Ghalavand et al. BMC Medical Informatics and Decision Making (2024) 24:243 BMC Medical Informatics

https://doi.org/10.1186/512911-024-02644-7

and Decision Making

Common data quality elements for health

Check for
updates

information systems: a systematic review

Hossein Ghalavand', Saied Shirshahi?, Alireza Rahimi?, Zarrin Zarrinabadi' and Fatemeh Amani’

Abstract

appraisal.

Background Data quality in health information systems has a complex structure and consists of several dimensions.
This research conducted for identify Common data quality elements for health information systems.

Methods A literature review was conducted and search strategies run in Web of Knowledge, Science Direct, Emerald,
PubMed, Scopus and Google Scholar search engine as an additional source for tracing references. We found 760
papers, excluded 314 duplicates, 339 on abstract review and 167 on full-text review; leaving 58 papers for critical

Results Current review shown that 14 criteria are categorized as the main dimensions for data quality for health
information system include: Accuracy, Consistency, Security, Timeliness, Completeness, Reliability, Accessibility,
Objectivity, Relevancy, Understandability, Navigation, Reputation, Efficiency and Value- added. Accuracy,
Completeness, and Timeliness, were the three most-used dimensions in literature.

Conclusions At present, there is a lack of uniformity and potential applicability in the dimensions employed to
evaluate the data quality of health information system. Typically, different approaches (qualitative, quantitative
and mixed methods) were utilized to evaluate data quality for health information system in the publications that
were reviewed. Consequently, due to the inconsistency in defining dimensions and assessing methods, it became
imperative to categorize the dimensions of data quality into a limited set of primary dimensions.
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Background

Appropriate planning in the health sector relies on the
existence of accurate data and the quality of the data must
be continuously controlled. The World Health Organiza-
tion has tried to ensure the quality of health data by pro-
viding a toolkit. This toolkit supports countries to assess
and improve the quality of health data [1, 2].

The existence of accurate, complete, and timely data
plays an important role in health care management
[3-5]. Data quality is often only considered a compo-
nent of the effectiveness of health information systems,
and hiding the value of data quality in other parts of
the health field can lead to incorrect decision-making
[6-9]. Previous studies have confirmed that data quality
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is a multidimensional concept. Data quality assessment
requires familiarity with different subjective and objec-
tive criteria and both subjective perceptions of people
and objective measurements of information must be
addressed [10, 11]. Qualitative evaluations of subjective
data reflect the needs and experiences of stakeholders,
and objective evaluations reflect the needs of managers
and stakeholders [12].

Adverse effects on the quality of care, increasing costs,
creating liability risks, and reducing the benefits of
investing in health information systems can be identi-
fied as the negative effects of poor-quality data [13-16].
Defects in data quality can lead to incorrect diagnosis
and intervention in health care [4, 13, 17, 18]. The qual-
ity of healthcare depends on the existence of quality data,
which ultimately leads to a significant impact on cus-
tomer satisfaction [13, 19].

Data quality in health information systems has a com-
plex structure and consists of several dimensions and
some critical factors performance such as environmen-
tal and organizational, technical and behavioral affected
on data quality in health information system [20-22]. As
we mentioned later, previous studies have sporadically
reported some data quality elements in health informa-
tion systems. There is no comprehensive agreement on
its dimensions and there is no unique accepted definition
of data quality among researchers for health information
systems. However, there is still a lack of a review compil-
ing and synthesizing all elements introduced in the litera-
ture. In this study, a more comprehensive understanding
of the elements for quality of data in health information
systems has been done using a systematic review method.
The findings of this study can provide opportunities for
health policy maker to become familiar with various
data quality elements in health information. This system-
atic review specifically answered the following research
questions:

1- What are the common data quality elements for
health information systems?

2- What are the roles of common data quality ele-
ments to improve the performance of health information
systems?

Table 1 Example of search strategies
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Methods

In this review, we used a systematic approach to retrieve
the relevant research studies. Our reporting strategy fol-
lows the PRISMA guidelines [23].

Eligibility criteria

In this study the inclusion criteria were: (1) Data quality
components were showcased within a health informa-
tion system; (2) published from the year 2003 to 2024; (3)
empirical studies that answered the research questions or
tested the hypothesis and conducted on specific health
system The exclusion criteria were: (1) Research that did
not outline data quality dimensions in health manage-
ment systems; (2) Content presented in a format other
than a scientific article such as Conference papers, book
sections, and ...; (4) Methodologies deemed to be defi-
cient in terms of quality; (5) Publication language not in
English; and (7) The full text was unavailable.

