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Abstract - The importance of meeting data quality standards in the context of Machine Learning (ML) development pipelines is
explored in this study. It delves deep into why good data is crucial to confidently deploying ML models. The primary goal of this
research is to isolate and examine the most important aspects of data quality inside ML pipelines and how they affect model
performance and generalizability. The study highlights the complex connection between data quality and ML model performance
via an in-depth analysis of multiple phases within the ML pipeline, encompassing data collection, preprocessing, model training,
and validation. The study highlights the importance of data quality in reducing bias, improving predicting accuracy, and making
ML models more robust to outside influences. The study elaborates on the possible consequences of ignoring data quality issues
by highlighting the difficulties given by data noise, incompleteness, and biases. Accuracy, consistency, completeness, relevance,
and ethical issues are all part of the data quality criteria that are spelt forth. The study's relevance rests on providing a holistic
perspective on the crucial importance of data quality within the landscape of ML development. The survey results provide ML
professionals and businesses with a better appreciation for the importance of high-quality data in building trustworthy ML

models. Trust in ML model outputs, adoption of ethical data practices, and effective dissemination of ML tools are all facilitated

by their corresponding data quality needs being recognized and met.
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1. Introduction

Al programs exploit the massive amounts of data
generated by modern cultures. The second kind of ML is the
topic of our study since it is gaining ground in applications
such as systems that forecast outcomes based on inputs and
propose the best options. These systems can process both
structured and unstructured data (such as text, photos, and
audio) to solve real-world problems in areas including
healthcare, law enforcement, business, and transportation
[52].

It is possible for ML systems to perpetuate prejudice
against under-represented groups by using historical signals
and incorrectly proxy measurements in settings such as
employment hiring and criminal justice [46, 67]. It is
estimated that between 10% and 30% of sales is spent on
addressing data quality concerns [30], which may
significantly impact a company's ability to run efficiently.
Therefore, corporate and public stakeholders increasingly
acknowledge the significance of data quality to decrease
societal hazards, lower costs, and facilitate the efficient use of
ML technologies. Due to the increasing prevalence of ML
across sectors and the potentially life-altering nature of some
of its earlier applications, the methods by which ML-based
decision-support systems arrive at their conclusions are under
increasing scrutiny [17, 44]. National and international

organizations like the OECD1 and the Open Government
Partnership are encouraging routines to ensure openness in
ML datasets and development processes.

2. Background

There are several methods for gathering the training data
needed for ML algorithms. Roh et al. [61] classify the many
different ways that data may be collected for ML into three
broad categories: Data collection consists of three stages: (1)
discovery, (2) augmentation, and (3) creation and labelling of
data using manual and semi-supervised methods. Use cases
and the specifics of the data needed by an ML system
determine the degree to which these techniques are
implemented during data gathering.

Before reaching a practitioner of ML or the resulting
product, data may be converted and handled by a number of
different parties in bigger organizations and complicated
innovation ecosystems.

Different Methods of Data Management Exist in the
Middle: Academics and Business

It is important to note that how ML data is handled might
vary greatly depending on whether the system is used in a
research or commercial scenario [52]. Data management in
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academia is often delegated to individuals or small groups
working on a specific project, who have complete autonomy
over creating and maintaining their own data gathering,
storage, and sharing infrastructures. To maintain consistency
and collaboration among teams, however, researchers in the
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industry often use various independent platforms for data
gathering, processing, and storage. The standard ISO/IEC
25024 addresses the latter issue by guiding organizations as
they define data quality assurance standards and methods for
monitoring them quantitatively.
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2.1. Implementation Follows Careful Planning for Data
Quality

Our research was conducted with the intention of aiding
ML professionals and data managers in the early stages of
their quest to improve data quality. Practitioners may make
more informed decisions about what measures to take for data
quality control, assurance, and improvement if they have a
firm grasp of the relevant standards. While the review's focus
is not on the work involved in establishing certain data quality
standards, assessment criteria, or methods for assessing data
quality, we will provide examples when applicable. There are
two aims with this piece. Our primary goal is to educate
professionals on the relevant standards and best practices for
data quality in the Machine Learning (ML) community. That
is going to happen.

