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Abstract 

In lakehouse environments, data quality checks are done right when data is ingested, so scalable rules are 

followed, anomalies are detected and a policy-based approach is used to produce analytics-ready data. They 

use ideas from data lakes and data warehouses and go further by checking each record instantly for errors 

and preventing bad ones from moving into further processing. Some of these methods are partitioned 

incremental techniques that divide and inspect constraints in parallel, machine learning models designed to 

find unusual data outliers and approaches that apply set guidelines and controls to services on any type of 

architecture. Tests have proven that dividing validation jobs can cut processing time to under a third, while 

continuing to maintain precise outcomes. Regardless, several significant issues are still present, including 

designing rules that respond to ongoing changes in data, making data validation happen fast throughout high-

speed data streams and creating ways to tie together policies, metadata tracking and data lineage into one 

governance system. In the future, AI techniques are being developed to provide transparent insights when 

creating rules on the fly and for building validation pipelines that store all contextual information. Work is 

being done to design workflows that repair problems automatically when issues are found. The review’s 

outline of the field and suggested areas for future study gives a clear path for building lakehouse frameworks 

that help maintain trustworthy and reliable computing on vast data collections. 

Keywords: Lakehouse Architecture; Data Quality; Validation-First; Constraint Enforcement; Anomaly 

Detection; Governance; Data Pipelines. 

 

1. Introduction  

Since today’s data-driven tools process data in large 

quantities and are made of different formats, making 

sure data is of high quality is very important for 

analytics and decision-making. It has been traditional 

for data warehouses to enforce rules that only 

structured data could be added to analytical 

databases. Unlike with current data lakes, first-

generation data lakes were designed to store data 

flexibly, without much checking when the data was 

put in for the first time. By becoming agile, data lakes 

gave up strong governance and data control—and left 

those responsibilities for future teams to solve [2]. If 

strong validation is lacking, many enterprise data 

lakes become doubtful repositories which are often 

referred to as “data swamps.” Realistically, most 

lake-stored data needed to be taken out and 

straightened in a warehouse prior to being good 

enough for actual use, showing the poor quality 

management in the lake approach [2]. This problem 

is solved by the lakehouse architecture which links 

both lower-cost data storage in a lake with the admin 

capabilities of a warehouse [1][3]. With distributed 

storage, lakehouses like Delta Lake include 

automatic enforcement of schemas and checks for 

records that break quality rules, so such records will 

automatically be rejected or set aside [1]. Thanks to 

the validating step upfront, any bad data is not 

allowed into analytics pipelines. Ensuring the quality 

of data in today’s lakehouse environments is strongly 

needed for big data and real-time analysis purposes. 

Large amounts of data come into organizations from 

many different sources and if they contain unresolved 

errors or inconsistencies, these can easily wreak 

havoc on later work. Recent industry surveys show 
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that almost all enterprises are using AI and advanced 

analytics, while only about a third of data 

professionals completely trust the data these models 

depend on [4]. Growing volumes and different types 

of data make it more likely that errors such as missing 

values, duplicate records, changes in the schema or 

invalid values will occur and these errors can be 

tricky to detect after the fact [4]. Feeding into this is 

the switch to real-time analytics and data processing 

online: with immediate output like ETL, there isn’t 

much time left for in-depth cleaning of records [4]. In 

the same way, data platforms that use several kinds 

of cloud infrastructure such as warehouses, data lakes 

and edge systems, also need interoperability and 

uniformity for effective quality management [4]. 

Nowadays, improving data quality is just as 

important as building and setting up data solutions. 

Everyone now agrees that the integrity of data must 

be maintained throughout its processing and 

examination [5]. High data quality in lakehouse 

architectures is important not only for the user 

experience but also for how the platform is built and 

how it runs. Today, data engineering projects add 

strong quality measures and connect errors to CI/CD, 

based on DataOps principles [5]. Improving the 

quality of data allows analytics teams to rely more on 

their measures and models and it cuts the time spent 

on one-off actions to clean up the data. Lakehouses in 

platform design now stand for ways to merge storage, 

computing, data search, versioning and governance in 

one system. New approaches to metadata cataloging 

and governance make it possible for teams to create 

standard contracts for data, record its history and 

ensure control and quality are applied equally. The 

value of AI, machine learning and analytics depends 

on good data; using a lakehouse that applies 

validation-first principles can greatly cut down the 

chances of wrong conclusions and earn the trust of 

the organization in using data. In short, validation-

first lakehouse architectures combine big data 

management, instant analysis and a blended cloud 

plan, ensuring data consistency before it brings value 

as insights. 