Information sources

The literature search was conducted between Septem-
ber and October 2023, using the following five electronic
scientific databases: Web of Knowledge, Science Direct,
Emerald, PubMed, Scopus and Google Scholar search
engine as an additional source for tracing references.

Search strategy

This study used a systematized review approach to iden-
tify common data quality elements for health information
systems. The following keywords were used in the search
strategy: Data quality, Health, clinic, Hospital, Medical,
Information system. The keywords chosen were searched
using various combinations and in the fields of title,
abstract, subject, and keyword. We considered the search
features in each database and used the Boolean operators
(AND, OR) to combine and search selected keywords. An
example of the search strategy was given in Table 1.

Study selection

All the results were imported into EndNote reference
management software. The duplicate and non-journal
papers were removed. Next, the title and abstract of the
remaining articles were screened to detect subject rel-
evance with the research objectives. The selected arti-
cles were analyzed based on the inclusion and exclusion

Web of Knowledge

TS= (((data quality) AND (health* OR clinic* OR hospital OR medical) AND (information system*) AND LAN-

GUAGE: (English) AND Indexes = SCI-EXPANDED, SSCI, CPCI-S, CPCI-SSH, ESCI

Science Direct
Emerald
PubMed

Title, abstract, keywords: (data quality) AND (health* OR clinic* OR hospital OR clinical) AND (information system*)
(content-type: article) AND (data quality AND (health* OR clinic* OR hospital OR medical) AND (information system*))
((((data quality[Title/Abstract]) AND (health*(Title/Abstract] OR clinic*[Title/Abstract] OR hospital[Title/Abstract] OR

medical[Title/Abstract])) AND (information system*[Title/Abstract])])

Scopus

TITLE-ABS-KEY (data quality) AND (health* OR clinic* OR hospital OR medical) AND (information system?*)))
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criteria. Finally, the reference lists of all identified articles
were searched for additional studies. Two researchers
undertook the screening of titles and abstracts obtained
through the searches. A sample of just over 20% of arti-
cles was double screened in order to assess the level of
agreement between the researchers. Disagreements were
resolved through discussion or consultation with a third
researcher.

Data collection process

Data extraction was completed independently by two
assessors. The data were extracted from including four
sections: bibliographic information, methodology, and
the data quality elements investigated, and key findings.
Each study was treated as a single unit of analysis and the
relevant information in each study was extracted using a
designated data extraction form.

Data items

Information was extracted from each included study
(including first author, title, publication date, type of
study, methodology, processes of knowledge manage-
ment that were studied and selected results). We empha-
size the results of selected papers that have reported
elements for assessment data quality in health informa-
tion systems.

Risk of bias in individual studies

In this study, we used the Joanna Briggs Institute (JBI)
checklist [24] for quality assessment. The authors
assessed the included studies with a further random
examination by two independent reviewers. The results
of the quality assessment were compared any disagree-
ments between the reviewers were addressed through
discussion or by involving a third reviewer.

Synthesis of results

In this review, by adopting similar identifies elements as
broader themes, the results of the included studies were
analyzed and categorized. Finally, the homogeneous data
quality elements in health information systems were syn-
thesized and described.

Risk of bias within studies

The JBI checklist was applied to all 58 studies; none were
excluded based on quality assessment and all studies
were rated as unclear or high risk of bias. In 16% of stud-
ies, we cannot find “statement locating the researcher
culturally or theoretically” and in 37%, “influence of the
researcher on the research” is not addressed.
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Results

The search for systematic reviews identified 734 ref-
erences published between 2003 and 2024. Title and
abstract review selected 167 references for full text
review. In the analysis, it was found that 68 papers did
not address research questions or test hypotheses, 32
papers lacked discussion on data quality dimensions in
health management systems, and nine documents pre-
sented content in a format other than a scientific article.

Out of the 58 selected paper for final review, 42 were
released between 2013 and 2024 [1, 4, 5, 7-11, 14-18, 21,
22, 25-53]. Thirteen papers looked at information quality
[7, 11, 14, 27-29, 31, 37, 52, 54-56], five at content qual-
ity [7, 15, 21, 43, 50], and thirty-six at data quality [4, 5,
10, 14, 17, 20, 21, 27-29, 31-33, 36, 37, 42-44, 47, 49-53,
55, 57-60]. None of the publications, however, made a
distinction between “data” and “information,” or between
“data quality” and “information quality” As a result,
“information quality” and “data quality” were used syn-
onymously [21]. The search results and the study selec-
tion process are presented in Fig. 1.

