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Abstract: Data is continuously coming in from many sources at a fast rate in today's big data ecosystems. Because of
this, making ensuring the data is of a suitable quality is both crucial and challenging. Inaccurate analytics outputs and
worse performance, fairness, and credibility of later Al models can result from poor data quality, which can show up as
missing values, inconsistencies, anomalies, duplication, and delayed updates. The conventional methods of evaluating
data quality—static rules, manual profiling, and preset limitations—do not work well with big data pipelines that are
constantly changing.

An approach for Al-assisted data quality evaluation that can be used to both massive batch and streaming pipelines is
covered in this paper. In order to automatically profile data, detect quality problems, and produce adaptive quality
ratings for a range of attributes like completeness, consistency, correctness, timeliness, and validity, the suggested
method makes use of machine learning and deep learning. Unsupervised models for anomaly detection include
autoencoders and isolation forests. In contrast, supervised learning techniques estimate quality labels and scores based
on expert feedback and historical data. The architecture provides a way for the system to keep learning, allowing it to
adjust when pipeline configurations and data distributions change.

The Al-assisted approach beats conventional rule-based approaches at identifying intricate and previously unidentified
data quality problems, according to an experimental evaluation using real-world big data workloads. The findings also
demonstrate that downstream analytics and machine learning models perform better when trained on data validated by
the suggested approach. All things considered, our study shows that Al-driven data quality assessment may be a
scalable, flexible, and astute way to guarantee that future large data pipelines contain accurate data.

Keywords: Al-driven data quality and big data pipelines assessing data quality, applying machine learning, identifying
anomalies, profiling, streaming, and data governance. clever engineering of data.

I. INTRODUCTION

The quick development of big data technologies has changed how companies collect, handle, and evaluate data to make
decisions, automate processes, and offer intelligent services. Information is continuously gathered by contemporary big
data pipelines from a range of sources, such as sensors, transactional systems, social media, and business apps [1].
Large-scale analytics and real-time insights are offered by these pipelines, but maintaining high data quality is also very
challenging. Inaccurate, missing, inconsistent, or outdated data can be disseminated by analytics workflows, leading to
inaccurate insights and subpar machine learning and artificial intelligence (Al) model performance [2].

Rule-based validation, schema enforcement, and human data profiling were traditional approaches to data quality [3].
Such systems rely on human talent and standards to identify problems such as missing digits or formatting errors.
However, these technologies are more prone to malfunction and more challenging to manage in circumstances
involving vast amounts of constantly changing big data. Static rules are unable to keep up with quality issues that are
always changing and become more complicated due to the rapid and frequent arrival of data streams, schemas, and
concepts. Many data errors are therefore left unreported until they endanger analytics or the company.

It's crucial to have a reliable method to guarantee the quality of their data as more businesses employ Al-driven
analytics. Predictions may be inaccurate, unstable, or skewed because machine learning models are extremely
vulnerable to data problems. For Al systems to be honest and reliable, keeping high-quality data is therefore not just a
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great idea but also essential [4]. New automated techniques are being used more and more to monitor, evaluate, and
improve the quality of data in large data pipelines.

In this case, data quality checks can now be aided by Al. Without much help from humans, Al-powered systems are
able to find patterns in data, spot outliers, and adapt to shifting data distributions. Deep learning and machine learning
are used to accomplish this [5]. Along with analyzing Al's potential to enhance data quality evaluation in massive data
pipelines, this work offers a scalable method for integrating Al-driven quality assessment into batch and streaming data
processing. The research aims to demonstrate how smart data quality technology may improve pipeline dependability
and downstream analytics performance.

