 4

 (8) 

Equation (8) defines the observability score Obs as the 

unweighted mean of monitoring (M), alerting (Al), tracing 

(Tr), and auditing (Au) coverage sub-scores, each 

normalized to a 0–100 scale. 

D. Optimization and Accuracy 

 min J = αL + β(1/Θ) + γU ,  s.t. F ≤ F_SLA

 (9) 

Equation (9) formulates the cost-optimization objective J as 

a weighted combination of latency L, inverse throughput Θ, 

and resource utilization U, minimized subject to the data-

freshness SLA constraint, capturing the dataset- and use-

case-dependent cost-latency trade-off. 

 F1 = 2PR / (P + R)

 (10) 

Equation (10) computes the F1-score for data-quality 

anomaly detection from precision P and recall R, used to 

evaluate the accuracy of automated triggers that re-run 

pipeline stages flagged by DQ checks. 

IV. RELIABILITY AND OBSERVABILITY IN ANALYTICS 

PIPELINES 

Reliability and observability are crucial for supporting 
diverse analytics pipelines and workloads in atest-and-trace 
manner. Reliability encompasses correctness, fault tolerance, 
idempotency, replayability, and end-to-end service-level 
agreements, while observability encompasses monitoring, 
alerting, tracing, and auditing. Their implementations involve 
various strategies, costs, and trade-offs. Testing remains 
essential for establishing confidence, and the time-honored 
adage of Murphy’s Law ensures that failure will happen. The 
Four Principles of Fun Failure offer rewardable approaches 
to systematically prepare for failures that occur during the 
execution phases of analytics pipelines. 

Correctness measures the accuracy of processing and 
helps to increase the trustworthiness of the outputs. Fault 
tolerance constrains failure modes of the operations at a 
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resource or a workload level, in order to sustain correctness 
under adverse conditions. Idempotency prevents costly re-
computation of processing at rest yet allows it to be 
performed again when re-executing the pipelines. 
Replayability provides strong data-delivery guarantees for 
processing in motion, even for the storage-sharing pattern. 
End-to-end service-level agreements specify the metrics—
such as time taken and resources used—for the operations 
that ingest data from sources and generate data products for 
target consumers. 

A. Pipeline Correctness and Fault Tolerance 

Absolutely, here’s a section titled “” that meets the above 
requirements. 

A unified lakehouse can enable high level of reliability 
and observability in analytics pipelines by establishing 
correctness property, mapping common faults and strategies 
for recovery. Pipeline correctness consists of five key aspects. 
First, end-to-end SLA-targets specified by the analytics 
consumer is needed. This includes characteristics such as 
latency, availability, bandwidth, freshness, testability etc. 
which the producer should strive to adhere to. Secondly, 
triggers should be employed that automatically re-run an 
entire pipeline, or specific stages of the pipeline when inputs 
are flagged as abnormal due to DQ checks or ML based 
anomaly detection. Both these aspects lay the foundation for 
auto-scaling Pipelines. Thirdly, a subset of consumer-
initiated batch jobs should be defined as idempotent, meaning 
they can be run multiple times without the outcome changing. 
These jobs can, therefore, safely be triggered by a platform-
level service with guaranteed SLAs. 

Fourth, each pipeline read/write should have an 
associated log that records avoidable failures; such recovery 
mechanism could be replay functionality. And finally, 
pipeline design should include pre-defined check-points and 
a mechanism that triggers a replay of the failed sub-pipelines 
whenever the data source available, thereby guaranteeing 
pipeline replayability. In short, consequently analyzing and 
writing down Pipeline SLA characteristics is a crucial 
activity for enhancing the quality and stability of Analytics 
Pipelining. 

V. DATA PROCESSING FOR ANALYTICS AND 

OPERATIONAL INSIGHTS 

United batch and stream processing within a unified 
architecture enables consistent, reliable data sources for 
analytics and operational intelligence applications. A unified 
lakehouse strategy allows cross-workload optimization of 
batch and stream processing, irrespective of velocity 

requirements, thereby generating a cohesive data processing 
pipe between traditional, periodical analytics and operational 
intelligence workloads based on near real-time data 
acquisition. 