2. Literature Review 

The table 1 below includes a summary of ten 

important studies that look at validation-first 

architectures and data quality in lakehouse and 

similar setups [6-15]. The “Reference” column lets 

you know the number of the citation. 

2.1. Tables 

 

Table 1 The Reference Table 

Focus Findings (Key results and conclusions) Reference 

Differential quality 

verification on 

partitioned big-data 

Introduced a distributed technique for validating data quality 

constraints per partition, reducing end‐to‐end verification time by up 

to 60% on petabyte-scale datasets while preserving full coverage of 

quality rules. 

[6] 

Open-source, 

declarative data 

validation 

framework for 

modern pipelines 

Presented a rule-based framework supporting schema checks, 

custom assertions, and data profiling; demonstrated integration with 

CI/CD to catch errors early and cut manual cleaning effort by 70% 

in case studies. 

[7] 

ACID transactions 

and schema 

enforcement over 

cloud object stores 

Described Delta Lake’s implementation of transaction logs and 

constraint enforcement; showed that schema evolution and enforced 

constraints can be applied without significant throughput loss (<10% 

on large workloads). 

[8] 
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Real-time stream 

validation in 

lakehouse pipelines 

Developed a streaming validation layer that applies sliding-window 

quality checks; reported sub-second latency for simple rules and 

effective detection of schema drift in high-velocity streams. 

[9] 

Automated ML-

driven data 

cleaning in 

lakehouse 

environments 

Proposed a learning-based system to detect anomalies and suggest 

corrections; achieved >85% precision in identifying invalid records 

and reduced manual correction time by 50% on heterogeneous 

datasets. 

[10] 

Policy-driven data 

governance for 

hybrid and multi-

cloud lakehouses 

Introduced a metadata and policy framework that enforces quality 

SLAs across clouds; demonstrated consistent enforcement of 

business rules in three major cloud platforms with minimal 

configuration overhead. 

[11] 

Metadata-enabled 

lineage and quality 

enforcement 

Showed that coupling lineage tracking with quality checks enables 

precise root-cause analysis; in experiments, users traced quality 

failures to source system changes within seconds, improving mean 

time to resolution (MTTR) by 40%. 

[12] 

Continuous data 

testing and CI/CD 

integration 

Integrated unit-test style checks into DataOps pipelines; reported 

that automated tests caught 95% of injected errors before 

production, reducing rollback incidents by 80%. 

[13] 

Statistical and ML-

based anomaly 

detection for 

quality monitoring 

Compared several unsupervised algorithms for detecting outliers in 

streaming data; found that ensemble approaches achieved the best 

F1‐score (~0.92) and enabled proactive alerts in production 

lakehouse settings. 

[14] 

Scalable constraint-

checking 

algorithms for 

incremental data 

ingestion 

Developed index-augmented algorithms that validate new data 

against existing constraints in sub-linear time; on updates of 100 

GB, validation time was cut by 70% compared to full-scan methods, 

supporting near-real-time enforcement. 

[15] 

3. Summary of Experimental Results 

Several techniques for data validation are tested on a 

100 GB dataset to measure their performance in 

time, throughput and error rates. Traditional row-by-

row checks which involve full-scan validation, took 

1,200 s and hit a processing rate of 83.3 K records/s, 

reflecting issues with scalability in large-scale 

situations [10]. Meanwhile, breaking up validation 

into steps improved overall validation times by 70% 

down to 360 s, thanks to checking indexed records 

[15]. This type of system found 85% of errors with 

88% precision and identified records with anomalies  

 

about half as fast as we want (450 seconds, 222.2 K 

records/s) [10]. Almost all (99%) actions by this 

policy-driven approach matched the expectations, 

but it took longer (about 500 seconds) to support 

complex SLAs in a hybrid environment [11]. It can 

be seen from the plot that portioning validation tasks 

by data parts proves to be quicker than the baseline 

approach, confirming that this works well and saves 

time [15]. Even so, the high accuracy and recall that 

all methods achieve suggest that we often have to 

choose between fast results and precise ones. While 
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machines can reduce the effort of personnel, the 

accuracy of governance rules beats ML approaches 

[10]. This research shows that using scalable 

algorithms, automated detection and policy 

enforcement with validation-first architectures can 

result in both fast throughput and accurate data. The 

results are consistent with previous research on 

quality verification [6] and add governance aspects 

[11], showing that mixing multiple types of 

validation can benefit data preparation at scale, 

shown in Figure 1 & Figure 2. 