Il. BACKGROUND & LITERATURE REVIEW

A. Quality of Data in Big Data Circumstances

How effectively data fits its intended use is referred to as its quality. Among the most common metrics are
completeness, accuracy, consistency, timeliness, validity, and uniqueness. Because there are so many data sources that
come in so fast and in so many various forms, it is getting harder to keep these dimensions current in big data
situations. Fast data updates, parallel processing, distributed storage, and schema-on-read paradigms can all lead to
unnoticed quality problems that are hard to find with standard techniques [6]. It has frequently been demonstrated that
low-quality data directly affects the reliability of research and the capacity to make operational judgments, especially
when artificial intelligence is involved.

B. Typical Techniques for Verifying Data Quality

Statistical summaries, integrity constraints, rule-based validation, and human data profiling are common techniques for
assessing the quality of data [7]. ETL pipelines frequently use business rules, threshold checks, and schema validation.
Although these techniques are neither scalable or adaptable, they perform well on stable, well-defined datasets. Static
rules commonly miss intricate, hard-to-see mistakes like contextual inconsistencies or small distribution changes, and
thus need to be updated frequently. Furthermore, physical involvement doesn't work in streaming pipelines that move
quickly.

C. Enhancing Data Quality with Al and Machine Learning Applications

Recent studies have looked into the ways that Al and machine learning can assist in resolving issues with conventional
approaches [8]. In the absence of labelled data, anomalies and outliers can be found using unsupervised learning
approaches such as clustering, isolation forests, and autoencoders. Supervised algorithms have been suggested as a way
to forecast data quality labels or ratings using prior quality annotations. The quality of unstructured data, including text,
photos, and logs, can also be assessed using deep learning algorithms. These Al-powered systems' capacity to expand,
adapt, and identify intricate patterns makes them perfect for dynamic big data pipelines.

D. Current Research Deficits and Frameworks

Al-based data quality frameworks with an emphasis on automated profiling, quality grading, and ongoing monitoring
have been proposed in a number of ways. However, a lot of current solutions are ineffective for end-to-end, real-time
pipelines since they only work offline or examine one quality metric at a time. Research on unified frameworks that can
easily integrate Al-driven quality evaluation into batch and streaming big data operations while permitting ongoing
learning and governance is also lacking [9].

Table 1: Comparison of Data Quality Assessment Approaches

‘;‘I’If:““" Techniques Used Scalability  Adaptability Key Limitations
Rule-based  Constraints, thresholds, schemas LO“"_ Low Mamual maintenance, brittle rules
Medium
Statistical  Profiling, distributions Medum  [Low Limited semantic understanding
ML based Ano@aly Ftetectxon Hieh High Reqlms tlriiunug data,
classification = b explainability

Deep Leaming Autoencoders, NIPmodels ~ VeryHigh  VeryHigh | Computational cost, transparency
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I11. PROPOSED AI-ASSISTED DATA QUALITY ASSESSMENT FRAMEWORK

An entire Al-assisted data quality evaluation architecture for massive big data pipelines that run-in batch and streaming
modes is shown in this section [10]. The system incorporates sophisticated quality assessment at every stage of the data
lifecycle. This enables you to implement large-scale initiatives, learn as you go, and keep an eye on things constantly.

A. A Synopsis of the Architecture
The proposed framework has a layered, modular architecture that works well with current big data platforms like Flink,
Kafka, and Apache Spark [11]. Through ingestion levels, data from many sources enters the pipeline and is processed
concurrently on several nodes. Al-powered quality layers assess data quality almost instantly and give you useful
feedback signals and quality metrics.

B. Key Components

Layer of Data Ingestion Batch and streaming data from structured, semi-structured, and unstructured sources are
received by this layer [12]. Source, date, and schema version metadata are preserved so that the quality can be assessed
contextually.

For use as input by Al models, the Feature Extraction & Profiling Layer automatically produces statistical, semantic, and
temporal features (such as null ratios, value distributions, and pattern frequencies) [13].

C. Al-based quality assessment engine
o Deep learning methods can handle complicated data types like sensor feeds and text logs;
e supervised models infer data quality labels or ratings using prior quality annotations;
o while unsupervised models, including Isolation Forests and Autoencoders, identify outliers and distributional
changes [14].