Evaluating the quality of the data was the primary goal
of the reviewed studies [4, 5, 10, 13-15, 17-21, 27-33,
35-39, 41-45, 47-53, 55-57, 59-66].Two paper focused
on information quality in health systems [11, 52]. Meth-
ods for evaluating the quality of data were presented in
eight publications [10, 20, 21, 35, 38, 41, 51, 52], 19 pub-
lications tended to conduct on the health information
[5, 8, 10, 11, 16, 17, 20-22, 26, 31, 37, 42, 47, 49-51, 55,
57, 60, 66] and eight paper focus on health or medical
records as an information system in health context [13,
19, 25, 38, 44, 45, 64, 67].

To describe data quality, the studies employed a total of
57 dimensions. The first data quality attribute for health
information system that was most often used was accu-
racy [4, 5, 15, 17, 19, 28, 29, 32-34, 37, 41, 43, 45, 46, 49,
51, 53, 59], second is completeness [4, 5, 20, 28-30, 41,
44-46, 48, 49, 51-53, 56], and third most-frequently cri-
terion is timeliness [5, 28, 41, 44, 45, 51]. Table 2 displays
the common dimensions of data quality in health infor-
mation systems that derived from existing literature.

Data accuracy measures the extent to which informa-
tion accurately represents the objects or events. The
accuracy of the information that is gathered, utilized, and
stored is assessed through data accuracy. It is imperative
for records to serve as a dependable source of informa-
tion and to facilitate the generation of valuable insights
through analysis. Maintaining high data accuracy guar-
antees that records and datasets meet the standards for
reliability and trustworthiness, allowing for their use in
decision-making and various applications [4, 5, 17, 28,
29, 32, 34]. Correctness, precision, free of error, validity,
believability and integrity are common terms that use for
describe data accuracy [21]. Data believability relates to
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Records identified through

Science direct=84, Emerald=97
PubMed=319, Scopus=125
(n=734)

database searching WOK=109,

7

Additional records identified
through Google Scholar
(n=26)

Identification

Records after duplicates removed

(n=314)

Screening

Records screened

(n =340)

Eligibility

Full-text articles assessed for eligibility

(n = 167)

A 4

Included

Studies included

(n=58)

Fig. 1 Flow diagram of study selection process

whether the data is regarded as being true, real, and cred-
ible. Data believability is based on user’s perceptions [1,
36, 40].

Data consistency is the state in which all copies or
instances of data are identical across various information
systems. This uniformity is crucial in maintaining the

accuracy, currency, and coherence of data across differ-
ent platforms and applications. It is essential for instilling
trust in users accessing the data. Implementing data vali-
dation rules, employing data standardization techniques,
and utilizing data synchronization processes are some
strategies to uphold data consistency. By ensuring data
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Dimension

Definitions

Sample of studies

Accuracy
Consistency
Security
Timeliness
Completeness

data are correct, reliable and free of error

data is presented in the same format and compatible with previous data
access to data is restricted appropriately to maintain its security

the data is sufficiently up-to-date for the task at hand

data is not missing and is of sufficient for the task at hand

[4,5,17,28,29]
[45,48,51,65]
[5,48, 56]
[28,41,44,45,51]
[4, 28-30, 44]

Reliability data is correct and reliable [49, 53,57, 59, 65]
Accessibility data is available, or easily and quickly retrievable [4, 26,29, 50, 57]
Objectivity data is unbiased, unprejudiced and impartial [36, 41, 44-46)
Relevancy data is applicable and helpful for the task at hand [29, 45,48, 51]
Understandability data are clear without ambiguity and easily comprehended [34,37,46]
Navigation data are easily found and linked to other data [4, 50, 65]
Reputation data is highly regarded in terms of source or content [42,60,61]
Efficiency data are able to quickly meet the needs for the task at hand [7,28, 29, 48]
Value- added data is beneficial, provides advantages from its use [5,45]

consistency, organizations can provide users with reliable
information for making informed decisions, streamline
operations, minimize errors, and enhance efficiency [9,
45, 48, 51, 52, 65].