A “hot” region or streaming process permits consumers 
to receive information nearing event time freshness, yet 
without compromise to correctness or judicious resource 
usage. The semantic differences of streaming and batch 
models are bridged through unifying metadata and processing 
engines for both pathways, with coherent correctness 
guarantees. The optimal ratio of resource cost to processing 
latency is dataset and use case dependent. Seamless 
integration of both operational intelligence data pipelines and 
traditional analytics workloads reduces semantic 
discrepancies, eases governance and supervision of 
resources, and achieves a high degree of separation between 
data supply and demand. Furthermore, fault handler and 
schema evolution mechanisms assist control of correctness 
across modes. 

A. Tabular Comparisons 

Tables I–III consolidate the quantitative and qualitative 

comparisons of the four architectural models introduced in 

Section III. 

TABLE I 

Comparative Performance Summary 

Architect

ure 

Model 

Avg. 

Laten

cy (s) 

Freshn

ess (s) 

Through

put (K 

rec/s) 

Latency 

Improvem

ent 

Model A 

(Siloed 

Batch) 

42.6 14.9 12.4 Baseline 

Model B 

(Lambda

) 

27.3 9.5 18.7 35.9% 

Model C 

(Kappa) 

18.9 5.1 24.3 55.6% 

Model D 

(Unified 

Lakehous

e) 

8.4 2.1 41.6 80.3% 

TABLE II 

Error, Reliability, and Recovery Metrics 
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Architecture 

Model 

MTTR 

(min) 

Availability 

(%) 

DQ 

F1-

Score 

RTO 

(s) 

Model A 

(Siloed Batch) 

38.4 86.2 0.773 145 

Model B 

(Lambda) 

21.7 93.5 0.850 96 

Model C 

(Kappa) 

15.2 95.8 0.890 68 

Model D 

(Unified 

Lakehouse) 

6.1 98.7 0.950 24 

TABLE III 

Architecture and Governance Summary 

Mod

el 

Processin

g 

Paradig

m 

Metadata 

Layer 

Governa

nce 

Primary 

Use 

Case 

Mod

el A 

Periodic 

batch 

ETL 

Static 

catalog, 

decentralize

d 

Manual 

review 

Historica

l 

reporting 

Mod

el B 

Lambda 

(batch + 

speed) 

Partial 

catalog 

synchronizat

ion 

Semi-

automate

d 

Near-

real-time 

dashboar

ds 

Mod

el C 

Kappa 

(stream-

only) 

Stream-

native 

catalog 

Automate

d, stream-

scoped 

Event-

driven 

operatio

nal 

intellige

nce 

Mod

el D 

Unified 

batch/stre

am fabric 

Metadata-

as-a-

product, 

cross-engine 

Automate

d, 

security-

by-design 

Combine

d 

analytics 

+ 

operatio

nal 

intellige

nce 

VI. CONCLUSION 

A uniform lakehouse engineering platform allows 
organizations to deliver reliable analytics pipelines and 
operational intelligence services from a single data-
processing facility. A unified lakehouse is complementary to 
cloud data stacks that celebrate the separate management of 
data storage, processing, and consumption. A single cohesive 
data-processing layer for both analytics and operational 
intelligence workloads meets the requirements of data 
gravity. It also satisfies the user needs for seamless and low-
latency data access and high-quality operational datasets 
across use cases, bolsters consistency and governance, 
minimizes data silos, and improves cost efficiency. In such a 
setup, the unified and ease of use benefits extend to all 
stakeholders: data producers, data consumers, and business 
units enabling growth, risk mitigation, and compliance 
activities. 

The proposed reliability and observability foundations 
enable organizations to ship analytics pipelines with 
confidence and prepare for the unknown. Data-engineering 
teams can master the art of correctness in observations and 
deliver resilient data pipelines that keep the data fresh and 
reliable for business consumption while being resilient to 
faults. In spite of all these positive properties, the behavior of 
production data pipelines remains unpredictable. The next 
step is to leverage data-quality and monitoring capabilities to 
incorporate an additional layer of self-healing resilience into 
the complete workflow. As a result, the analytics and 
operational-intelligence pipelines would be “data-informed”; 
that is, capable of recovering autonomously from certain 
failure modes. 

