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ABSTRACT

In this paper, we present a comprehensive review of the
evolution of data quality awareness from traditional data
management systems to modern data-driven ML systems,
which are integral to data science. We synthesize the ex-
isting literature, highlighting the quality challenges and
techniques that have evolved from traditional data manage-
ment to data science, including Big Data and ML fields. As
data science systems support a wide range of activities, our
focus in this paper lies specifically in the analytics aspect
driven by ML. We use the cause-and-effect connection
between the quality challenges of ML and those of Big
Data to allow a more thorough understanding of emerging
DQ challenges and the related quality awareness techniques
in data science systems. To the best of our knowledge, our
paper is the first to provide a review of DQ awareness
spanning traditional and emergent data science systems.

1 INTRODUCTION

The rapid evolution of data science (DS) systems has fun-
damentally shifted how data is processed and analyzed.
Driven by the convergence of Big Data—distinguished
by its scale, speed, and complexity—and Machine Learn-
ing (ML), these systems operate as end-to-end pipelines
where models are learned from data to automate decision-
making. These systems, which handle massive datasets and
complex models, rely on data quality (DQ) to ensure reli-
able performance. In this context, DQ awareness—which
encompasses defining quality goals via dimensions and met-
rics, systematically assessing their state to understand their
impact, and dynamically adapting processes to improve
data quality—becomes critical.

While recent research admits the value of traditional
DQ frameworks, directly applying them to DS systems
is difficult. This requires moving from traditional quality
dimensions, like accuracy and completeness, to the new
quality criteria for modern DS systems.

Motivated by the growing importance of DQ awareness
in modern DS systems, this paper traces the transition
across three evolving paradigms: from Traditional Data
Management (schema-driven systems designed for struc-
tured, transactional processing across both centralized and
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traditional distributed environments), to Big Data environ-
ments (distributed ecosystems engineered for extreme Vol-
ume, Velocity, and Variety), and ultimately to DS Systems
(analytical architectures that integrate Big Data infrastruc-
ture with ML pipelines for predictive decision-making).
This journey highlights how increasing data scale, complex-
ity, and usage progressively reshape DQ concerns, where
DQ awareness perspectives are determined by the dominant
quality concerns of each system. In traditional data manage-
ment systems, the singular focus on meeting the needs of
immediate users often oversimplified the complexity of DQ
issues. In a Big Data context, DQ issues are multiplying due
to (i) very large datasets that go beyond the scale assumed
by traditional DQ methods, (ii) different types of data that
existing quality dimensions and evaluation methods cannot
handle, and (iii) real-time, evolving data that may alter data
characteristics and derived insights. These DQ issues result
in two main challenge areas, as identified by Saha and
Srivastava [101]: (i) discovering data quality semantics and
performing data repairing in Big Data environments; and
(ii) managing the trade-off between accuracy and efficiency
across different computing models. This emphasizes the
increased complexity of big DQ dimensions, leading to
new DQ techniques supported by Big Data platforms.

The ability to extract value from Big Data largely relies
on data analytics, where ML plays a central role along-
side business intelligence, data visualization, and statistical
analysis. In this survey paper, we focus on ML, which is
considered as the core of the Big Data revolution [19, 92].
This synergy between Big Data and ML allows DS to trans-
form Big Data into insights, decisions, and predictions.
However, the complex configurations of the datasets used
in DS systems and the diverse backgrounds of ML practi-
tioners introduce new DQ issues, such as the propagation of
errors and biases across ML pipelines, and pose challenges
in managing their impact on model training, evaluation,
and downstream decisions.

Despite the rich literature on DQ in both Big Data [18,
19], and ML [95], and studies on their integration [77, 92],
there is still a gap in exploring the interplay between DQ
issues and the unique challenges arising from linking ML
and Big Data within data science systems. Unlike prior
surveys that treat Big Data and ML quality in isolation, the
explicit goal of our study is to map the compounding cause-
and-effect relationships at their intersection. To this end,



this paper makes the following contributions: (1) We take
readers on a journey through the evolution of DQ awareness
from traditional systems to data science. We focus on ML
pipelines as a key component of DS systems and emphasize
the critical heritage from Big Data and traditional data
management, including quality awareness techniques, for
navigating emerging DQ challenges in ML pipelines. (2) We
highlight emerging DQ challenges and new opportunities,
based on the cause-and-effect intersection between Big
Data and ML challenges, as depicted in Figure 2. (3) We
provide an extension of existing classifications of DQ
dimensions and techniques for ML pipelines (Table 1),
linking them to specific pipeline stages. (4) We identify
key research gaps and future opportunities, including the
emerging dual role of LLMs in data quality.

The structure of this survey mirrors the cumulative rather
than substitutive evolution of DQ challenges. We organize
the remaining sections to highlight this "inheritance" rela-
tionship: Section 3 discusses traditional systems, where DQ
mainly concerns syntactic correctness and transactional
reliability; Section 4 shows how Big Data inherits these
requirements while adding challenges from volume, variety,
and velocity; and Section 5 examines how ML pipelines
incorporate both the syntactic strictures of traditional data
and the issues of Big Data characteristics, while adding
novel challenges in semantic fitness.

