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Abstract
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is critical. This is especially true in health care. High-quality data is not just a matter of efficiency or accuracy. It directly
impacts patient safety, treatment results, and the effectiveness of public health initiatives. This paper reviewed various recent
research studies on the understanding and definition of data quality. Using the “fit to use” definition, ideas were extracted
from recent literature on the different approaches used in a data quality assessment project that is typically a one-time event.
Ideas on the various dimensions of data quality and ways to measure them to ensure data quality on an ongoing basis were also
extracted. The importance of quality in healthcare data and the issues arising from its increased use were discussed in several
research projects. Finally, research on the challenges of ensuring quality in health care data was highlighted. The results of this
research can be used as a roadmap for the development of a data quality measurement subsystem in a health data collection
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Abstract—Data-driven decision-making is paramount across
various industries. The quality of the data used in the decision-
making process is critical. This is especially true in health
care. High-quality data is not just a matter of efficiency or
accuracy. It directly impacts patient safety, treatment results,
and the effectiveness of public health initiatives. This paper
reviewed various recent research studies on the understanding
and definition of data quality. Using the “fit to use” definition,
ideas were extracted from recent literature on the different
approaches used in a data quality assessment project that is
typically a one-time event. Ideas on the various dimensions of
data quality and ways to measure them to ensure data quality on
an ongoing basis were also extracted. The importance of quality
in healthcare data and the issues arising from its increased use
were discussed in several research projects. Finally, research
on the challenges of ensuring quality in health care data was
highlighted. The results of this research can be used as a
roadmap for the development of a data quality measurement
subsystem in a health data collection system.
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I. INTRODUCTION

The increasing reliance on data-driven decision making
across industries, particularly in healthcare, has highlighted
the critical importance of data quality. In healthcare, high-
quality data is not just a matter of efficiency or accuracy;
it directly impacts patient safety, treatment outcomes, and
the effectiveness of public health initiatives. As stated in
Ehsani-Moghaddam et al. [1], poor data quality can lead
to misdiagnoses, ineffective treatments, and flawed research
findings, all of which have significant consequences.

This paper extracts ideas from the recent literature on key
concepts and issues surrounding data quality, particularly in
the health data domain. We will explore the data quality
dimensions, examining how each contributes to the overall
“fitness for use” of healthcare data. We will delve into
traditional and modern approaches to data quality assessment,
extracting ideas about the tools and technologies used in this
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area. In addition, we will examine the frameworks and metrics
that were studied to measure data quality. Research on the
quality of health data will also be identified and discussed.

The main contribution of this paper is to provide a summary
of ideas on concepts and issues on data quality, especially in
the field of health data. The paper will also cover ideas for
data quality assessment, as well as tools and technologies that
can be used to measure data quality.

We organize the paper as follows. Data Quality is defined
and discussed in Section 2. The work on dimensions of
data quality and data quality measurement is identified and
presented in Section 3. Section 4 focuses on ideas generated
from research and writing that deal with considerations and
issues related to health data. Section 5 addresses selected
ideas on other data quality and measurement topics, including
case studies that we find helpful for quality management
and measurement projects in health data. We discuss possible
future work and directions in Section 6. The paper concludes
with a summary of what has been presented and discussed.

II. DEFINING DATA QUALITY

To understand data quality and how it should be measured,
one needs to define this term carefully in context. Several
authors have provided excellent and workable definitions that
could be useful.

According to Wang and Strong [2], data quality is defined
as “fitness for use,” indicating that the data must meet
the requirements of users in terms of these attributes. This
concept is also supported by Karr et al. [3], who define data
quality as the ability of data that can be used effectively,
economically, and quickly to inform and evaluate decisions.

Data quality is related to “the processes and technologies
for identifying, understanding, and correcting data flaws that
support effective information governance in operational busi-
ness processes and decision making” in Chien et al. [4].



This perspective helps to develop data quality management
strategies and processes within an organization.

Other research emphasizes the planning, implementation,
and control of quality management techniques to ensure the
data are suitable for its intended purpose. See, for example,
[51-(8].