1) Module for quality scoring and alerting

In order to generate comprehensible quality scores based on factors including timeliness, accuracy, consistency, and
completeness, this module integrates model outputs [15]. Alerts are set off when quality standards are surpassed.

2) Continuous Learning & Feedback Loop

In reaction to user input, rule changes, and downstream model performance metrics, Al models are constantly retrained
and modified. As a result, they are more resilient to changing data patterns and concept drift.

D. Key Advantages

Because the suggested framework is automated, scalable, and adaptive, it overcomes the rigidity of rule-based methods.
By integrating Al into the pipeline, problems with data quality are detected before they arise and downstream analytics
and Al systems continue to be dependable [16].

Figure 1: Al Assisted Data Quality Assessment Framework
IV. METHODOLOGY
The implementation and evaluation of the suggested Al-assisted data quality assessment system in big data pipelines

are covered in this part [17]. The approach is intended to be less costly, more adaptable, and more reproducible than
previous approaches.
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A. Selection of Data Sources and Data Preparation

We use both synthetic and real-world datasets to evaluate the framework's performance. Controlled data quality issues,
including noise, missing values, duplication, schema violations, and temporal delays, are incorporated into synthetic
datasets [18]. Sensor feeds, large transaction logs, and semi-structured application data are the sources of real-world
datasets. You may thoroughly analyse a range of quality metrics and data characteristics with this combination.

B. Developing Profiling and Features

From the input data, automated feature extraction retrieves temporal, structural, and statistical information. Null ratios,
value distributions, frequency patterns, schema compliance signals, and time-based delays are the most important
features [19].

The framework can identify tiny quality changes that would be challenging to record with static rules, and these features
are used as inputs for machine learning models [20].

C. Al guality assessment models
The framework makes use of several different learning techniques:

e Isolation forests and autoencoders are examples of unsupervised models that may identify errors and anomalies in
data without the need for labelled information.

o Deep learning models are employed for complex or unstructured data, such text logs and sensor streams;
supervised models (Random Forest and Gradient Boosting) use prior annotations and expert comments to infer
quality labels or scores [21].

This combination guarantees the identification of new issues and the proper classification of current quality flaws.

D. Baselines and Evaluation Metrics

We use precision, recall, F1-score, and quality score accuracy to assess the efficacy of data quality detection.
Furthermore, the impact on downstream is measured by looking at how machine learning models' accuracy changes
when they are trained on data that has been quality-filtered [22]. We contrast the suggested framework with existing
rule-based and statistical profiling-based validation techniques.

Table 2: Evaluation Metrics and Baseline Methods

Category Method / Metric Purpose

Baseline Rule-based checks Static quality validation
Baseline :Statistical profiling Distribution-based detection
Metric Precision / Recall Error detection accuracy
Metric  Fl-score Balanced performance
Metric  Downstream ML accuracy:Impact on analytics

E. Implementation Environment

The framework leverages technologies for distributed data processing, including Apache Kafka/Flink for streaming
data and Apache Spark for batch processing [23]. To ensure that quality assessment is finished as soon as possible, we
train and infer the model simultaneously.

F. A Synopsis of the Approach

Strict testing guidelines, a large and potentially expanding data infrastructure, and flexible Al models are all features of
the suggested solution [24]. Because it provides constant, accurate, and automatic data quality assessment, this system
works better than prior approaches when the pipeline changes.
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Figure 2: Comparative Performance Analysis of Data Quality Detection
The bar graph shows what several techniques for assessing data accuracy might show:

e With an accuracy of roughly 92%, the Al-Based Framework provides the best detection performance. This
shows that it can use machine learning and adaptive learning techniques to identify intricate and dynamic data
quality problems.

o  While statistical profiling is effective (about 76%) at identifying anomalies at the distribution level, it is unable
to comprehend context or meaning.

e Due to its inability to handle shifting schemas, idea drift, and concealed quality defects, rule-based validation
has the lowest accuracy (about 68%).