2 FOUNDATIONAL CONCEPTS OF DQ

This section introduces the main systems and DQ concepts
used throughout the paper. By traditional data manage-
ment systems, we refer to schema-driven, transactional
environments—including relational databases and early
distributed databases—designed to manage structured data
with predefined schemas and ACID guarantees [6]. By
Data Science (DS) systems, we refer to analytical architec-
tures that couple Big Data infrastructure with ML pipelines
to derive predictive insights from large, heterogeneous
datasets [19, 92].

In this paper, we define Data Quality Awareness [6,
19] as the ability of a data system to explicitly define
quality goals via dimensions and metrics, systematically
monitoring these states (Assessment), and dynamically
adapting processes to mitigate issues (Improvement).

Data quality refers to the extent to which data is suitable
for a specific task, emphasizing its actual utility and rele-
vance to the context. Data quality is often measured by its
"fitness for use" in supporting operations, decision-making,
and planning [97]. To evaluate and ensure DQ, two main
components are used: DQ Dimensions and DQ Metrics.
Formally, a DQ Dimension is defined as a quality attribute
d belonging to a set of dimensions D, where each d € D
represents a specific aspect of data "fitness for use" to be
evaluated [8, 122]. Rather than acting merely as descrip-
tive labels, dimensions serve as the conceptual variables

that structure and categorize data quality requirements,
such as intrinsic accuracy, contextual relevance, or timeli-
ness [6, 122]. To operationalize these qualitative constructs,
DQ Metrics provide specific measuring procedures. As
established in the literature [6, 90], a metric is a measure-
ment function my : X — V associated with a dimension
d, where X denotes a dataset (or a subset of data) and V
represents the metric value domain (e.g., numerical scores,
boolean values, categorical levels, or vectors) indicating
the degree to which the dimension is satisfied. This mathe-
matical operationalization enables objective, reproducible,
and comparable evaluations of data quality across datasets,
as well as continuous quality monitoring.

While dimensions and metrics provide the quantitative
basis, realizing DQ Awareness requires a structured execu-
tion framework. Continuous improvement and assessment
efforts are then essential to improve source quality and
meet or exceed user expectations [6, 18]. Assessment is
the systematic evaluation of data against quality dimen-
sions to identify anomalies, errors, and their causes; and
improvement uses these findings to enhance data through
data-driven updates and process-driven changes [111].

3 DQ AWARENESS IN TRADITIONAL
DATA MANAGEMENT

Traditional data management systems use various tech-
niques to support DQ awareness, primarily from the per-
spective of data producers or sources, focusing on mod-
eling and measuring data quality at its origin. However,
addressing quality challenges also requires considering data
consumers by modeling user requirements and ensuring
data meets their expectations. In this paper, perspectives
distinguish whether DQ is primarily evaluated from the
viewpoint of the data itself, its operational use, or the
broader actors affected by the system, depending on the
dominant quality concerns of each system.

3.1 Quality Awareness from Data Perspective

The data perspective for quality awareness focuses on data
characterization. Dimensions are used to describe various
data properties [109], commonly categorized as intrinsic,
accessibility, contextual, and representational quality [123].
To understand data characteristics and assess quality, data
profiling techniques are applied at different levels: (i) at-
tribute/tuple level (e.g. missing values, domain violations);
(ii) single relation (e.g., business rule violations); (iii) mul-
tiple relations (e.g., referential integrity violations); and (iv)
multiple sources (e.g., inconsistent duplicates). Profiling
includes defining new quality rules (e.g., Functional Depen-
dencies) and identifying quality issues (e.g., inconsistent
data) [1, 22, 60, 85, 89].

In [11], profiling involves associating quality contracts
with data sources, where a set of contracts forms a quality



profile. These profiles are used to negotiate quality re-
quirements with data source wrappers, ensuring the query
framework selects sources based on quality characteristics.
Conditional DQ profiling, as proposed in [129], associates
attribute quality to conditions in user queries. Although
guided by user-defined conditions, the technique remains
data-oriented because it primarily evaluates and character-
izes data quality properties.

3.2 Quality Awareness from User perspective

Among techniques, query processing is the most impor-
tant component in traditional systems, embedding quality
measures directly into their processes. Quality-aware query
processing techniques ensure that data meet user require-
ments and preferences, mainly through query language
extensions and adaptive query processing.

3.2.1 Query language extensions They integrate DQ
considerations into query processing by allowing the expres-
sion of quality metrics and constraints in a simple, declar-
ative manner. In [129], an SQL extension was proposed
to model user preferences through hierarchical prioritiza-
tion. Additionally, the DQ-Aware Query System (DQAQS)
framework was introduced to improve user satisfaction by
considering these preferences in query results.