The above points of view are not as valid for organizations
that want to share their data or users of the shared data. In this
case, the issue is not about governance and correcting flaws
but about whether the shared data is fit to use. In this regard,
the definition given by Wang and Strong [2] is relevant.

Although the general principles of data quality apply to
all domains, the specific requirements for “fitness for use”
can vary significantly depending on the context. Ehsani-
Moghaddam et al. [1] emphasize that the quality of health
data is not just a theoretical ideal, but a practical necessity
with tangible consequences for patient care, research validity,
and public health surveillance. Inaccurate or incomplete data
can lead to misdiagnoses, ineffective treatments, and flawed
research findings. Therefore, health data must be “as clean
and free of errors as possible” [1]. The only question is, How
do we know?

As evidenced by Liu et al. [9], data quality is not static. It
evolves with changing user requirements or in the different
stages of the so-called Data Evolution Life Cycle [9]. There-
fore, the quality of health data must be continuously measured
to ensure that it remains fit for its intended purpose.

Based on the above, we will adopt the “fitness for use”
perspective in this review.

III. EXISTING WORK

This section presents a comprehensive review of the lit-
erature on measuring data quality, emphasizing the work
completed on the measurement approach for health data. The
various dimensions of measurement data quality are examined
and discussed. Different approaches to assessing data quality,
a closely related concept to data quality measurement, are also
reviewed and presented. The important work on measuring
data quality is then presented to close out this review.

Bernardi et al. [10] give a recent review of the literature
on data quality in health research. The objective of the
review is “to identify and evaluate digital health technology
interventions designed to support the conducting of health
research based on data quality.” The research addresses “the
need for standardized practices and collaborative efforts to
enhance data quality.” However, it does not directly deal with
the measurement of data quality. The Canadian Institute of
Health Information (CIHI) developed a data quality strategy.
In addition to learning about the framework to “systematically
analyze, evaluate, document, and improve the data quality of
CIHI databases”, one could also learn from the evaluation
instrument and scoring algorithm developed to measure data
quality.

Other reviews include the work by Stausberg [11]. This
review covers 39 research papers on data quality between

2005 and 2013 and focuses on ‘“quality indicators”. We
believe that it is relevant from a measurement point of view.

A. Dimensions of Data Quality

Data quality is a multifaceted concept and its measurement
should involve various dimensions that collectively determine
its general fitness for use. Laranjeiro et al. [12] and Erlinger
et al. [13] both give an overview of the various possible
dimensions and references for research in this area.

One can imagine that no consensus could ever be reached
on a complete list of dimensions for data quality. With this in
mind, the following is a list of data quality dimensions that
we believe could be used to develop one or more data quality
metrics. See also [1], [5], [13]-[17]:

o Relevancy

o Completeness
o Accuracy

o Validity

« Consistency
o Uniqueness

o Heterogeneity
o Timeliness

o Currency

As highlighted by Mohammed et al. [18], relevancy refers
to the extent to which a dataset contains the necessary
information to realize an underlying task from the user’s per-
spective. In other words, data are considered relevant if they
directly address the needs of the data consumer and effectively
support their specific objectives. This concept aligns with the
perspective of Black [17], who defines relevancy as the degree
to which the composition of the data sets meets the needs of
the data consumer.

Completeness refers to the extent to which all required data
are present. Ensuring that the data sets are comprehensive
and can support accurate analysis is essential. As defined by
Weiskopf et al. [19], completeness means recording all the
necessary and relevant information about a patient. This is vi-
tal for both clinical and research purposes, as incomplete data
can lead to incorrect diagnoses, ineffective treatments, and
unreliable research results. They highlight that completeness
is a fundamental dimension of data quality, directly impacting
healthcare data’s accuracy and reliability. Loshin [14] explains
that completeness is critical, as incomplete data could lead to
flawed analyses and biased decisions.

