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Introduction: The emergence of data warehousing in clinical settings has greatly
enhanced data analysis capabilities, facilitating the accurate and comprehensive
extraction of valuable information. This scoping review explores the
contributions of data warehouses in clinical settings by analysing the strengths,
challenges and implications of each type of data warehouse, with a particular
focus on general and specialised types.

Methods: This scoping review adheres to the Preferred Reporting ltems for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines. We searched four
databases (PubMed, CINAHL, Scopus and IEEE-Xplore), identifying peer-
reviewed, English-language studies from 1st January 2014 to 1st January 2024,
that focus on data warehousing in healthcare, covering either general or
specialised data warehouse applications. Python programming was used to
extract the search results and transform the data into a tabular format for analysis.
Results: After removing 1,194 duplicates, 4,864 unique papers remained.
Abstract screening excluded 4,590 as irrelevant, leaving 274 for full-text
evaluation. In total, 27 papers met the inclusion criteria, of which 17 focused
on general data warehouses and 10 on specialised data warehouses.

General data warehouses were found to be primarily used to address data

integration issues, particularly for electronic health record (EHR)/ Electronic
medical Record (EMR) and general clinical data. These warehouses typically
use a star schema architecture with online analytical processing (OLAP) and
query analysis capabilities. In contrast, specialised data warehouses were
focused on improving the quality of decision support by handling a wide
range of data specific to diseases, using specialised architectures and
advanced artificial intelligence (Al) capabilities to address the unique and
complex challenges associated with these tasks.
Conclusions: General purpose data warehouses effectively integrate disparate
data sources to provide a comprehensive view of disease management, patient
care, and resource management. However, their flexibility and analytical
capabilities need improvement. In contrast, specialised data warehouses are
gaining popularity for their focus on specific diseases or research purposes,
using advanced tools such as data mining and Al for superior analytical
performance. Despite their innovative designs, these specialised warehouses
face scalability challenges due to their customised nature. Addressing these
challenges with advanced analytics and flexible architectures is critical.
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1 Introduction

The rapid digitization of healthcare has generated an increasing
volume of clinical data, leading to a growing interest in
technologies that can manage, integrate, and analyse clinical
information to improve patient care and operational efficiency.
A clinical data warehouse (CDW) is a centralized repository
designed to collect, store, and process data from multiple healthcare
information systems, such as electronic health records (EHRs),
laboratory systems and radiology systems (1). It plays a key role in
the management and analysis of vast amounts of digital health data
in the context of clinical and healthcare industries. As digital health
technologies continue to advance, the implementation of data
warehouses has become increasingly critical for improving clinical
workflows, patient care, and research capabilities. The healthcare
industry has seen a growing adoption of data warehouses, driven
by the need to use data to improve various aspects of clinical
practice and administration. Healthcare providers and institutions,
including hospitals, clinics, and research facilities, rely on data
warehouses to integrate and analyse disparate data sources,
providing comprehensive insights that support strategic planning (2).

Previous research has shown that clinical data warehouses can
data
comprehensive view that supports both clinical and operational

effectively integrate disparate sources to provide a
decisions by integrating EHR, laboratory systems, and other
clinical databases into a single repository (1, 3, 4). In addition,
clinical data warehouses support research by providing rich
datasets for secondary use, allowing the extraction and analysis of
diverse patient data to address broader clinical or specific diseases
(2), such as acute kidney injury (5) and cancer management (6, 7).

However, inefficiencies and challenges associated with clinical
data warehouses, such as several data quality issues, particularly
inconsistencies and inaccuracies in data collected from different
sources (1, 2, 7). These data quality issues can significantly
reduce the effectiveness of data warehouses, making it difficult
trust the

Integrating data from disparate systems often involves complex

for healthcare providers to insights generated.
Extract, Transform, Load (ETL) processes, which can be
resource-intensive and error-prone (5, 8). These challenges can
limit the scalability and sustainability of data warehouse
initiatives. At the same time, the complexity of clinical
environments, the diversity of data, and growing analytics needs
have led to the development of different types of data warehouses.