Involves compiling research over the last several years
and classifying advice according to well-established data
quality metrics in the discipline of data management. Our goal
is to streamline the process by which businesses and
individuals can get their data management systems ready for
machine learning and plan for potential problems that may
crop up throughout various phases of ML development.

3. Research and Methodology

Articles for this review were chosen based on the following
research objectives, inclusion criteria, and search method,
which are detailed below. Through thematic coding, we were
able to expand our understanding of the growth of ML and the
significance of data quality management within the field as a
whole by analyzing the selected publications.
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Articles Chosen Ahead of Time. Based on our experience
working with ML models, we compiled a list of six papers [3,
23, 32, 34, 35, 58] on data quality planning and, more
specifically, documentation.

It is an automatic search. To find relevant publications, we
utilized Google Scholar to look for titles containing our study
topics' keywords. Searching simply for article titles helps get
rid of irrelevant items. Then, the results were narrowed down
by reading the papers' abstracts and titles. Those deemed
worthy of retention were the only ones who were kept on.

In the first step, we used the query "allintitle: "data quality"
("machine learning" OR "Al")" to search the whole of Google
Scholar. The resulting number is 185.

We stopped after reviewing the first 30 results since so few
fulfilled our inclusion criterion. Seven papers [12, 19, 21, 25,
27, 28, and 63] were kept after abstract review.

Snowballing: The process of reading and assessing the
articles chosen using the aforementioned methods led us to
discover other publications that addressed our study concerns.
This method yielded eight articles [5, 9, 11, 36, 48, 53, 55, 57].
Our inclusion criteria were used to evaluate these papers after
they were selected based on the descriptions supplied by the
citing authors. Because we were interested in learning more
about the research of the authors who mentioned this
publication, we performed a forward search of papers that
cited [64], which led us to one further item [53].
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Table 1. Research type facets

Category

Description

Validation research

Techniques that are novel and have not yet been implemented in practice (e.g., experiments).

Evaluation research when applied in industry).

Practical implementation and evaluation of techniques (e.g., to identify benefits and drawbacks

Solution proposal technique.

Proposed solution to a problem. This includes new techniques or extensions of an existing

Philosophical articles

New ways of looking at existing fields through taxonomies or conceptual frameworks.

Opinion articles

Personal opinions on whether a technique is good or bad, or how it should be applied. Such
articles do not rely on related work or research methods

Experience articles

Explanations of how a framework has been applied in practice, based on the experience of the

author.
Table 2. The amount of results obtained from various google scholar
Avrticles published in Search query Results Reviewed Selected
[any venue] allintitle: “data quaht}i ( fnachlne learning" OR 185 The first 30 7
Al results.

Internatlon_al Confer_ence allintitle: "data quality” OR "data management" 16 16 1

on Machine Learning

Conference on Human Lo . " . -

Factors in Computing allintitle: data (quality OR "machine learning 19 19 9

OR Al)
Systems

Coding of Thematic Separate column to call out any
peculiar data quality concerns or needs that ML may impose.

We would want to define our findings' parameters before
sharing them. Our primary focus was on theoretical
frameworks that may be used to specify and design data
quality requirements in ML; however, we made sure to take
note of any applicable methods that were described in the
literature. When it comes to preparing datasets for ML, several
of the publications we looked at went above and beyond just
"planning” data quality to provide guidance to data
practitioners and managers.

Due to the fact that separate communities have
traditionally tackled these areas, the connections between
them are murky at best. Nonetheless, we make an effort to
demonstrate the substantial overlap in Figure 2. According to
Rising's [59] conception, justice concerns circumstances and
outcomes, whereas ethics focuses on the choices that produce
those outcomes. In this light, data ethics concerns how
professionals use data to safeguard individuals' rights to
secrecy and transparency and the safety and well-being of
themselves and the environment [6]. However, data justice
tackles disparities in how individuals are portrayed and dealt
with based on the data they provide [69]. Data feminism
identifies the power relations in society as the root cause of
these inequalities and advocates for actions that address them
[20].

Figure 2 shows how these works draw attention to how
data-centric technology may either exacerbate or alleviate
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systemic problems in people's everyday lives. Interested
readers are encouraged to pursue these issues independently
since we did not actively seek out these perspectives and
because space and time restrictions prevented us from
discussing them in the depth they merit.