In [11], the quality-extended query language XQual
was introduced for selecting dynamic sources using a
negotiation strategy. It extends SQL with a Qwith operator
to specify quality constraints via contracts and profiles. This
approach was later applied to skyline queries with graph-
based nearest neighbor search [12], and more recently to
enforce DQ thresholds in ML training data [26].

3.2.2 Adaptive query processing It allows for dynami-
cally handling DQ issues and provides more reliable query
results. It involves creating multiple query execution plans
that can be switched based on the quality of the data.
In [84, 86], a distributed query planning algorithm discards
low-quality sources, ordering plans by completeness. Sys-
tem P [99] uses a completeness-driven approach where
peers rank local plans by potential result size and prune
based on budget thresholds, balancing completeness and
cost. Similarly, [129] incorporates planning and optimiza-
tion to assess each plan’s utility based on expected data
quality, ensuring efficient handling of diverse data sources.

4 DQ AWARENESS IN BIG DATA

As data-centric technologies advanced beyond the tradi-
tional data management paradigms discussed in Section 3,
the scope of data quality expanded. Big Data ecosystems
do not abandon traditional quality perspectives; rather, they
inherit foundational dimensions and adapt them to new
operational scales. Following, we present the dimensions
related to new DQ challenges and the impact of Big Data
characteristics (BDCs) on quality dimensions.

4.1 Big Data Quality Dimensions

Traditional quality dimensions (e.g., accuracy, complete-
ness, consistency, etc.) are not sufficient to assess Big
Data [7]. In the context of Big Data, the meaning and
calculation methods of these traditional dimensions un-
dergo significant changes. This section presents common
quality dimensions relevant to Big Data. We classify them
according to the existing literature [18, 19, 41, 45], into
source-specific and user perspective dimensions. This clas-
sification extends the data and user perspectives introduced
in Section 3 into the context of Big Data to address its
inherent complexity.

4.1.1 Source perspective dimensions The UNECE (United
Nations Economic Commission for Europe) classifica-
tion identified three main types of data sources: process-
mediated, machine-generated, and human-sourced [45].
Big DQ dimensions from the source perspective are cate-
gorized accordingly:

e Process-mediated data sources, typically relational
databases with structured data (e.g., customer records),
face quality issues such as incorrect values, duplicates,
and incompleteness. Related dimensions include consis-
tency, accuracy, and freshness.

e Machine-generated sources, using sensors and machines
to record real-world events, produce well-structured
data. Quality issues often stem from measurement envi-
ronments (e.g., machine noise, environmental effects).
Key dimensions are accuracy, completeness, consistency,
trustworthiness, and freshness.

e Human-sourced information sources, such as social net-
works, store human experiences like photos, audio, and
videos. In addition to common quality dimensions, am-
biguity in short text presents a unique challenge.

4.1.2 User perspective dimensions To better understand
Big Data applications, quality dimensions are defined from
the user perspective, based on two main assessment ap-
proaches. The effective assessment focuses on evaluating
dimensions that influence user interaction with data. Key
dimensions include reliability, availability, usability, rel-
evance, and presentation quality [18], reflecting ease of
access, usefulness, trustworthiness, alignment with expecta-
tions, and overall user satisfaction. The context-dependent
assessment, highlighted in [4], emphasizes adapting di-
mensions based on the specific context of data assessment,
including the data source, type, and intended application.
In [79], the adaptive quality model adds user requirements
related to execution time and performance, introducing the
confidence dimension to address accuracy and trustworthi-
ness. The importance of context is further demonstrated
in specific domains [42, 105]. Social media platforms
prioritize timeliness and accuracy for sentiment analysis,



while online news platforms value credibility to ensure
trustworthy reporting [37, 38, 115].

4.2 TImpact of Big Data Characteristics on DQ

Previous work characterizes big DQ by (i) exploring the
link between Big Data traits and quality dimensions, (ii)
identifying specific dimensions, and (iii) analyzing their
evaluation. However, a gap remains in connecting BDCs
to quality dimensions and understanding their impact on
Big Data applications. This stems from the distinction
between data quality and the value of insights derived from
it, despite their correlation [2]. Moreover, DQ affects the
whole Big Data pipeline, including acquisition, analysis,
and interpretation [100]. As a result, assessing the overall
quality of Big Data for a specific application remains a ma-
jor challenge. To address this gap, prior work investigated
the correlation between BDCs and DQ in specific domains.
In the financial sector, for example, [121] found that data
variety, due to multiple sources, has more impact on dimen-
sions like accuracy, consistency, security, timeliness, and
completeness. Velocity was also linked to timeliness, as
faster data generation and processing support timely use.

[47] studied the effect of data volume on DQ dimensions
influencing the effectiveness and adoption of Big Data
analytics in business contexts. The study focused on less
common dimensions: data diagnosticity (value of insights),
accessibility (ease of access), security (risks in aggregation
and analysis), and task complexity (data processing diffi-
culty). Using the theory of valence from economics and
psychology, the authors analyzed the positive and negative
roles of these dimensions to guide business data practices.