Despite the growing importance of data in clinical settings,
there is a lack of comprehensive understanding of the specific

benefits and limitations of data warehouses in this context. The

Abbreviations

AKI, acute kidney injury; CDW, clinical data warehouse; EHR, electronic health
records; EMR, electronic medical record; ETL, extract, transform, load; HIS,
hospital information systems; HIPAA, Health Insurance Portability and
Accountability Act; ICUs, intensive care units; NLP, natural language
processing; OLAP, online analytical processing; PACS, picture archiving and
communication systems; PIS, pharmacy information systems; PMS, patient
management systems; PRISMA, systematic reviews and meta-analyses; PLCO,
prostate, lung, colorectal, and ovarian; RIS, radiology information systems;
RYGB, roux-en-y gastric bypass; VDW, virtual data warehouse.
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rationale for this scoping review is fourfold: (1) to understand
the use of data warehouses in clinical settings, (2) to explore the
effectiveness of data warehouses in clinical environments, (3) to
identify the characteristics and components of data warehouses,
and (4) to learn the benefits and limitations associated with the
use of data warehouses in clinical practice.

Therefore, the aim of this scoping review is to comprehensively
explore the contributions of data warehouses in clinical settings by
analysing the strengths, challenges and implications of each type of
data warehouse and to provide a comprehensive understanding of
their respective roles in healthcare. More specifically, this scoping
review aims to address the identified research gap by focusing on
two main types of data warehouse: (1) General data warehousing
is designed to improve the overall data analysis capabilities of the
entire healthcare organisation by integrating disparate data
sources to provide a holistic view of hospital workflows, patient
care and resource management (1, 2, 7). (2) Specialised data
warehousing is designed to meet specific clinical or research
needs, using targeted data integration and advanced analytic
tools to address the specific needs of particular diseases or
research purposes (5).

The components of this scoping review include: (1) the
population, which comprises data warehouses used in clinical
settings; (2) the concepts examined, include the types and
sources of data involved, the data warehouse architecture, the
analytics technology used, and post-implementation challenges;
and (3) the context of this review, which covers clinical settings,
including healthcare organizations, clinical institutions and
hospitals that have implemented data warehouses to support
decision making.

2 Material and method

This scoping review study adheres to the established Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines (9), as detailed in the Supplementary Table S1.

2.1 Information sources and search strategy

Four major electronic bibliographic databases were selected for
the literature search: PubMed, CINAHL, Scopus and IEEE-Xplore.
Of the four databases, PubMed and CINAHL specialise in the
health and clinical fields. IEEE-Xplore, on the other hand,
focuses on technology and engineering research, providing
insights into the technical aspects of data warehousing. Lastly, we
utilised Scopus, a general and multidisciplinary database, to
ensure that different perspectives on data warehousing were
captured. This combination of databases ensures a thorough and
balanced review of both clinical and technical literature.

A novel keyword search strategy was developed to effectively
identify relevant studies given the interdisciplinary nature of this
scoping review. This strategy involved categorising keywords into
two main domains: the data warehouse technology domains and
the clinical domain. The technical dimension of the review aims
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to address critical components of data warehousing such as data
sources and structure, architecture, and analytic capability. These
elements are essential to understand the infrastructure and
capabilities of healthcare data warehouses. Then, from the
clinical perspective, the review focuses on how data warehouses
are used in different healthcare scenarios. This includes applying
data warehousing technology to manage different diseases,
improving hospital administrative and clinical processes, and
adapting to the unique healthcare challenges of different
countries. Each selected study is analysed to determine how data
warehouses meet specific clinical needs and contribute to
improved health outcomes. Only those papers falling into both
domains were to be included. The complete search strategy can
be found in Supplementary Table S2.