Accuracy refers to the degree to which the data reflect the
correct or proper values [5]. In essence, accuracy measures
whether the observed data value represents the actual value
of the entity or phenomenon in the real world that it is in-
tended to capture [20]. Accurate data are essential for making
informed decisions, drawing valid conclusions, and ensuring
the effectiveness of interventions. In healthcare, inaccurate
data can lead to misdiagnosis, incorrect treatment plans, and
potentially harmful consequences for patients. Accuracy is
often measured by comparing data against a known gold
standard or using statistical techniques to identify outliers.



Validity is the degree to which the data conform to defined
business rules or constraints [5]. It ensures that the data are
logically and statistically sound. Using the same description,
validity ensures that the data values make sense and are
logically coherent. Validity checks are essential to assess
whether electronic health records (EHR) data are plausible
and consistent with other known information. This involves
using various techniques to determine whether the values
recorded in the EHR are within expected ranges and logically
consistent with other data elements. Furthermore, Ehsani-
Moghaddam et al. [1] state that without validity, data could
lead to incorrect diagnoses, ineffective treatments, and unre-
liable research results.

Consistency encompasses uniform presentation and com-
patibility with previous data [16]. Data should be captured
and formatted consistently and adhere to established seman-
tic rules [21]. For example, one should consistently record
patient weight in the same unit (e.g., kilograms or pounds)
across all records. Ehsani-Moghaddam et al. [1] highlight that
consistency is often verified through statistical procedures that
evaluate the data for uniformity and logical coherence.

The timeliness is a crucial dimension of data quality. It
refers to the availability of data within the required time
frame. Timely data are critical for making informed de-
cisions in real-time scenarios, such as monitoring disease
outbreaks or managing patient care. While Sidi et al. [16]
define timeliness narrowly as the delay between a real-world
change and its reflection in the information system, Batini and
Scannapieco [22] offer a broader perspective. They consider
timeliness as the extent to which the age of the data is
appropriate for the task at hand, encompassing concepts such
as currency and volatility.

Another dimension of time is currency. Black and Ned-
erpelt [17] describe currency as the measurement of the
degree to which the data values are up-to-date. As mentioned
by Batini and Scannapieco [22], the concept of currency is
closely related to timeliness and encapsulates the degree to
which data reflect the most current available information. This
dimension is vital for applications that require real-time data
to make informed decisions.

Mohammed et al. [18] state that uniqueness is whether
each entity in the real world is represented by one entity
without duplicates in the data set. This perspective aligns
with del Pilar Angeles and Garcia-Ugalde [23], who define
uniqueness as the extent to which an entity in the real world is
represented only once. In healthcare, uniqueness is essential
to avoid issues such as duplicate patient records, which can
lead to overtreatment, inaccurate analyses, and administrative
burdens [1].

Finally, heterogeneity refers to the variation in data formats
and structures when data are sourced from multiple sources
that health data providers must use as input. Standardizing
these diverse data formats is crucial to ensure seamless inte-
gration and analysis. According to Ehrlinger and W6l [13],
addressing heterogeneity involves harmonizing data standards
to facilitate consistent data usage across different systems.

B. Approaches to Data Quality Assessment

There are many papers on the assessment of data quality.
Refer to Chen et al. [24] for an overview. Mohammed et
al. [18] also provide a more recent review of data quality
assessment (DQA).

Although the term assessment is often used as a synonym
for measurement, there is a clear distinction between them.
Assessment is a critical process for ensuring the reliability
and usability of the data [19]. Therefore, assessment is most
likely a one-time event as it serves as an “important starting
point for any data quality project to detect critical data that
do not meet expectations and to define improvement goals for
data cleansing activities.” [25]. DQA is also described as the
detection and initial estimation of data quality and the impact
analysis of DQ problems [26].

Data Quality Assessment (DQA) is a multifaceted pro-
cess that goes beyond simple measurement. According to
Ehrlinger et al. [13], it involves evaluating and interpreting
the measured results to conclude the overall quality of a
dataset relative to its intended use. Although measurement
focuses on quantifying specific characteristics of data quality,
assessment extends this process by identifying potential issues
and understanding their impact on data utility. It includes
detecting and analyzing data quality problems [15], incorpo-
rating subjective user perceptions and objective metrics [27],
and tailoring the assessment to specific use cases [18]. DQA
is a comprehensive approach that combines quantitative and
qualitative methods to assess the fitness for the use of data
within a specific context.