The findings show that contextual dimensions, particu-
larly timeliness and accessibility, are most closely linked to
BDC:s in user applications. However, existing studies have
limitations. Dimensions beyond security and accessibility
may also impact Big Data analytics, yet the influence of vari-
ety and velocity on these dimensions remains unclear. Most
research focuses on the financial sector, limiting broader
applicability. This narrow scope, along with limited user
validation, hinders generalization across diverse Big Data
contexts. Large volumes amplify security risks, and frame-
works like Hadoop add further challenges in distributed
environments [13]. Despite these limitations, the findings
are useful for understanding the relationship between BDCs
and DQ dimensions in user applications. Based on this,
we summarize the impact of BDCs on DQ dimensions
in Figure 1. The diagram illustrates the causal links we
identified: BDCs (left) act as root causes impacting DQ
dimensions (right). For instance, an increase in ’Variety’
(a BDC) has a documented negative impact on ’Accuracy’
and *Consistency’ (DQ dimensions) because integrating
heterogeneous sources often leads to conflicts. Conversely,
"Velocity’ (a BDC) positively correlates with *Timeliness’
(a DQ dimension), enabling real-time analytics.

Big Data Characteristics

Velocity rﬂ’<

Data Quality Dimensions
Timeliness
Completeness
Accuracy

Consistency

Volume
Security
Complexity
Diagnosticity
Variety

Accessibility

—— Positive Impact —— Negative Impact

Figure 1. The impact of the BDCs on DQ dimensions.

4.3 Quality Awareness Techniques for Big Data

This section presents quality awareness techniques in the
Big Data context, aligned with the V’s characteristics,
focusing on sampling, parallel processing, and incremental
techniques.

4.3.1 Techniques for Managing Data Volume

Parallel Computing. The sheer volume of Big Data
makes traditional, single-node DQ assessment computa-
tionally infeasible. Therefore, new quality awareness tech-
niques emerged that rely on distributed frameworks such
as Apache Hadoop and Apache Spark. These frameworks
enable DQ tasks, such as large-scale profiling and assess-
ment, to be parallelized. This parallel processing capability
is the foundation for modern, large-scale DQ libraries. Sev-
eral studies assess performance and scalability using these
frameworks. Their findings show that Spark significantly
improves computational efficiency for very large data vol-
umes [19, 25, 103]. For instance, Deequ [103], built on
Apache Spark, is designed specifically to automate data
quality verification on terabyte-scale datasets.

Sampling and Sketch Techniques. Sampling reduces
the time required for DQ assessment by approximating
results. Commonly used methods include simple ran-
dom, systematic, stratified, cluster, and reservoir sam-
pling [14, 55, 75, 108, 119]. These techniques help deter-
mine sample sizes and select effective subsets to evaluate
quality metadata. For instance, [19] shows that sampling im-
proves accuracy under time constraints, while [75] demon-
strates that systematic sampling better supports accuracy
and completeness, and simple random sampling is better
for timeliness. [113] introduces bootstrap sampling to pro-
file datasets and select suitable metrics.The subsequent
work in [114] applies the Bag of Little Bootstrap (BLB) to
improve efficiency in processing unstructured data.

Sampling heterogeneous data requires preparation to
ensure it is suitable for quality assessment. [114] proposed



preparing unstructured data (e.g., text, images, videos)
using techniques like text mining and feature extraction to
identify relevant information. For remote sensing images,
[124] introduced a multi-level non-uniform spatial sam-
pling method. Sampling is often integrated into Big Data
frameworks, with approaches like block-based sampling
using MapReduce [54].

Sketch Techniques, compared to sampling techniques,
also greatly reduce the size of an input dataset. Unlike sam-
pling, they maintain these properties more reliably [28].
They are fast, parallelizable, and offer high approximation
accuracy [27, 32]. Sketches are commonly used for ap-
proximate analytical queries in systems like Pig, Hive, and
Spark SQL, and are especially useful for real-time data
stream processing [72].

4.3.2 Techniques for Managing Data Variety

Schema Alignment and Entity Resolution. To handle
the high variety of Big Data—such as integrating data from
IoT devices, social media, and enterprise databases—systems
must resolve structural and semantic inconsistencies [34,
67]. Schema alignment techniques utilize metadata to
match and unify the distinct structures of heterogeneous
sources [52]. Additionally, entity resolution and transforma-
tion techniques perform data mapping, normalization, and
deduplication to ensure accuracy and consistency across
different formats [16]. When integrating overlapping but
conflicting data, truth discovery and source dependence
evaluation algorithms are applied to identify the correct
values, embedding these conflict-resolution mechanisms
into modern data-science pipelines [33, 34, 39].

4.3.3 Techniques for Managing Data Velocity

Incremental and Continuous Profiling Algorithms.
Profiling methods should efficiently process data growth,
without reprocessing entire datasets, and quality metrics
should be updated continuously. To support this, [1] pro-
posed incremental and continuous profiling: the former
updates metrics based on periodic changes, while the lat-
ter processes data as it arrives. Metrics can be refreshed
on-demand, periodically, or event-driven [19, 102]. Inter-
active profiling, including online profiling [85], improves
user satisfaction by incorporating quality preferences and
displaying intermediate results. An interface [131] further
supports user-driven data cleaning, error detection, and
transformation.