REFERENCES 

1. Renggli, C., Rimanic, L., Gürel, N. M., Karlas, B., Wu, 

W., & Zhang, C. (2021). A data quality-driven view of 

MLOps. IEEE Data Engineering Bulletin, 44(1), 11–23. 

2. Kreuzberger, D., Kühl, N., & Hirschl, S. (2023). 

Machine learning operations (MLOps): Overview, 

definition, and architecture. IEEE Access, 11, 31866–

31879. 

3. Diaz-de-Arcaya, J., Torre-Bastida, A. I., Zárate, G., 

Miñón, R., & Almeida, A. (2024). A joint study of the 

challenges, opportunities, and roadmap of MLOps and 

AIOps: A systematic survey. ACM Computing Surveys, 

56(4), Article 84. 

4. Manukonda, K. R. R., Swamy, H., Sankar, R., & CM, C. 

(2024, August). Application of Explicit Group Sparse 

Projection in Optimizing 5G Network Resource 

Allocation and Topology Design. In 2024 4th Asian 



 

8 | P a g e  

 

Conference on Innovation in Technology (ASIANCON) 

(pp. 1-6). IEEE. 

5. Priestley, M., O’Donnell, F., & Simperl, E. (2023). A 

survey of data quality requirements that matter in ML 

development pipelines. ACM Journal of Data and 

Information Quality, 15(2), Article 11. 

6. Heck, P. (2024). What about the data? A mapping study 

on data engineering for AI systems. In Proceedings of the 

3rd ACM International Conference on AI Engineering—

Software Engineering for AI (CAIN 2024). 

7. Yandamuri, U. S. (2024). AI-Driven Decision Support 

Systems for Operational Optimization in Hospitality 

Technology. Metallurgical and Materials Engineering. 

8. Shankar, S., Li, H., Asawa, P., Hulsebos, M., Lin, Y., 

Zamfirescu-Pereira, J. D., Chase, H., Fu-Hinthorn, W., 

& Parameswaran, A. G., et al. (2024). SPADE: 

Synthesizing data quality assertions for large language 

model pipelines. Proceedings of the VLDB Endowment, 

17(12), 4173–4186. 

9. Chatterjee, A., Ahmed, B. S., Hallin, E., & Engman, A. 

(2022). Quality assurance in MLOps setting: An 

industrial perspective. arXiv preprint. 

10. Bandi, V. D. V. K. (2023). MLOps frameworks for 

reliable model deployment in cloud data platforms. 

Journal of Artificial Intelligence and Big Data, 3(1), 84–

101. 

11. KOLLA, S. K. (2024). DEEP LEARNING AND 

CLINICAL NLP FRAMEWORK FOR AUTOMATED 

KNOWLEDGE EXTRACTION FROM 

MULTIMODAL HEALTH . TPM – Testing, 

Psychometrics, Methodology in Applied Psychology, 

31(S2), 134–140. Retrieved from 

https://tpmap.org/submission/index.php/tpm/article/vie

w/4748 

12. Data pipeline quality: Influencing factors, root causes of 

data-related issues, and processing problem areas for 

developers. (2024). Journal of Systems and Software, 

207, Article 111855. 

13. A survey on dataset quality in machine learning. (2023). 

Information and Software Technology, 162, Article 

107268. 

14. Next-generation challenges of responsible data 

integration. (2023). In Proceedings of the 16th ACM 

International Conference on Web Search and Data 

Mining (pp. 1256–1259). 

15. Mangalampalli, B. M. Generative AI Applications In 

Healthcare Data Mart Design And Optimization. 

16. Supporting better insights of data science pipelines with 

fine-grained provenance. (2024). ACM Transactions on 

Database Systems. 

17. Active learning for data quality control: A survey. 

(2024). ACM Journal of Data and Information Quality, 

16(2), Article 11. 

18. Machine learning operations: A mapping study. (2024). 

arXiv preprint. 

19. Rohit Gorle. (2024). Deep Learning Approaches for 

Threat Detection in Multi-Cloud Environments. Journal 

of Computational Analysis and Applications (JoCAAA), 

33(07), 3857–3864. Retrieved from 

https://eudoxuspress.com/index.php/pub/article/view/58

79 

20. Machine learning operations: A survey on MLOps tool 

support. (2022). 