Given this understanding of DQA, several approaches have
been developed to evaluate and enhance the fitness for the
use of data. Data auditing is a foundational technique in
traditional DQA. As described by Batini et al. [15], data
auditing involves systematically examining information bases,
schemas, and metadata to identify inconsistencies, errors, or
missing values. Chen et al. [24] believe that the major quanti-
tative assessment method (audits) involves a human reviewer
examining the data records to identify errors, inconsistencies,
and missing values. Although thorough, manual auditing is
time-consuming, labor-intensive, and prone to human error.
It also notes that, while this is usually acceptable for one-
time data quality assessments (DQA), manual auditing can be
valuable for small datasets or targeted investigations requiring
expert judgment.

Data profiling is often used in conjunction with data audit-
ing. It can be described as the process of analyzing a dataset
by collecting data (metadata) on it [28], [29]. In addition
to being used in the assessment process, the profiling task
is an essential step toward any measurement or monitoring
activity. The metadata collected in the profiling step includes
the number of distinct or missing (i.e., null) values in a
variable (column), the data types of attributes or patterns, and
their frequency [30].

Other traditional tools are surveys and questionnaires,
which provide insight into subjective perceptions and expe-



riences of data users and stakeholders. As highlighted by
Pipino et al. [27], subjective data quality assessments can
vary significantly depending on the roles and perspectives of
different stakeholders. For example, data custodians (often
IT professionals) may prioritize technical aspects such as
timeliness, while data consumers (business users) may focus
on usability and relevance to their specific tasks. Surveys and
questionnaires can help capture these diverse viewpoints and
identify potential areas of conflict or misalignment.

Statistical techniques could be used in a DQA study to ana-
lyze data distributions, identify outliers, and detect anomalies.
As discussed by J. Alipour et al. [29], statistical profiling
provides a quantitative overview of data quality, revealing
patterns and trends that manual inspection may not reveal.
However, specialized knowledge may be required to interpret
the results effectively.

As emphasized by Mohammed et al. [18], metadata is
crucial for incorporating external knowledge into the DQA
process, enabling the validation and contextualization of
data. It also plays a vital role in ensuring the scalability
of assessment methods, as metadata can help manage and
organize large volumes of data efficiently. The importance
of metadata is further highlighted by Batini et al. [22], who
stress its relevance at all stages of the assessment process.
Metadata provides valuable information on data schemas,
architectural rules, and management processes, facilitating a
comprehensive understanding of the data landscape. However,
as noted by Mohammed et al. [18], the availability and quality
of metadata can pose challenges in DQA. Data catalogs can
provide support, but may need to be extended to assess meta-
data quality. Al-Salim [5] echoes this concern, identifying
gaps in metadata management within the UN Sustainable
Development Goals report, including inconsistencies and lack
of completeness.

In the healthcare context, Weiskopf and Weng [31] used
semi-structured interviews to explore the views of clinical
researchers on EHR data quality and reuse. This approach
helped uncover the practical challenges and concerns of
researchers when working with healthcare data. Chen et
al. [24] further emphasize the importance of surveys and
interviews in public health DQA, as they can be used to assess
data use and the data collection process, two critical dimen-
sions often overlooked in quantitative assessments. Although
surveys and interviews offer valuable qualitative insights,
Mohammed et al. [18] acknowledge that these methods are
inherently subjective and may not be objectively quantifiable.
However, they stress the importance of incorporating user
feedback in DQA, particularly to assess dimensions such
as ease of manipulation and understanding, which are best
evaluated through subjective experiences. They propose using
automated tools to generate and assess questionnaires based
on sound user survey design principles while allowing domain
experts to design surveys manually.