S QUALITY AWARENESS IN ML
PIPELINES

ML is a data-driven approach in which models are learned
from data rather than defined through explicit rules or logic.
As a result, it is particularly sensitive to data quality issues
(e.g., bias, drift), making ML pipelines the primary focus
of DQ awareness in modern DS systems. To effectively

manage these sensitivities, we must first establish a com-
prehensive framework of DQ dimensions tailored to the
ML pipeline.

51

DQ dimensions tailored to ML pipelines must cover the
entire lifecycle, from data preparation to model training
and monitoring. To structure our analysis, we synthesize
the existing literature [31, 82, 87, 93, 95, 138] into five
main categories of quality dimensions. These categories
consolidate and extend previous frameworks to explicitly
address the unique challenges of ML systems.

This classification adopts a socio-technical lens [92, 95],
as DQ issues in ML pipelines result from interactions be-
tween technical components and human actors, the data,
model, and process dimensions cover the core technical
components and their operational lifecycle. Externally, the
use-case and stakeholder dimensions form two mutually ex-
clusive pillars: the former defines the objective operational
boundaries of the application, while the latter corresponds
to the socio-ethical aspects of the human actors involved.

Table 1 presents this classification as a roadmap for
our discussion. It maps these five dimension categories
(columns) to the specific ML pipeline stages (rows) where
they are most critical, and links them to the corresponding
quality-aware techniques that will be detailed in Section
5.2. We now review these five categories in detail.

ML-based quality dimensions

5.1.1 Data-based Dimensions The data considered here
is used as input for each ML component. [112] distinguishes
between training data, testing data, and serving data. The
training data refers to the dataset used to train the model
during development, the testing data is used for model
evaluation, while the serving data refers to the dataset used
during deployment for real-time predictions.

In addition to conventional dimensions, ML introduces
specific dimensions that are critical to ensuring the in-
tegrity and fairness of the model’s performance. Train/Test
Independence is a critical data quality dimension that en-
sures strict separation between datasets. Violations lead to
data leakage, where test-set information biases the training
process, resulting in artificially inflated performance and
poor generalization in production.

5.1.2 Model-based Dimensions Model-based dimen-
sions assess the quality of the trained model itself. These
include performance (e.g., accuracy, precision) [62, 81],
robustness (the ability to handle adversarial or noisy in-
puts) [9], scalability (performance as data/user load in-
creases) [9, 29], and model complexity (relates to explain-
ability) [5]. These dimensions help ensure that the model
operates effectively across various scenarios and environ-
ments. In addition to these conventional metrics, Fairness
and Explainability are increasingly important for building



models that are not only technically sound but also respon-
sible and trustworthy. Fairness ensures that the model’s
decisions are unbiased and do not systematically disad-
vantage certain groups. Addressing fairness allows for
preventing discriminatory outcomes and promoting ethi-
cal Al use. Explainability refers to the model’s ability to
provide clear and understandable reasons for its decisions,
which helps build user trust and promote transparency.

5.1.3 Process-based Dimensions Effective process man-
agement [88, 116] ensures that the system remains reli-
able, efficient, and secure throughout its lifecycle. Key
dimensions, as highlighted by [82] under the system facet,
include recoverability, portability, efficiency, transparency,
traceability, cost, accessibility, ease of manipulation, and
security. These dimensions are important for ensuring the
robustness, adaptability, and security of machine learning
systems, particularly as they scale or evolve.

5.1.4 Use Case and Context-based Dimensions Model-
ing quality requirements in ML pipelines based on specific
use cases and application contexts is presented in [110, 120]
to emphasize the importance of tailoring quality dimensions
to the particular needs of ML applications. For instance,
healthcare applications require stringent data privacy mea-
sures and high model accuracy. However, if the data used
in these applications lacks contextual relevance, such as
using a generic dataset for specialized medical diagnoses,
this can lead to significant performance issues and may
compromise patient safety. Addressing these issues helps
ensure that ML models are effectively aligned with their
intended applications, taking into account dimensions such
as value, contextual relevance, and use case specificity.

5.1.5 Stakeholders-based Dimensions Data quality chal-
lenges related to stakeholders in ML pipelines are mainly
presented in [92, 95]. The important role of ML practition-
ers, including data engineers, data scientists, and domain
experts, should be emphasized, as stakeholder concerns
extend beyond operational users to actors affected by model
decisions and their ethical, legal, and societal implications,
to ensure both effectiveness and ethical responsibility in
ML pipelines. This allows the data to align with specific use
case requirements, mitigating the risk of using data in ways
that may be ethically misaligned with the original intent
of data curators. Ethical alignment is then a key quality
dimension allowing data usage to adhere to the ethical
standards set by the data curators and comply with legal
and social norms. Transparency is another key dimension to
build trust and facilitate collaboration across diverse users,
including developers, business analysts, and policymakers.