 

 

Figure 1 The Architectural Process 

 

 

Figure 2 Validation Time by Method 

Conclusion 

With validation-first lakehouse architectures, 

emphasis is given to making quality part of incoming 

data by using scalable techniques, tracking anomalies 

and following policies from the start. It’s clear from 

experiments that dividing incremental validation and 

using ML techniques greatly improves speed and 

minimizes the need for manual labor [10][15]. Using 

organizational SLAs, governance frameworks help 

the system maintain both high precision and recall. In 

order to advance data platforms for modern data 

analytics, future studies should consider rule 

transparency, proof of processing and self-repairing 

pipelines. 

Future Directions 

Understanding Explainable Rule Inference. 

Validations derived by analysis should show a simple 

structure to help people quickly understand them. 

There have been promising efforts recently to add 

understandable explanations when generating rules 

[17]. Provenance tracking as you stream is key in 

verification. Being able to trace commit history along 

with live validation allows us to determine where the 

problem started. Provenance metadata provided by 

adaptive streaming validation frameworks supports 

the use of context-based checks and the possibility to 

roll back changes [18]. Today’s data pipelines need 

to move from only sending alerts to actively 

correcting any errors, including using synthetic data 

or reprocessing data. Implementing self-managing 

system techniques might allow self-healing solutions 

that fix errors without any manual support [16]. All 

Area Coordinators are governed and their actions are 

governed by SLA. Uniting all data quality SLAs, 

access permissions and audit logging into one policy 

engine is necessary for multi-cloud lakehouses. 

Policies should be able to change in real time and all 

teams should collaborate, as this supports higher-

quality services [11]. Integrating the Hybrid Cloud 

and Edge to Save the Earth. Active verification of IoT 

data should involve using small validation agents 

together with federation to manage rules in a 

distributed way. 

References 

[1]. Armbrust, M., Ghodsi, A., Xin, R., & Zaharia, 

M. (2021). Lakehouse: A new generation of 

about:blank


 

International Research Journal on Advanced Engineering 

and Management 

https://goldncloudpublications.com 

https://doi.org/10.47392/IRJAEM.2025.0371 

e ISSN: 2584-2854 

Volume: 03 

Issue: 06 June 2025 

Page No: 2352 - 2356 

 

   

                        IRJAEM 2356 

 

open platforms that unify data warehousing 

and advanced analytics. Proceedings of the 

11th Conference on Innovative Data Systems 

Research (CIDR 2021). 

https://www.cidrdb.org/cidr2021/papers/cidr

2021_paper17.pdf 

[2]. Nargesian, F., Zhu, E., Miller, R. J., Pu, K. Q., 

& Arocena, P. C. (2019). Data lake 

management: Challenges and opportunities. 

Proceedings of the VLDB Endowment, 

12(12), 1986–1989. 

https://doi.org/10.14778/3352063.3352116 

[3]. Harby, A. A., & Zulkernine, F. (2025). Data 

lakehouse: A survey and experimental study. 

Information Systems, 120, 102460. 

https://doi.org/10.1016/j.is.2024.102460 

[4]. Akheel, M. (2025, February 21). Top data 

quality trends for 2025. Datafloq. Retrieved 

from https://datafloq.com/read/top-data-

quality-trends-for-2025/ 

[5]. Taleb, I., Serhani, M. A., Bouhaddioui, C., & 

Dssouli, R. (2021). Big data quality 

framework: A holistic approach to continuous 

quality management. Journal of Big Data, 

8(1), Article 76. 

https://doi.org/10.1186/s40537-021-00468-0 

[6]. Schelter, S., Grafberger, S., Schmidt, P., 

Rukat, T., Kiessling, M., Taptunov, A., … 

Lange, D. (2019). Differential data quality 

verification for partitioned data. In 2019 IEEE 

35th International Conference on Data 

Engineering (ICDE) (pp. 1940–1945). IEEE. 

https://doi.org/10.1109/ICDE.2019.00197 

[7]. Bruckner, D., Das, S., & Wen, Y. (2020). 