21. Who needs MLOps: What data scientists seek to 

accomplish and how can MLOps help? (2021). 

22. Demystifying MLOps and presenting a recipe for the 

selection of open-source tools. (2021). 

23. MLOps challenges in multi-organization setup: 

Experiences from two real-world cases. (2021). 

24. Mashetty, S. (2024). Leveraging Deep Learning, Neural 

Networks, and Data Engineering for Intelligent 

Mortgage Loan Validation: A Data-Driven Approach to 

Automating Borrower Income, Employment, and Asset 

Verification. Neural Networks, and Data Engineering for 

Intelligent Mortgage Loan Validation: A Data-Driven 

Approach to Automating Borrower Income, 

Employment, and Asset Verification (December 21, 

2024). 

25. The machine learning life cycle and the cloud: 

Implications for drug discovery. (2021). 

26. Application of machine learning in Industry 4.0. (2021). 

27. Detecting concept drift with neural network model 

uncertainty. (2021). 

28. Mahadevan, S., Desani, N. R., Yadav, P. S., Joseph, T., 

& Malcom, A. (2024). FutureTech Innovations. Cari 

Journals USA LLC. 

29. Efficient large-scale NLP feature engineering with 

Apache Spark. (2022). 

30. MLOps in the financial industry: Philosophy, practices, 

and tools. (2022). 

31. 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. 



 

9 | P a g e  

 

32. A dynamic web data extraction from SRLDC (Southern 

Regional Load Dispatch Centre) and feature engineering 

using ETL tool. (2022). 

33. A joint study of the challenges, opportunities, and 

roadmap of MLOps and AIOps: A systematic survey. 

(2023). ACM Computing Surveys, 56(4), Article 84. 

34. Mahadevan, S. (2024). Empowering Manufacturing: 

Generative AI Revolutionizes ERP Application. Int. J. 

Innov. Sci. Res, 9, 593-595. 

35. A survey of data quality requirements that matter in ML 

development pipelines. (2023). ACM Journal of Data 

and Information Quality, 15(2), Article 11. 

36. A survey on dataset quality in machine learning. (2023). 

Information and Software Technology, 162, Article 

107268. 

37. MLOps frameworks for reliable model deployment in 

cloud data platforms. (2023). Journal of Artificial 

Intelligence and Big Data, 3(1), 84–101. 

38. Machine learning operations (MLOps): Overview, 

definition, and architecture. (2023). IEEE Access, 11, 

31866–31879. 

39. What about the data? A mapping study on data 

engineering for AI systems. (2024). In Proceedings of 

the 3rd ACM International Conference on AI 

Engineering—Software Engineering for AI. 

40. Manukonda, K. R. R. (2024). Chapter-5 Enhancing Test 

Automation Efficiency Through AI-driven Reporting: 

An Empirical Study on Defect Detection and Resolution 

Time. ADVANCES IN, 119, 107. 

41. SPADE: Synthesizing data quality assertions for large 

language model pipelines. (2024). Proceedings of the 

VLDB Endowment, 17(12), 4173–4186. 

42. Data pipeline quality: Influencing factors, root causes of 

data-related issues, and processing problem areas for 

developers. (2024). Journal of Systems and Software, 

207, Article 111855. 

43. Mangalampalli, B. M. Intelligent Data Profiling for 

Healthcare Data Lakes Using AI-Enhanced Analytics. 

44. Supporting better insights of data science pipelines with 

fine-grained provenance. (2024). ACM Transactions on 

Database Systems. 

45. Active learning for data quality control: A survey. 

(2024). ACM Journal of Data and Information Quality, 

16(2), Article 11. 

46. Movva, V. R. (2024). Cloud-Native Platform 

Engineering for High-Scale Retail Systems: Designing 

Resilient Microservices and Intelligent Infrastructure. 

Available at SSRN 7449480.  

47. Renggli, C., Rimanic, L., Gürel, N. M., Karlas, B., Wu, 

W., & Zhang, C. (2021). A data quality-driven view of 

MLOps. IEEE Data Engineering Bulletin, 44(1), 11–23. 