2.2 Inclusion and exclusion criteria

Two reviewers jointly developed the eligibility criteria for this
scoping review. The inclusion criteria of this scoping review are: (1)
Studies that focus on the use of data warehousing in the clinical or
healthcare setting (2) Studies that specifically address the
implementation, data ETL, analytical
capabilities, or current limitations in the healthcare context of

sources, architecture,
clinical applications. (3) Studies that address either general data
warehouse implementations that aim to improve the overall data
analysis capabilities, or specialized data warehouses that are
designed to meet specific clinical or research needs. (4) Studies that
have been published within the last ten years, between 1 January
2014 and 1 January 2024, ensuring that the review focuses on
recent developments and current trends in the field, capturing the
latest advances and innovations while providing a contemporary
snapshot of the research landscape. (5) Studies which were peer-
reviewed and English-language articles, ensuring that the included
studies met a standard of academic quality and credibility.

The exclusion criteria are: (1) Studies that do not focus on the
use of data warehouses in clinical settings; (2) Statistical or
modelling studies that merely mention the data warehouse as a
source of data without focusing on its implementation or impact;
(3) Studies that fall out of the published range, non-English
publications, or non-peer-reviewed studies.

2.3 Study selection and data extraction

The three main steps in the study selection process:

identification, screening and eligibility ~assessment, were
developed by two reviewers. The Python programming language
was utilized during this process, which was tested on the first ten
papers to ensure consistency and accuracy. In the identification
step, studies with identical DOI numbers and article titles were
considered duplicates and removed from the study dataset. Then,
in the screening phase, the titles and abstracts of the identified
studies were used to ascertain their relevance to the specified
keyword strategy. At the eligibility stage, the full texts of the

selected studies were assessed independently by two reviewers to
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ensure that they met the inclusion criteria and were relevant to
both the data warehouse and clinical domains.

In data extraction form, the following methodological and
outcome variables were collected from each study by two
reviewers. Overall, the form included:

o General information: This included authors, publication year,
paper title, abstract and author/publication keywords.

o Data warehouses domain: This included the data warehouse
technology used, the type of data used, the type of data
warehouse architecture, and the intended use of the
data warehouse.

o Clinical domains: This included the type of diseases involved,

the area of implementation and the core focus area.

A detailed description of the data extraction form is attached in
Supplementary Table S3. Any disagreements between the
reviewers were resolved by discussion. Moreover, the limited
functionality of the PubMed database prevents direct extraction
of abstracts and author/publication keywords from search results.
The Python package Pymed has been developed as a solution to
this problem and facilitates the retrieval of medical literature
from PubMed (10). Pymed provides a simple interface for
querying and extracting records, including keywords and
abstracts, from PubMed. For the CINAHL database, the results
obtained were initially stored in a text file. Python programming
was used to extract the attributes of each article and convert the
results into a tabular format. In total, data from all four
databases were stored in a tabular format for analysis, allowing
for efficient processing and comparison.

2.4 Data synthesis

A structured synthesis was conducted based on the data
extracted from each study using a data extraction form. The
purpose of the synthesis was to identify key themes, patterns,
and differences among the included studies. All data warehouses
were categorized into two types for ease of comparison: data
warehouses and databases: General Data Warehousing, which
aims to improve overall general data analysis capabilities, and
Specialized Data Warehousing, which targets specific clinical
conditions or research objectives.

A comparative analysis was then conducted to identify how the
two categories differed. Six thematic areas were used to guide this
analysis: (1) core focus areas, (2) data sources, (3) analytic
capabilities, (4) data structure (5) data transformation process (6)
data warehouse architecture, and (7) post-implementation
challenges. This comparison helped to understand the unique
strengths and challenges associated with each type of data
warehouse. To visually present findings, sankey diagrams were
used for perspectives involving proportional relationships-
specifically, the distribution of focus areas and data sources
across both warehouse types. For technical aspects such as data
structures, transformation processes, and architecture as well as
post-implementation challenges, summary tables were used to

present detailed information at the study level.
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3 Results

Figure 1 presents the PRISMA flow diagram. The preliminary
search yielded 6,056 papers from PubMed, Scopus, IEEE Xplore,
and CINAHL. Following the removal of 1,194 duplicate papers, a
total of 4,864 unique papers were identified. A total of 4,590
papers were excluded from the review based on abstract

10.3389/fdgth.2025.1599514

screening, as they were deemed irrelevant to the scope of the
study. A total of 274 papers were deemed eligible for full-text
assessment. Of these, only 27 met the criteria for inclusion in the
final review and were included in the study. Table 1 presents a
detailed summary of characteristics of each selected study.