As noted by Kahn et al. [32], health data are often
aggregated from multiple sources, and therefore DQA is par-
ticularly important. They proposed a “fit-for-use” conceptual

model for DQA and a process model to plan and conduct one.
From their perspective, a DQA should include a standardized
approach, a targeted and prioritized list of variables and data
quality dimensions and domains vulnerable to data quality
problems, and an “iterative cycle of assessments within and
between data collection sites”. It is also essential to document
the rationale and results of DQA.

Weiskopf et al. [31] introduce the 3x3 Data Quality As-
sessment (3x3 DQA), a set of guidelines for DQA and
its associated reporting for health data in clinical research.
Developed through a triangulation of the results of three
different studies and reviewed by a panel of data quality
experts, this tool includes the three key constructs of data
quality: completeness, correctness, and currency, which are
“operationalized according to the three primary dimensions
of EHR data: patients, variables, and time.”

Although traditional approaches such as auditing, profiling,
and surveys remain valuable for in-depth and contextual un-
derstanding, contemporary approaches to DQA leverage au-
tomation and advanced technologies to address the challenges
of increasing data volume and complexity. These approaches
include the use of machine learning for anomaly detection
discussed by Mohammed et al. [18], predictive modeling
discussed by Bayram et al. [20], as well as automated tools
for data profiling, cleaning and monitoring which Ehrlinger
and WoB [13] discuss.

A tool developed to automate data quality verification and
allow assessment and measurement is described in Schelter
et al. [33]. This tool provides for a “declarative API” that
supports, through machine learning, quality assessment and
validation incrementally as the dataset grows. A similar tool,
called Qualle (Quality Assessment for Integrated Information
Environments), was developed and described by Ehringer et
al. [25]

C. Measuring Data Quality

The increasing importance of data in decision making and
business operations has highlighted the need for effective
measurement and, therefore, the management of its quality
“to ensure that the data continue to comply with requirements
and to detect unexpected changes in the data” [25]. According
to Kaiser et al., [34], measuring data quality is essential to
compare data sets, track changes, and evaluate improvement
initiatives. After all, what gets measured gets managed. This
section explores the various approaches and metrics used to
measure data quality.

Stausberg et al. [11] present a comprehensive survey of
articles on data quality (DQ) management in registries and
cohort studies. This review highlights the importance of
quality indicators, feedback, and source data verification in
measurement. Similarly, Ehrlinger and W68 [13] emphasize
the need for systematic reviews of the literature to bridge
the gap between theoretical research and practical implemen-
tation. Both studies highlight the value of detailed reviews
in identifying critical metrics and best practices to ensure



high data quality, thus facilitating better data-driven decision
making.

Gray and Weng [19] argue that effective data quality
measurement goes beyond simply applying metrics. A holistic
approach requires a deep understanding of the broader context
in which the data exist. This includes understanding the
data’s origins, storage, movement within the organization,
and intended use. The author stressed the concept of “fit-
ness for use”, emphasizing that data quality is relative to
how well it serves its specific purpose, with different use
cases demanding varying quality requirements. Consequently,
the research focuses on five key dimensions: completeness,
timeliness, validity, consistency, and integrity. This user-
centric perspective aligns with Helfert’s [35] notion that
data quality assessment should be tailored to the specific
task and context. However, Helfert proposes a framework
grounded in semiotics and quality’s intrinsic and contextual
aspects. Despite these differences, both frameworks advocate
for a comprehensive and adaptable approach, using statistical
methods, data mining, and qualitative research tools such
as questionnaires to quantify data quality characteristics.
In addition, both authors champion the idea of continuous
measurement to track trends, identify emerging issues, and
continuously improve data quality over time.

Statistical approaches offer robust quantitative methods to
measure data quality. Chug et al. [36] present an empirical
study to formulate an automated data quality platform to
evaluate the quality of a data set and generate a quality label
using principal component analysis (PCA). The concepts are
demonstrated using data from healthdata.gov, open-data.nhs,
and the Demographics and Health Surveys (DHS) Program.
Similarly, Farzi and Dastjerdi [37] propose a novel approach
utilizing data mining algorithms to extract association rules,
which are then used to assess the quality of the input data.
Their three-step algorithm simplifies the extraction process,
focusing only on relevant rules, thus reducing the time and
space complexity. In contrast, Islam et al. [38] concentrate on
the impact of data perturbations on the predictive accuracy
of decision trees and neural networks, using datasets from
the UCI Machine Learning Repository. Their findings reveal
discrepancies between predictive accuracy and decision tree
similarity as data quality measures. The authors suggested
that the choice of statistical metric should be tailored to the
specific application and desired outcomes.