Our research also uncovered a second scoping difficulty
associated with the nature of the data itself. For instance, we
discovered that software tools (for data management or
validating input or output data) may moderate training data
quality.

Figure 2 shows how these works draw attention to the ways
in which data-centric technology may either exacerbate or
alleviate systemic problems in people's everyday lives.

Interested readers are encouraged to pursue these issues
independently since we did not actively seek out these
perspectives and because space and time restrictions
prevented us from discussing them in the depth they merit.

Our research also uncovered a second scoping difficulty
associated with the nature of the data itself. For instance, we
discovered that software tools (for data management or
validating input or output data) may moderate training data
quality.

Figure 3: A depiction showing how the data processing
structure in ISO/IEC 5259 (upper part) corresponds to our data
quality pipeline (bottom part). Used a diagram from Chang
[18].
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3.1. Results

We organize our results by the major milestones in the
history of machine learning. Because this is a cyclical process
with several possible outcomes, no one set procedure can be
used in every situation. Nonetheless, experts have uncovered
several recurring patterns.

Fayyad et al. [22] presented a nine-step process for
knowledge discovery in datasets as far back as 1996.8
According to the authors, the first step is to gain familiarity
with the application domain and use case, then comes data
collection, pre-processing, and reduction, then comes the
identification and application of appropriate data mining
methods, and finally comes the interpretation and
implementation of the insights gained. Although the authors
were aware of difficulties with data accessibility, HCI, and
scaling models in knowledge discovery processes, they chose
to concentrate on their pipeline's finer phases of data mining.
Figure 3 (top portion) depicts the tentative data processing
structure proposed by the future industry standard 1SO/IEC
5259 [18].

More attention has been paid to recent scholarly analyses
of the ML pipeline to dissect its many phases. In particular,
they investigate the organizational and operational concerns
unique to model creation, verification, deployment, and
monitoring [5, 43].

For the sake of this paper, our results are organized into
the steps shown at the bottom of Figure 3 and the first column
of Table 3. Data pipelines may be challenging to consolidate
across multiple operational settings since ML development
seldom follows a pre-established order, as recognized by
previous papers and standards. As a result, we cannot just
assume that our phases would happen one after the other. Our
simplified illustration probably will not reflect all the
variations from the actual world. These charts are meant to
illustrate how various steps in the ML development process
correspond to various areas of data quality assurance. This is
not a comprehensive analysis; therefore, we ask that you use
your judgment to determine whether and how the following
data quality standards apply to the non-linear cycles through
which you create your datasets.

We would also want to stress that the outlined criteria for
data quality are only recommended, not mandatory. Expecting
them to be fully met is impractical, particularly in contexts
where practitioners must balance conflicting demands for
resources like time and money. Likewise, it is not uncommon
for data management skills to evolve and improve as a project
develops [7]. Therefore, the information presented here should
be seen more aspirationally than prescriptively by the readers.

The data collection and labeling for the planned project
[36] would need supervision, topic experience, and
specialization.
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Data collecting procedures characteristic of modern ML
implementations differ from the previously advised rigorous
study of requirements before data gathering [36]. The issue is
that these methods seldom assess where the data came from,
who was behind it, what technology was used, or what effect
it may have. The questioning of assumptions about whether
queries are answered with specific data properties is another
challenge that may easily be disregarded when working with
large data. Studies that sought to infer subjects' characteristics
from their photographs are highlighted by Paullada et al. [53].
Human features have the mistaken impression that making
such forecasts is feasible and useful.

In the context of real-time applications, when data is
continually arriving, and models are continuously being
trained, runtime verification approaches might be useful. To
guarantee that the assumptions of the particular ML model are
met, "online learning" involves constant monitoring to address
any data quality concerns as they arise and bring them within
acceptable boundaries [21]. Some use cases for ensuring data
quality in online education may also need extra human
resources for data labeling and the necessary technological
infrastructure and tools.

3.2. Data Collection

Collecting data is the next step after establishing a data
use case and operational needs. The above design
considerations may be put into action in a variety of methods,
including the use of software, annotator rules, and labeling
platforms. How documentation, standards, and interfaces may
aid in collecting high-quality data is discussed below. The
Record of Facts Gathered. Many writers have released
examples of good documentation structures. Data statements
[9], data sheets [23, 35], and checklists [58] are all examples.
These publications are meant to encourage dataset developers
to pause for thought and consider their goals, assumptions,
usage implications, and stakeholders' values before moving
forward with data collecting.