Data security is the practice of protecting information
from corruption, theft, or unauthorized access through-
out its life cycle. This involves safeguarding hardware,
software, storage devices, and user devices, as well as
implementing access controls, administrative controls,
and organizational policies. By utilizing tools and tech-
nologies that enhance visibility of data usage, such as data
masking, encryption, and redaction, organizations can
ensure the security of their data. Moreover, data security
assists organizations in streamlining auditing procedures
and complying with data protection regulations, ulti-
mately reducing the risk of cyber-attacks, human error,
and insider threats [5, 48, 56]. Secure access, safe, con-
fidentiality and privacy are common terms that use for
describe data security [21].

Data timeliness denotes the currency and availability
of data at the required time for its intended use. This is
critical for enabling health organizations to make swift
and accurate decisions based on the most up-to-date
information. The timeliness of data has an impact on data
quality as it determines the reliability and usefulness of
information systems. Moreover, timely data can lead to
cost savings as organizations can utilize real-time data to
effectively manage inventories, optimize delivery routes,
and coordinate with suppliers, thus reducing the risk of
stock outs, minimizing delivery delays, and ensuring
smooth operations [5, 25, 28, 41, 44, 45, 51].

Completeness of data refers to the extent to which
information includes all necessary elements and obser-
vations for a specific purpose. This factor enhances the
integrity and reliability of analyses, preventing gaps in
understanding and supporting more robust decision-
making processes. In a complete dataset, all variables

relevant to the presentation of information should be
present and fully populated with valid data values. Any
missing, incorrect, or incomplete entries in the data-
set can compromise the quality of analyses, interpreta-
tions, and decisions based on that data [4, 5, 9, 28-30, 41,
44, 45, 52]. Coverage, comprehensiveness, appropriate
amount, adequate, appropriate amount of data and integ-
rity are common terms that use for describe data com-
pleteness [21]. The amount of data indicates the extent of
data sets obtained for analysis and processing. In present-
day information systems, these sets of data are frequently
observed to be escalating in size, reaching capacities such
as terabytes and petabytes [4, 29, 50, 57].

Data reliability pertains to the uniformity of data across
various records, programs, or platforms, as well as the
credibility of the data source. Reliable data remains con-
sistently accurate, while unreliable data may not always
be valid, making it challenging to ascertain its accuracy.
Consequently, organizations cannot depend on unreliable
data for decision-making. Data reliability, also referred to
as data observability, represents the trustworthiness of
data and the insights derived from it for enabling sound
decision-making. Reliability is characterized by two other
fundamental elements of data quality include accuracy
and consistency [9, 49, 53, 57, 59, 65].

Data accessibility refers to the ease with which users
can locate, retrieve, comprehend, and utilize data within
an organization’s information systems. This is crucial in
the modern digital landscape, where data is valuable for
decision-making, strategic planning, and operational
efficiency. Ensuring data accessibility involves creating
an environment where data is available, understandable,
and usable by individuals with varying levels of technical
expertise. This approach is closely tied to data democ-
ratization, which aims to break down silos and make
data available across different levels and departments of
an organization. A well-implemented data accessibility
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strategy ensures that data is not locked away in isolated
information systems but is integrated and accessible,
contributing to a more informed and agile organizational
structure. The ultimate goal is to empower users to lever-
age data in their daily tasks and decision-making pro-
cesses, thus fostering a data-driven culture [4, 26, 29, 33,
50, 57].

Data Objectivity refers to the extent to which data is
free from personal biases, emotions, and subjective inter-
pretations. Objective data is verifiable, reliable, and accu-
rate, meaning that it can be verified independently by
multiple parties. In other words, objective data is based
on facts rather than opinions or judgments. In the con-
text of information systems, data objectivity is crucial
because it enables organizations to make informed deci-
sions based on accurate and reliable information. Objec-
tive data helps to reduce errors, inconsistencies, and
uncertainties, ensuring that business processes are effi-
cient, effective, and compliant with regulatory require-
ments. Data objectivity in information systems is often
hindered by biases in data collection, data quality issues,
information overload, and lack of standardization. Biases
may arise from human error, sampling errors, or delib-
erate data manipulation during the collection process.
Inaccuracies, inconsistencies, and incompleteness result-
ing from poor data quality can compromise the objectiv-
ity of the information. The overwhelming amount of data
available can make it challenging to differentiate between
objective and subjective information. Inconsistencies in
data representation and interpretation may occur due to
the use of different systems or formats [36, 41, 44—46].