5.2 Quality Awareness Techniques for ML Pipelines

In order to align with the ML lifecycle, we categorize the
algorithmic and statistical techniques based on the core

pipeline tasks they fulfill. Each subsection introduces a task
category, while the corresponding techniques and methods
used to address it are discussed within the subsection.

5.2.1 Data Validation, Cleaning, and Imputation. Data
Validation techniques verify that data conforms to certain
standards [51] and detect anomalies before they impact
model performance. One fundamental technique is descrip-
tive statistics, which involves calculating metrics such as
mean, median, variance, and standard deviation to sum-
marize data distribution characteristics [57]. Recent ad-
vancements in this area include robust statistical methods
that improve the detection of outliers and anomalies in
large-scale datasets [107]. Schema validation ensures that
the data adheres to a predefined schema, checking for con-
sistency in data types, ranges, and formats [3], and recent
schema evolution techniques allow adaptation to changes
in data formats over time [9]. Anomaly detection techniques
like Isolation Forests and One-Class SVM [104], identify
data points that deviate from the norm. Deep learning-
based approaches, such as autoencoders and LSTMs, en-
hance detection in high-dimensional data [20]. Automated
validation tools are increasingly used in large-scale ML
systems. Deequ [103], for example, is a Spark-based tool
that supports user-defined constraints and offers an API for
incremental validation. It also applies ML to automate tasks
like outlier detection. Data Linter [58] suggests cleaning
actions by analyzing schemas and distributions. Google’s
TFX [94] includes schema checks and anomaly detection
throughout training and deployment.

Data cleaning techniques address a wide array of chal-
lenges identified during validation, such as noise, outliers,
and duplicate records. While the broader field of data clean-
ing [69, 73, 98] covers a vast range of topics, including
integrity constraint violations, semantic inconsistencies,
typographical errors, unit mismatches, and value normal-
ization, our focus here is on techniques most critical for
ML accuracy. Cleaning is most effective when focused
on improving model accuracy and making training more
robust to noise. Indeed, data noise is considered adversar-
ial when it contains malicious poisoning. In such cases,
cleaning involves data sanitization to remove malicious in-
puts, along with outlier detection [17] like Isolation Forests
and deduplication [80, 127] to eliminate anomalies and
duplicate records, strengthening model reliability. Data
imputation enhances dataset completeness and consistency
by estimating missing values. Techniques range from tradi-
tional methods like MICE [118] and iterative k-NN [134],
to deep learning approaches leveraging GANs [130] and
latent-variable autoencoders [78] for synthetic generation.
Recently, adaptive frameworks have emerged to automate
model and hyperparameter selection, further optimizing
imputation quality [61].



Table 1. Classification of Quality Dimensions and Techniques Across ML Pipeline Stages

ML Stages Techni Quality D In the M. Plpellnase Case/ Stakeholder-
Data-based Model-based Process-based .
. . . . . . Context-based based
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Di Di
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Trust
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5.2.2 Data Augmentation. Data augmentation techniques
allow for improving the robustness of models, particularly
for small or imbalanced datasets. They expand training
data to increase their diversity, mitigate overfitting, and
maintain model performance. For imbalanced datasets,
techniques such as SMOTE [21] and Mixup [133] are
commonly used. Deep learning-based techniques like Vari-
ational Autoencoders (VAEs) [68], and GAN-based data
augmentation [48] models such as StyleGAN [66] have
further advanced the quality and diversity of synthetic
data. However, GANs are limited in generating data that is
significantly different from the original. AutoAugment [30]
addresses this by automating augmentation strategies and
improving the balance between realistic and diverse data.

5.2.3 Data Labeling. Supervised learning relies on high-
quality labeled data. Advanced techniques and tools have
been developed to automate labeling and validation, im-
proving efficiency while ensuring consistency and accuracy.
Snorkel [96] uses weak supervision to generate training data
from heuristic rules and domain knowledge. Prodigy [40],
developed by Explosion Al, applies active learning to
present the most informative samples to annotators, stream-
lining the labeling process.

5.2.4 Fairness and Bias Detection. Addressing fairness
involves detecting and mitigating biases in datasets, algo-
rithms, and model outputs. Fairness metrics assess model
predictions across several demographic groups, and differ-
ent stages of ML pipelines (before/in/post processing) [87].
Common metrics include individual fairness (treating sim-
ilar individuals similarly) and group fairness (across or
within groups) [35], with key metrics such as disparate

impact [44], equal opportunity [53], and demographic
parity [35].

Bias mitigation techniques like reweighting [64] and
adversarial debiasing [132] adjust the model’s learning pro-
cess. Reweighting compensates for imbalances via sample
weights, while adversarial debiasing introduces an adver-
sarial component to promote fairer predictions. Tools like
IBM’s Fairness 360 [59] and Google’s What-If [49] support
bias testing and mitigation, helping practitioners address
issues from data drift or evolving societal norms.