Modern approaches to DQ scoring aim to provide a
comprehensive and efficient assessment of “fitness for use”.
Bayram et al. [20] introduce the Data Quality Scoring
Operations (DQSOps) framework, which leverages machine
learning (ML) to predict DQ scores based on accuracy,
completeness, consistency, timeliness, and skewness. This
framework combines the efficiency of ML predictions with
periodic ground-truth calculations to ensure reliability. Al-
though DQSOps offers a streamlined approach, Vaziri et al.
[39] emphasize the importance of considering the varying
significance of data elements within an organization. Their
proposed “weighted metrics™ assign weights to data based on

their relevance to business goals, providing a more nuanced
and context-aware measure of DQ. By combining these
perspectives, organizations can develop a DQ scoring system
that provides accurate and timely assessments, aligns with the
“fitness for use” principle, tailors the metrics to the specific
context and purpose of the data, and therefore improves data-
driven decision-making.

Specialized approaches have emerged to address the unique
challenges posed by different data types and applications
in DQ measurement. Mishra et al. [40] introduce the Data
Quality Index (DQI) framework, designed specifically to
measure the quality of Natural Language Processing (NLP)
datasets. The DQI utilizes multiple granularities (e.g., sen-
tences, words) and various metrics (e.g., consistency, cover-
age) to assess NLP data quality comprehensively. Similarly,
Swazinna et al. [41] focus on the specific challenges of DQ
measurement in offline reinforcement learning (RL). They
introduce two indicators, Estimated Relative Return Improve-
ment and Estimated Action Stochasticity, designed to evaluate
the potential value of datasets for training RL models. Both
approaches highlight the importance of tailoring data quality
measurement methodologies to the specific characteristics and
requirements of different types and applications of data, em-
phasizing the need for specialized metrics beyond traditional
general-purpose data quality dimensions.

As emphasized by Chien and Jain [4], DQ measurement
tools have evolved to incorporate automation, machine learn-
ing, and cloud-based deployment models, addressing the
complexities of modern data environments and the need
for real-time analytics. They offer a comprehensive suite of
functionalities, including profiling, cleansing, standardization,
matching, and monitoring, to ensure data quality across
diverse business applications.

Specialized tools such as ACHILLES Heel offer prede-
fined data quality rules and customization options tailored to
patient-level clinical datasets [42]. Although valuable, such
specialized tools are often used in conjunction with other
methodologies. For example, Huser et al. [42] find that orga-
nizations frequently employ a combination of SQL queries,
custom scripts, and additional tools such as WhiteRabbit
and Rabbit-In-a-Hat for comprehensive DQA. Using common
data models further enhances the ability to apply uniform
quality checks across organizations, fostering collaboration
and data sharing. The market for these tools, as described by
Chien and Jain [4], comprises established vendors offering
comprehensive solutions with advanced analytics and smaller
niche players focusing on specific industries or data domains.
The optimal choice of tools and technologies ultimately
depends on the organization’s particular needs, data types,
available resources, and desired level of automation.

IV. QUALITY OF HEALTH DATA

In addition to the work on data quality presented above,
ideas from the work completed on the quality of health data
are presented below.



A. Importance of Quality in Health Data

The volume of health data has increased dramatically in
recent years, driven by the proliferation of digital health
records, wearable devices, and other data-generating tech-
nologies. This exponential growth has created significant
challenges in managing and processing the vast amounts of
information generated in the healthcare sector. As highlighted
by Al-Salim et al. [5], advanced methodologies are crucial
to ensure the quality of these data and prevent erroneous
decisions. Furthermore, increasing digitization of medical
records contributes to data deluge, providing vast amounts
of information for analysis (Dash et al., 2019) [43]. Alberto
et al. [44] further emphasize the role of cloud data storage,
distributed computing, and machine learning in facilitating
this expansion. Integrating new data sources, such as big
data, remote sensing, and satellite imagery, into health data
systems presents opportunities and challenges. As Al-Salim et
al. [5] note, while these innovative data sources can enhance
data quality and fill existing gaps, they also require the
development of robust methodologies to ensure their effective
integration and utilization.