Data relevancy is an aspect of data quality that deter-
mines whether the data used or generated are relevant
to add to the new target system and how usable it is
for users [9, 29, 45, 48, 51]. Ease of operation, Usability,
applicable, utility, Usefulness, Perceived usefulness and
importance are common terms that use for describe data
relevancy [21]. The concept of data usability revolves
around a user’s ability to obtain meaningful information
from various systems. When data is stored in text files
that demand prolonged and intricate processing before
it can be analyzed, its usability is limited. Conversely,
data that is conveniently displayed on a performance
dashboard for immediate interpretation is classified as
highly usable [4, 25, 29, 45, 48, 50]. The concept of data
usefulness denotes the level at which data, post-analysis,
aligns with the intended purpose within a given context
for its user or consumer. In most cases, data usefulness is
attained when all criteria related to data quality, such as
dependability, thoroughness, uniformity, and others, are
fulfilled [43, 50, 52].

Data Understandability refer to the level at which data
exhibits qualities that facilitate understanding and anal-
ysis by users, and are presented in relevant languages,

(2024) 24:243

Page 6 of 9

symbols, and measurements within a defined context of
utilization [22, 34, 37, 46]. Interpretability, ease of under-
standing, granularity and transparency are common
terms that use for describe data understandability [21].

Data navigation refers to the process of searching,
locating, and extracting relevant data from a vast pool
of information to support decision-making, problem-
solving, or analysis. It involves the utilization of different
techniques and tools to navigate through extensive data,
identify patterns, trends, and correlations, and pres-
ent the information in a meaningful and actionable way.
The success of data navigation is contingent upon sev-
eral dimensions, including technical, domain knowledge,
systems, methodological, and human dimensions. The
technical dimension involves mastering programming
languages like SQL and Python, utilizing data visualiza-
tion software such as Tableau and Power BI, and imple-
menting data mining techniques like machine learning
algorithms. Domain knowledge dimension stresses the
importance of expertise in specific fields. Information
system dimension highlights the role of databases, data
warehouses, cloud storage platforms, and other technol-
ogies in facilitating data navigation by storing, managing,
and providing access to data. Methodological dimension
focuses on statistical analysis, data mining techniques,
and data visualization methods as key approaches to
navigating data. Lastly, human dimension recognizes the
significance of communication skills, collaboration, and
critical thinking in the process of data navigation [4, 50,
65, 68].

Data reputation is the evaluation of the trustworthi-
ness, reliability, and credibility of data in an information
system. It signifies the extent to which stakeholders, such
as users, decision-makers, and other systems, perceive
the data as accurate, reliable, and complete. Within an
information system, data reputation plays a crucial role
in decision-making, trust, system performance, and data
sharing [42, 60, 61].

The concept of data efficiency revolves around an
organization’s effectiveness in maximizing the value
obtained from its data, while simultaneously minimiz-
ing the resources essential for processing, storing, and
up keeping that data. Put simply, data efficiency focuses
on streamlining the collection, storage, analysis, and uti-
lization of data to meet objectives. When considering
an information system, data efficiency can be examined
from various angles, such as efficiency in data acquisi-
tion, storage, processing, analysis, visualization, security,
retention, and archiving (7, 28, 29, 48].

Data value-added pertains to the process of refin-
ing raw data into more useful, meaningful, and valuable
information that can support decision-making, drive
business outcomes, and create a competitive advan-
tage. This process involves extracting insights, patterns,
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or trends from large datasets and presenting them in a
manner that is easy to understand and act upon. By pri-
oritizing these dimensions of data value-added within an
information system, organizations can ensure that their
data is transformed into valuable insights that support
informed decision-making and drive business outcomes
[5, 22, 25, 45].

Discussion

In a few papers, the concept of “fitness for use” was
applied to data quality [6, 55, 69]. Two viewpoints can be
used to characterize data quality: (1) the inherent quality
of the data elements and set, and (2) how the set satis-
fies the needs of the user. The definition provided by the
International Standards Organization best captures the
accepted meaning of data quality, which is “the totality of
features and characteristics of an entity that bears on its
ability to satisfy stated and implied needs” [4, 15, 28, 33,
53].