Consumers may make more educated judgments about
how to utilize a dataset and prevent unintended exploitation
with the help of documentation regarding data-gathering
techniques [23, 25]. This helps users determine whether the
data are sufficient for their purposes [19]. This kind of paper
has been actively promoted via sociocultural data-gathering
systems like crowdsourcing, where data workers are recruited
from around the globe to read texts, see photographs, and label
data needed to train ML models. This includes keeping track
of sample processes, converting experimental conditions into
micro-tasks, and checking in with participants to ensure they
contribute useful information [58].

The goal is to inspire requesters to establish standards of
fair and courteous treatment of data workers in the workplace.
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3.2.1. Data Collection Standards

Data heterogeneity may take the form of Methods of
Information Input and Output. The continual data flow from
sensors and online applications makes automated data
collection a key feature of production ML. Software
developers bear some of the burdens for guaranteeing high
data quality in situations like these because they may create
systems that send actionable warnings to users when problems
are detected (such as when a feature is absent or has an
unexpected value) [57].
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3.2.2. Verifying and Updating Existing Data

In order for the data to be useful in an ML system, they
must first be checked and cleaned once they have been
acquired. Data quality assurance tasks are heavily weighted at
this point in the machine learning development process.

Bertossi and Geerts [12] provide an example of how XAl
approaches might be used to identify the causes of data
inconsistencies and then recommend the most effective
corrective measures.
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However, data practitioners should still be mindful of
recording their activities whenever feasible, even if formal
data cleaning methods have not been utilized (by, for example,

following pre-defined procedures or publishing in advance
replicable code used to prepare the data).

Table 3. Additions to traditional data quality dimensions introduced by ML

Data Quality Category

characteristics
gender, race, age).

(e.g.

characteristics.

Challenge Intrinsic Contextual Representational Accessibility
Some intrinsic aspects of | The relevance of | Documentation of the | Compliance with
datasets, particularly in | sociocultural data to | dataset and its | ethical and legal
personal or sociocultural | specific use cases | development process | requirements require
data, now require greater | requires an assessment | can help to anticipate | controlled access

Legal and eithical | Pre-processing to identify | of the presence and | and prevent ethical or | mechanisms that
and anonymise or remove | distribution of legally | legal risks. preserve the security
sensitive and/or protected | protected of  personal and

proprietary data (e.g.
data trusts).

Bias

Small  contextually
relevant datasets can
lead to better and fairer
performance than
large data.

Documenting the
environment in which
data were collected
helps practitioners to
assess contextual
relevance and to
mitigate bias.

Data collection and
management software
can be used to improve
the intrinsic quality of
data (e.g., through
runtime verification and
alerts).

Software

Runtime verification
tools can be used to
detect contextual drift.

Visualisations and
dashboards can make
it easier to inspect the
quality of a dataset.

Documentation

facilitates the
handover of
information across

Software built on top
of ML models needs to
be tested to ensure that
model training and
serving  data are
protected against
adversarial attacks.

different stages of ML
development. This is
especially useful in
scenarios where
datasets and ML are
developed by multiple
teams.

4. Conclusion

The study's results on important data quality criteria
across Machine Learning (ML) development pipelines
highlight the importance of high-quality data for successfully
deploying ML models. This research set out to better
understand how model performance and generalization are
affected by the data quality utilized in machine learning
workflows. The results highlighted the importance of high-
quality data in reducing model bias, improving prediction
accuracy, and bolstering ML models' overall resilience. The
research highlighted the complex relationship between data
quality and model performance by evaluating several phases
of the ML pipeline, including data collection, preprocessing,
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model training, and validation. In addition, the study
highlighted the difficulties brought on by noisy, incomplete,
or biased data and outlined the possible consequences of
ignoring data quality concerns. It outlined all the criteria for
acceptable data quality, such as precision, consistency,
completeness, relevance, and morality. The value of this
research resides in the fact that it contributes to our knowledge
development process, providing useful guidance to
professionals and businesses as they work to create robust and
efficient ML models. Developers of ML systems may do more
to encourage the responsible and effective use of ML
technologies if they acknowledge and solve data quality
concerns.
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