High-quality health data are crucial for informed decision-
making, effective research, and better patient care. Navaz
et al. (2023) and Daneshkohan et al. [45] note the critical
role of high-quality data in primary care, clinical decision-
making, and effective health policies. Schmidt et al. [46]
stress the need for consistent data quality assessments and
proper metadata use to ensure data sharing and reuse across
studies, ultimately benefiting healthcare practices. Studies
show that data errors can result in adverse outcomes, includ-
ing medication errors and misdiagnoses [31].

Furthermore, the exponential growth in health data, as
noted by Lewis et al. [47], has expanded its use in biomedical
research, making robust data quality assessments even more
critical to ensure the reliability of these datasets. Alan F. Karr
et al. [3] underscore the need for strategic data management in
the face of increasing data volume and complexity, emphasiz-
ing the crucial role of data quality frameworks in facilitating
effective decision-making and positive health outcomes.

High-quality health data is essential for accurate clinical
decision-making and effective treatment outcomes, as it di-
rectly impacts the credibility and reliability of healthcare
systems [48]. Juddoo et al. [49] reinforce this perspective
by highlighting the importance of maintaining high data
quality within the health industry, particularly in terms of
accuracy, completeness, and consistency. They argue that
robust data governance frameworks are critical in managing
the increasing volume of health data, ensuring that the data
remain reliable and fit for use. This is crucial for the integrity
of data-driven decisions that directly affect patient outcomes.

Operational efficiency also depends on accurate data for
resource management and cost reduction [1]. Regulatory
compliance requires accurate data to meet standards and avoid
penalties [13]. On the other hand, strategic decision making
benefits from high-quality data, enabling administrators to

make informed decisions about resource allocation and policy
development [1], [50]. Public health surveillance relies on
accurate and timely data for an effective response to health
emergencies [42].

The quality of health data is crucial to maximize the
benefits of Big Data in healthcare. High-quality data supports
these advances, from improving personalized medicine and
reducing patient readmission rates to detecting fraud. Juddoo
et al. [49] emphasize that without ensuring key dimensions
like accuracy, completeness, and timeliness, the effectiveness
of Big Data applications in healthcare can be significantly
compromised, potentially leading to inaccurate insights and
poor decision-making.

With the rapid advancement in the use of artificial intelli-
gence (Al) models in health care [51], the quality of the data
used in the development process is significantly elevated due
to “its heightened downstream impact, impacting predictions
like cancer detection.” [52]. Unfortunately, data can be the
most undervalued aspect of an Al project.

B. Data Quality Issues due to Increased Use and Sharing

The exponential increase in data generation across various
sectors, driven by technological advancements and the utiliza-
tion of new data forms, has significantly expanded data use
and sharing. However, this surge in data usage raises several
challenges that must be carefully managed to maintain data
quality.

One of the primary challenges is the presence of inaccu-
racies and inconsistencies in the data, which can undermine
the reliability of insights derived from big data. Lindstrom et
al. [53] emphasize the critical need to address these issues to
ensure data remains trustworthy and valuable. Adding to this
issue is maintaining consistent data quality between different
systems and stakeholders. Al-Salim et al. [5] highlight how
varying quality assessment frameworks between countries can
lead to difficulty integrating data from multiple sources, often
resulting in incomplete or inaccurate data sets. Thus, harmo-
nizing these frameworks is crucial for ensuring consistent data
quality across platforms.