5.2.5 ML monitoring. After deployment, quality efforts
shift to monitoring serving data to ensure it remains con-
textually aligned with training data. Various techniques
address training-serving skew, with some studies [93] de-
tecting skew in predefined variables. However, selecting
the right variables and thresholds remains challenging.
One solution is to base these thresholds on the expected
distribution of relevant features (e.g., the usage frequency
of specific attributes or demographics), allowing for more
targeted monitoring.

Automated systems [36, 103] enhance monitoring by
flagging anomalies, data integrity issues, or drops in metrics
like accuracy, precision, and recall. When combined with
performance-tracking tools such as control charts from
statistical process control [83], these systems effectively
track model performance over time.

5.2.6 Data drift detection and adaptation. In produc-
tion environments, data distributions may shift over time,
a phenomenon known as drift, which can impact model
accuracy. Detecting and adapting to drift is therefore criti-
cal. Statistical methods such as the Kolmogorov-Smirnov
Test [43] are commonly used to compare distributions and
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Figure 2. DQ impact in ML Pipelines. The arrows illustrate
a left-to-right cascading effect: Big Data characteristics
(left) impact specific DQ dimensions (center), which sub-
sequently affect downstream ML (right).

detect significant changes. More advanced methods include
Maximum Mean Discrepancy (MMD) [24, 50], a kernel-
based test for subtle shifts, and the Classifier Two-Sample
Test (C2ST) [76], which trains a classifier to distinguish
between datasets. MMD-D [74] enhances MMD for more
focused drift detection.

To adapt to drift, reweighting [15] adjusts sample weights
during training, and incremental learning [91] updates mod-
els continuously with new data. Adversarial training [46]
trains models using adversarial examples to make them
more robust to distribution changes, enhancing the model’s
ability to generalize across different data distributions. An-
other important technique is active learning [106], which
reduces labeling effort.

5.3 Impact of data quality in ML pipelines

Data quality challenges in ML pipelines [77, 125] are not
isolated phenomena but rather a cumulative stratification
of issues inherited from traditional data management, am-
plified by BDCs, and complicated by machine learning
requirements. Primarily, ML systems inherit the impacts of
traditional data quality, where dimensions such as correct-
ness, completeness, and consistency remain the bedrock of
model utility. Poor data quality at this syntactic level—such
as missing values or typographical errors—directly impairs
the learning process, as models trained on flawed data
inevitably replicate these errors in their predictions. For in-
stance, strictly enforcing schema constraints and referential
integrity, while traditional, is a prerequisite for preventing
feature extraction failures in ML pipelines. Without en-
suring these intrinsic quality dimensions, the downstream
model reliability is fundamentally compromised regardless
of the algorithmic sophistication.

These foundational issues are amplified by the impacts
of BDCs. The transition to high-volume, high-velocity, and
high-variety data introduces complexity that traditional

cleaning cannot fully address. As illustrated in our concep-
tual model in Figure 2, BDCs act as causes that propagate
effects throughout the pipeline: ’Variety’ stemming from
heterogeneous sources (e.g., social media combined with
sensors) often degrades *Consistency’ and ’Reliability’,
introducing noise that ML models may mistake for sig-
nal. Similarly, *Velocity’ necessitates *Currentness’, where
outdated data can lead to immediate model degradation
in dynamic environments like fraud detection. Figure 2
further depicts how these distorted dimensions eventually
impair ’Stakeholder-based Dimensions’ such as User Trust,
demonstrating a causal chain where BDCs degrade the
final decision-making confidence.

Beyond inheritance and amplification, ML pipelines face
unique semantic impacts that do not exist in traditional or
Big Data systems. Here, data quality defects are defined
not by syntactic errors, but by distributional properties
such as bias, fairness, and concept drift. A dataset can be
accurate and complete (in a traditional sense) yet function-
ally toxic to an ML model if it contains historical biases
or violates train/test independence (data leakage). These
unique dimensions directly affect the ethical alignment and
generalizability of the model. For example, a lack of repre-
sentativeness in training data does not break the database
query, but it causes the ML model to fail catastrophically on
underrepresented minority groups, creating severe fairness
issues in high-stakes decision-making.

The interplay of these three layers is best observed in
critical application scenarios. In financial trading, a sys-
tem must ensure transaction accuracy (Traditional), handle
the velocity of market ticks (Big Data), and detect subtle
distribution shifts to prevent model drift (ML-Unique).
Despite the availability of techniques like sampling and
incremental profiling to manage Big Data volume, a sig-
nificant gap remains: current Big Data quality tools often
lack the semantic awareness required to detect nuanced
ML-specific issues like fairness violations and explain-
ability deficits. Consequently, future DQ awareness must
evolve from purely ensuring data cleanliness to validating
the semantic fitness and ethical implications of data within
the specific context of ML tasks.

6 NEW OPPORTUNITIES OF DQ FOR
DATA SCIENCE SYSTEMS

The intersection of Big Data and machine learning within
data science systems presents unique challenges in data
quality, which opens up several opportunities for advancing
quality awareness techniques.