Current review study identified 14 common dimen-
sions for data quality in health information system. In
related research data quality dimensions classified on
four dimensions include: intrinsic (accuracy, objectiv-
ity, reputation), contextual timeliness, completeness, and
relevancy), representational (representational format,
understandability, consistency), and accessibility (acces-
sibility, security) categories [53, 60, 69-71]. There exists
a certain level of intersection between the aspects of data
quality recognized in this review and those research in
prior classifications of data quality.

Previous literature has often discussed intrinsic data
quality in terms of the absence of defects, as indicated by
various dimensions such as accuracy, perfection, fresh-
ness, and uniformity [72]. and “completeness, unam-
biguity, meaningless and correctness” [54, 73, 74]. The
Canadian Institute for Health Information put forth a set
of 69 quality criteria, organized into 24 quality charac-
teristics, and further classified into 6 quality dimensions:
accuracy, timeliness, comparability, usability, relevance,
and privacy & security [58, 71]. Research on data qual-
ity has primarily concentrated on recognizing general
quality traits like accuracy, currency, completeness, cor-
rectness, consistency, and timeliness as fundamental
aspects of data quality applicable across different fields.
Nevertheless, existing reviews reveal a lack of consen-
sus regarding the conceptual framework and definition
of data quality [70, 73]. However, our pervious review
shows there is a lack of consensus conceptual framework
and definition for data quality [1, 71].

In this study, the three most-frequently used dimen-
sions of data quality were accuracy, completeness and
timeliness, respectively. This arrangement is somewhat
different from previous literature in which the three
most-frequently used dimensions were arranged in the
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order of completeness, accuracy, and timeliness, respec-
tively [43, 51, 53]. Furthermore, the absence of a precise
definition of the data quality dimensions led to complexi-
ties in evaluating them. The definitions of dimensions
and their associated metrics were occasionally based on
intuition, past experiences, or the underlying goals. These
results indicate that data quality is a multi-faceted phe-
nomenon. Likewise, other scholars argue that data qual-
ity is a multi-dimensional notion [5, 28, 38, 52, 61].

Conclusions

The Health Information Systems heavily rely on data, as
they perform essential functions like generation, com-
pilation, analysis, synthesis, communication, and data
application to support decision-making. The literature
frequently evaluates the dimensions of data quality, but
there is currently a lack of consistency and potential gen-
eralizability in using these dimensions and methods to
assess data quality in Health Information Systems. In this
review of the literature, the data quality for health infor-
mation system were examined and identified 14 com-
mon dimension include: Accuracy, Consistency, Security,
Timeliness, Completeness, Reliability, Accessibility,
Objectivity, Relevancy, Understandability, Navigation,
Reputation, Efficiency and Value- added.

The quality of data in health information systems is
indispensable for healthcare institutions to make well-
informed decisions and provide patients with optimal
care. Accurate and timely data assists healthcare organi-
zations and professionals in identifying patterns, predict-
ing outcomes, and enhancing patient results. Conversely,
inadequate data quality in healthcare or other data-
related issues can lead to inaccurate diagnoses, inap-
propriate treatments, and harm to patients. To ensure
data quality in healthcare, organizations must prioritize
investments in data governance, data management, and
data analysis tools, while also maintaining a continu-
ous process of monitoring and improving data quality in
health information systems.

It is essential to have high-quality data in order to
ensure the safe and dependable delivery of healthcare
services. Health facility data plays a crucial role in moni-
toring performance. While various organizations may
prioritize different aspects of data quality, it is impor-
tant to acknowledge that no health data, regardless of
its source, can be deemed flawless. All data are suscep-
tible to various limitations related to data quality, includ-
ing missing values, bias, measurement error, and human
errors in data entry and computation. These limitations
are associated with technical, behavioral, and organiza-
tional factors [75].

This study has limitations. Firstly, the number of articles
with complete data was relatively small. Secondly, assess-
ing the quality of some studies were difficult because the
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quality assessment criteria were not clearly identified. We
have proposed four fundamental implications to inspire
future research. Firstly, it is crucial for researchers to give
equal attention to all dimensions of data quality, as these
dimensions can have both direct and indirect effects on
data quality outcomes. Secondly, researchers should aim
to evaluate the existing data quality models and frame-
works through a combination of mixed methods and
case study designs. Thirdly, it is important to identify the
underlying causes of data quality issues in health infor-
mation systems. Lastly, efforts should be made to develop
interventions that can effectively address and prevent
data quality issues from occurring.
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