V. EXPERIMENTAL RESULTS

The suggested Al-assisted data quality review method is covered in great detail in this section, with particular attention
to how it may be enhanced, how well it finds errors, and how it will affect analytics in the future [25]. To make sure
they functioned as planned in practice, we evaluated them in batch and streaming big data settings.

A. The system's ability to recognize problems with data quality

How well the framework identifies various data quality problems, including missing values, anomalies, inconsistencies,
and late submissions, is determined by the first set of tests. The Al-powered system routinely outperforms conventional
rule-based and statistical profiling techniques, according to the results [26]. While supervised models found quality
problems already present, unsupervised anomaly detection methods found mistakes that had not been found before. The
blended learning strategy preserved accuracy while improving memory. This illustrates how well it performs across a
range of quality metrics.

B. A contrast with baseline techniques
Our approach was contrasted with rule-based validation and statistical profiling. The Al-powered system beat the
competition in terms of F1 scores, precision, and recall on all datasets [27]. For complicated and situational quality
concerns that are challenging to code using static rules, like cross-field discrepancies and temporal abnormalities,
improvements were particularly apparent. These results demonstrate that adaptive learning operates better in dynamic
big data pipelines than prescribed limits.

C. Performance and Scalability Testing

The framework's ability to manage growing data volumes and faster intake rates was tested through scalability studies.
Very little latency was introduced by the Al-based quality evaluation layer, and the distributed system was essentially
linearly scalable. Real-time quality assessment could continue to operate even when a lot of events happened at once,
according to streaming testing. This indicates that the architecture is suitable for pipelines of considerable size [28].

D. The effect on machine learning models that follow

To find out how machine learning models might impact the future, we trained them on data from both before and after
quality inspection. Prediction accuracy, stability, and variability were greatly improved for models trained on quality-
vetted data. This illustrates how comprehensive data quality checks increase the dependability and utility of Al-
powered analytics [29].
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E. A summary of the most significant results

Overall, the experimental findings indicate that the suggested Al-assisted framework enhances data quality, works
effectively with big datasets, and provides several benefits for further study. According to these results, this approach
might be wise and practical for addressing contemporary data engineering problems [30].

VI. DISCUSSION

The test results are discussed in this section along with their implications for using Al to check the quality of data in
massive data pipelines [31].

A. What role does Al play in assessing quality?

The test findings unequivocally show that Al-assisted solutions are superior to conventional rule-based and statistical
approaches in identifying problems with data quality. Unsupervised models' capacity to spot novel and unexpected
issues was especially useful when the characteristics of the data evolved over time. Supervised learning techniques
improved accuracy and found known data problems by using previous quality comments. These results demonstrate
that by detecting mistakes, Al-driven review could support proactive and predictive quality control [32].

B. Understanding and Utilizing

Although Al-powered solutions increase performance, they can complicate and inefficiently complete jobs. While rule-
based solutions are always clear, machine learning models can sometimes be perceived as "black boxes." However, this
issue might be somewhat resolved by employing explainable Al techniques like anomaly attribution and feature
importance analysis [33]. By integrating Al-based detection with human input, businesses can progressively
incorporate it into their data pipelines and foster trust.

C. Scaling and deployment considerations

Because it is composed of several parts, the framework can function in a variety of computing environments.
Experiments show that Al models are capable of managing the extra processing load, especially when simultaneously
inferring. Finding the ideal balance between latency and accuracy requires careful resource allocation and model
selection, especially when streaming live [34].

D. The implications for data governance and Al dependability

Al-assisted data quality assessment supports ongoing audits, compliance, and risk mitigation. Al models using high-
quality data are more robust, fair, and reliable. Evaluation of data quality should therefore be seen as a crucial part of
responsible artificial intelligence rather than as a small part of the entire effort [35].

E. An overview of the conversation

All things considered, the discussion shows that Al-assisted data quality review offers a good mix of automation,
adaptability, and efficiency [36]. It produces enormous, dependable data pipelines when paired with interpretability
tools and strong governance.