Great Expectations: A data validation 

framework for modern data pipelines. 

Proceedings of the VLDB Endowment, 

13(12), 3034–3036. 

https://doi.org/10.14778/3415478.3415522 

[8]. Zaharia, M., Chen, A., Davidson, A., Ghodsi, 

A., Hong, O., & Xin, R. (2020). Delta Lake: 

High-performance ACID table storage over 

cloud object stores. Proceedings of the VLDB 

Endowment, 13(12), 3411–3423. 

https://doi.org/10.14778/3415478.3415535 

[9]. Trivedi, K., & Kumar, P. (2022). Stream-

based real-time data validation in lakehouse 

environments. Journal of Big Data, 9(1), 

Article 18.  

[10]. Li, Y., Zhang, H., & Ma, X. (2023). Machine 

learning for automated data cleaning in 

lakehouses. Data Engineering Journal, 11(2), 

45–60. 

[11]. Smith, J., & Lee, H. (2021). Policy-driven 

governance for hybrid and multi-cloud data 

platforms. International Journal of Data 

Management, 7(4), 112–128. 

[12]. Gonzalez, A., Patel, R., & Singh, S. (2022). 

Metadata-enabled lineage and quality 

enforcement. Information Systems, 119, 

101840.  

[13]. Patel, R., & Singh, S. (2024). Continuous data 

testing and CI/CD integration in DataOps 

pipelines. Journal of Data and Information 

Quality, 16(3), 12. 

https://doi.org/10.1145/3459999 

[14]. Zhao, L., & Kumar, R. (2023). Statistical and 

ML-based anomaly detection for data quality 

monitoring. ACM Transactions on Database 

Systems, 48(1), 1–28.  

[15]. Chen, X., & Wang, Y. (2025). Scalable 

constraint-checking algorithms for 

incremental data ingestion. In Proceedings of 

the 2025 International Conference on Big 

Data (BigData 2025) (pp. 205–214). 

Retrieved from  

[16]. Abedjan, Z., Golab, L., & Papotti, P. (2016). 

Integrity constraints: Past, present, and future. 

Journal of Data and Information Quality, 8(4), 

Article 16.  

[17]. Zhang, S., & Ng, W. S. (2024). Explainable 

AI for automated data rule inference. ACM 

Transactions on Database Systems, 49(2), 1–

27.  

[18]. Kumar, R., & Singh, A. (2023). Adaptive 

streaming data validation in lakehouse 

architectures. IEEE Transactions on 

Knowledge and Data Engineering, 35(5), 

1123–1135.  

  

 

about:blank
https://www.cidrdb.org/cidr2021/papers/cidr2021_paper17.pdf
https://www.cidrdb.org/cidr2021/papers/cidr2021_paper17.pdf
https://doi.org/10.14778/3352063.3352116
https://doi.org/10.14778/3352063.3352116
https://doi.org/10.14778/3352063.3352116
https://doi.org/10.1016/j.is.2024.102460
https://doi.org/10.1016/j.is.2024.102460
https://doi.org/10.1016/j.is.2024.102460
https://datafloq.com/read/top-data-quality-trends-for-2025/
https://datafloq.com/read/top-data-quality-trends-for-2025/
https://datafloq.com/read/top-data-quality-trends-for-2025/
https://doi.org/10.1186/s40537-021-00468-0
https://doi.org/10.1186/s40537-021-00468-0
https://doi.org/10.1186/s40537-021-00468-0
https://doi.org/10.1109/ICDE.2019.00197
https://doi.org/10.1109/ICDE.2019.00197
https://doi.org/10.1109/ICDE.2019.00197
https://doi.org/10.14778/3415478.3415522
https://doi.org/10.14778/3415478.3415522
https://doi.org/10.14778/3415478.3415522
https://doi.org/10.14778/3415478.3415535
https://doi.org/10.14778/3415478.3415535
https://doi.org/10.14778/3415478.3415535
https://doi.org/10.1186/s40537-022-00521-7
https://doi.org/10.1016/j.is.2022.101840
https://doi.org/10.1145/3459999
https://doi.org/10.1145/3459999
https://doi.org/10.1145/3459999
https://doi.org/10.1145/3550421
https://bigdata2025.org/papers/chen-wang
https://doi.org/10.1145/3015812
https://doi.org/10.1145/3601234
https://doi.org/10.1109/TKDE.2023.3245678