6.1 Enhancing Quality Awareness in DS Systems

Challenges with Multimodal Data: Current DQ systems
struggle with the diverse characteristics of multimodal data,
such as discrepancies between discrete text and continuous



image data [71]. Synchronization issues in time-dependent
data formats like video and audio further complicate accu-
rate model performance. Future research should develop
unified quality metrics and cross-modal consistency checks
tailored for multimodal environments [128]. Advanced
data fusion techniques, such as multi-modal GANs, could
address data gaps and reduce redundancy, ensuring robust
data integrity across different modalities [135].

Adaptive Quality Monitoring: Dynamic environments
where data continuously evolves, such as those involving
real-time data streams, demand adaptive quality monitoring
frameworks. Integrating ML models with dynamic profiling
techniques could facilitate real-time adaptation to emerging
data patterns like drift, enhancing the responsiveness of
DQ validation systems [94, 103].

6.2 Addressing AI Ethics

An important research direction within the intersection of
fairness and data cleaning is addressing how existing qual-
ity awareness techniques affect fairness in ML pipelines.
Specifically, we need to examine whether existing data
cleaning techniques can be effectively adapted to han-
dle fairness constraints, or if new techniques should be
developed. One promising opportunity lies in extending
current cross-validation and model optimization techniques
to include fairness, rather than only prioritizing accuracy.
Techniques like Shapley values [65] have been proposed to
identify data points that negatively impact fairness, suggest-
ing a path for fairness-enhanced cleaning. The Big Data
challenges further amplify fairness issues in ML pipelines,
emphasizing the need for scalable, fairness-aware solu-
tions that balance accuracy and ethical considerations. In
addition, enhancing transparency and interpretability in
fairness-aware cleaning is also a key research direction
to leverage trust and accountability in data science sys-
tems [56, 126]. Developing techniques that clarify how
these fairness-aware cleaning techniques impact model
fairness will help reveal features affecting outcomes.

6.3 The Dual-Role of LLMs in Data Quality

LLMs occupy a unique dual role in the DQ landscape of
modern DS systems: they simultaneously act as objects of
DQ assessment—requiring carefully curated and unbiased
training corpora—and as emerging fools for performing
DQ tasks on other datasets. The following two subsections
examine each role in turn.

6.3.1 Data Quality for LLMs LLMs have become inte-
gral to data science systems, offering the ability to extract
insights and make data-driven decisions at scale. However,
one of the main challenges associated with LLMs is the
issue of hallucination [10, 63]. This issue often arises from
harmful errors in the original training data, where biases or
inaccuracies lead to hallucinations, and can be exacerbated

when LLMs are trained on outputs generated by other
LLMs, which creates a feedback loop that further degrades
output quality [117].

Addressing these challenges requires ensuring the qual-
ity and authenticity of the data used in both training and
evaluation [23, 136]. Conventional methods, such as verify-
ing data sources, using human-in-the-loop validation, and
ensuring transparency in data provenance, help mitigate
hallucination risks. However, the scale and complexity
of LLMs require new approaches to effectively manage
and improve data quality as these models continue to ex-
pand [63, 70]. Additionally, new data quality metrics may
be required to capture the specific challenges introduced
by LLMs, including mechanisms to verify generated con-
tent and manage internal biases, ensuring accuracy and
reliability as they scale.

6.3.2 Using LLMs for Data Quality In addition to being
subjects of DQ assessment, LLMs are rapidly emerging
as powerful tools for DQ assessment and improvement.
Their ability to understand natural language and context
enables new approaches to data cleaning. For instance,
recent studies explore using LLM-based agents for data
science tasks, including automated data preprocessing and
cleaning. LLMs can be used to identify semantic anomalies
(e.g., a "Sony" value in a "Brand" column misspelled as
"Soni"), suggest repairs for functional dependency viola-
tions, and even automate data quality assessment (DQA)
tasks that previously required human-in-the-loop validation.
This 'LLM4DATA’ paradigm represents a significant new
research frontier [137].

7 CONCLUSIONS

This paper traces the evolution of Data Quality (DQ) aware-
ness. We conclude with three key takeaways. First, DQ
challenges are cumulative: each new system inherits the con-
cerns of its predecessors—syntactic correctness from tradi-
tional data management, scalability from Big Data—while
adding new layers, culminating in semantic and ethical
dimensions (fairness, bias, drift, label quality) that are
unique to ML/DS systems. Second, DQ awareness itself
has shifted from a data-at-rest concern (traditional sys-
tems), to a data-in-motion concern (Big Data), and finally
to a data-for-decision-making concern (ML pipelines),
demanding holistic, end-to-end approaches rather than
isolated preprocessing steps. Third, the frontier of DQ
is increasingly semantic: future challenges center less on
technical cleanliness and more on fitness-for-use, fairness,
and the reliability of LLM-derived outputs.
Consequently, the path forward requires holistic, end-
to-end quality frameworks—adaptive enough to manage
this growing complexity—that prioritize not just the data’s
form, but a broader awareness of the influence of data



quality across modern data ecosystems, particularly in the
era of Large Language Models.
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