Figure 3: Al- Assisted Data Quality

VII. CHALLENGES AND FUTURE RESEARCH DIRECTIONS

While Al-assisted data quality inspection has shown some encouraging outcomes, several problems need to be resolved
before it can be widely used and sustained in massive data pipelines.
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A. Empathize and Establish Trust

Al-based quality assessment algorithms are hard to understand, which is one of the main problems. Although machine
learning techniques can identify complex and concealed problems with data quality, their decision-making process is
frequently inaccurate. Lack of openness may make it difficult for data engineers, auditors, and regulatory stakeholders
to trust one another. Future studies should focus on integrating explainable Al (XAl) technology to offer convincing
arguments for making astute choices and finding strange things [37].

B. Managing Conceptual and Informational Shifts

Due to frequent changes in data sources, formats, and dissemination, big data pipelines are extremely dynamic. Some
of these problems are addressed by continuous learning systems, although controlling concept drift without causing
instability is still challenging. Future studies should concentrate on online and self-adaptive learning models that can
maintain prior knowledge while automatically adapting to changing data [38].

C. Calculating expenses and resource usage

Computational expenses are increased by Al-driven quality assessment, particularly when deep learning models are
applied in real-time streaming scenarios. One of the biggest challenges is striking the right balance between resource
use, latency, and detection accuracy. Model compression methods, edge-based quality evaluation, and lightweight
models may all greatly lower overhead.

D. Integrating Ethics with Data Governance

How Al-based data quality assessment might function with organizational frameworks for data governance, privacy,
and compliance is another unsolved issue [39]. We have to follow the rules, be fair, and refrain from amplifying bias.
Future studies should integrate ethical Al and responsible data governance techniques with data quality assessment.

Table 3: Key Challenges and Future Research Directions

Challenge Description Future Research Direction

Interpretability Black-box AI models Explainable Al for quality assessment

Concept Drift Evolving data patterns Online and self-adaptive learning

Scalability High computational cost Lightweight and edge-based models

Governance Compliance and ethics Responsible and auditable Al systems

E. Section Summary

We need to solve these problems in order to move Al-assisted data quality evaluation from experimental frameworks to
reliable, enterprise-level solutions. Future studies on governance, efficiency, openness, and adaptability will be
essential to creating robust and ethical big data pipelines [40].

Figure 4: Future Research Roadmap

VIIL. CONCLUSION
This study looked into how Al-assisted data quality assessment could improve the accuracy and utility of contemporary

big data pipelines. Since Al-based analytics and data-driven decision-making depend on vast volumes of diverse,
rapidly changing data, it has grown more challenging to guarantee high-quality data. In today's complex and constantly
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evolving big data environments, standard statistical and rule-based data quality techniques perform poorly. A thorough
Al-driven methodology that incorporates intelligent data quality assessment directly into batch and streaming processes
was presented in the study as a solution to these challenges.

The program can be used to monitor data quality in multiple ways, check quality in a customisable method, and
automatically construct profiles. Unsupervised anomaly detection, supervised quality prediction, and deep learning are
used in tandem to achieve this. The findings of the experiment demonstrate that the suggested method continuously
performs better than existing approaches in identifying complex and before unidentified data quality problems. Its low
latency and scalability are maintained.

The findings demonstrate that detection precision is less important for downstream analytics and machine learning
systems than thorough data quality review. It was shown that models trained on high-quality data were more resilient,
accurate, and dependable. This emphasizes how critical it is to use good data while developing Al. Because the design
contains mechanisms for continuous learning and feedback, you can modify it to meet different pipeline topologies and
data distributions.

To summarize, employing Al to evaluate data quality is a novel approach to data engineering. The proposed method
transforms data quality testing from a time-consuming, rule-based task to a flexible, smart process. This paves the way
for improved analytics, ethical Al use, and long-lasting big data ecosystems.
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