In addition to consistency, the timeliness and completeness
of the data are essential for effective decision making. Al-
Salim et al. [5] further note that outdated and incomplete data
can severely hinder decision-making processes, particularly in
critical fields like healthcare, where timely data are vital for
responding to emerging health issues. Ehsani-Moghaddam et
al. [1] stress the importance of continuously updating health
databases to maintain their relevance and utility. Achieving
this in a shared data environment requires robust mechanisms
for regular updates and comprehensive data collection pro-
cesses.

Another significant challenge arises from the increasing
prevalence of unstructured, schema-less data, often collected
from multiple sources. Taleb et al. [54] point out that man-
aging and ensuring the quality of such diverse data types
requires a robust integrated framework that spans the entire
data lifecycle, from collection to processing and analysis.



As data sharing becomes more widespread, these chal-
lenges are further complicated by the heterogeneity of the
data sources, making traditional data quality assessment meth-
ods less effective. Byabazaire et al. [55] argue that each
Internet of Things (IoT) domain presents unique data quality
challenges, requiring customized approaches to ensure data
integrity. Therefore, the need for comprehensive data quality
frameworks is more pressing than ever, as these frameworks
must manage the complexities introduced by large volumes
and varied data types. Cai and Zhu [56] emphasize that
structured approaches are essential to maintain data integrity
and support effective decision-making.

C. Challenges in Ensuring Data Quality in Healthcare

Ensuring data quality in healthcare is particularly challeng-
ing due to the fragmented nature of patient care and the
complexity of electronic health records (EHRs). D’Amore
et al. [57] discuss how EHRs often contain incomplete and
poorly integrated data, leading to significant inaccuracies
in quality measurements. They emphasize that the lack of
integration between different healthcare systems causes gaps
in patient records, which, in turn, can result in clinical
decision-making based on partial or outdated information.
Syed et al. [58] build on this by highlighting the critical
importance of consistency, completeness, and accuracy in
digital health data, noting that errors arising from inconsistent
or incomplete records not only affect quality assessments, but
also pose serious risks to patient safety. This issue is further
illustrated by Moloko and Ramukumba [59] and Gass et al.
[60], who highlight how organizational factors and complex
data collection processes in both the Tshwane District, South
Africa, and the BetterBirth Trial in Uttar Pradesh, India,
undermine data accuracy and reliability.

Furthermore, Cho et al. [61] provide examples of how the
lack of standardization in data from wearable devices, such
as varying measurement units and proprietary algorithms,
complicates the integration of data across different devices,
leading to challenges in conducting accurate and consistent
biomedical research. Syed et al. [58] further highlights that
even within more traditional healthcare settings, the lack of
standardized terminology, diagnostic codes, and workflows
contributes to inconsistencies in data entry, affecting the
reliability of health records. They note that despite efforts to
establish standards, differences in health information systems
between settings and varying adherence to these standards by
staff continue to hinder data concordance. Addressing these
challenges through improved training, supportive supervision,
simplified data tools, and robust standardization efforts is
essential to improve healthcare data quality and ensure better
patient outcomes.

V. DISCUSSIONS

As documented above, before putting health data to good
use, one has to recognize the importance of data quality
and deal effectively with its challenges. Understanding data
quality and its various dimensions is an important first step.

To effectively manage the quality of health data, one
must measure it consistently using the various ideas and
tools available. Implementing a data quality measurement
subsystem as part of the health data collection system is
critical. The research reviewed here should be sufficient as
a starting point for researchers and developers embarking on
a challenging project in this area.

VI. CONCLUSIONS

This paper reviews ideas in the recent literature on key
concepts and issues surrounding data quality, particularly in
the health data domain. We explore the dimensions of data
quality, examining how each contributes to the overall "fitness
for use” of healthcare data. We dive into traditional and mod-
ern approaches to assessing data quality [24], highlighting
the tools and technologies used in this area. In addition, we
examine frameworks and metrics that were studied to measure
data quality. Research on the quality of health data is also
reviewed and discussed.

By addressing these multifaceted aspects of data qual-
ity, this review aims to equip healthcare professionals, re-
searchers, and data managers with the knowledge and tools
needed to ensure that the data they rely on is truly fit for its
intended purpose, ultimately leading to improved patient care
and better health.
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