Based on the results of the synthesis, the two main applications of
clinical data warehousing identified in our review of 27 papers were:

=
= Records identified .
s through database Records removed before screening:
b= . —>» * Duplicated records removed
S searching (n=1194)
- (n=6056)
.
EEW Records screened
‘= based on title and Removed irrelevant records
8 abstract > (n = 4590)
A (n = 4864)
Removed irrelevant records
(n=247)
* Not data warehouse related
= Records assessed for (n = 179)
= eligibili E— e
1 @ g=1 5 7;})’ ¢ Not clinical or health related
= (n = 064)
* Type of publication irrelevant
(n=4)
e Records included in
=] e 3
= qualitative synthesis
[*) ==
£ (n=27)
FIGURE 1
PRISMA flowchart of data warehouse paper selection in clinical and health research. The diagram illustrates the number of records identified from the
database (PubMed, Scopus, IEEE and CINAHL), the exclusion process and the inclusion process.
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TABLE 1 Characteristics of 27 selected studies included in the scoping review.

Author,
[Ref]

Year,

Priou et al. 2023, (1)

Analysis of whether the CDW can deliver on its
promise, based on expert interviews

Data sources

Electronic Health Record
(EHR)

Type of data
warehouse
identified

General Data warehouse

Number of
hospitals
involved

Not specified

Core focus area

Complexities of Data
Integration

Post-implementation challenges

Hospital subsystem integration

Henley-Smith et al.
2019, (2)

Proposed framework for the quality of data in the
CDW for secondary use

EHR

General Data warehouse

Not specified

Issues in Data Quality
Management

Inconsistent use, incorrect coding due to
different EHR systems

Wade et al. 2014, (3)

Proposed dimensional bus model to integrate EMR,
sponsored study and biorepository data.

Electronic medical Record
(EMR)

General Data warehouse

More than 5 Hospitals/
Clinics

Challenges in Decision
Support Quality

Improve query formulation and execution time

Sebaa et al. 2017, (4)

Developed a decision support system for medical
resource allocation in Bejaia.

General clinical or health
data

General Data warehouse

More than 5 Hospitals/
Clinics

Concerns in Data
Privacy and Security

Data protection and privacy policies in the
different regions

Baghal et al. 2019, (5)

Proposed a graph model for visualizing and
exploring acute kidney injury (AKI) entities.

EMR: Acute kidney injury
(AKI) related

Specialised data warehouse
(Image based data)

One Hospital only

Challenges in Decision
Support Quality

The traditional relational model lacks agility
and scalability for evolving data needs.

Atay et al. 2020, (6)

Development of a clinical data warehouse for lung
cancer data

Prostate, lung, colorectal,
and ovarian (PLCO) data

Specialised data warehouse

United States National
Cancer Institute

Challenges in Decision
Support Quality

Effective decision-making remains challenging.

Ritzwoller et al. 2014,
(7

Assessing the accuracy of treatment data in the
Cancer Research Network’s Virtual Data Warehouse
(VDW)

Tumor Registry data

Specialised data warehouse

More than 5 Hospitals/
Clinics

Issues in Data Quality
Management

Lack of published validation studies assessing
the quality of automated data

De Assis Vilela et al.
2023, (8)

Suggested real-time extract, transform and load
(ETL) into the data warehouse

General clinical or health
data

General Data warehouse

Not specified

Complexities of Data
Integration

Dealing with data collection frequency

Support Quality

Freund et al. 2014, Use data warehouse technology to characterise EMR General Data warehouse More than 5 Hospitals/ | Concerns in Data Limited support for medical resource allocation.
(11) medication use across age groups. Clinics Privacy and Security
Puppala et al. 2016, A focus on the issue of data protection and data EHR General Data warehouse One Hospital only Concerns in Data Data privacy concern
(12) security in the CDW Privacy and Security
Nobles et al. 2015, (13) | EHR data quality assessment for secondary analysis | EHR General Data warehouse More than 5 Hospitals Issues in Data Quality
Management
Neamah, 2020, (14) Integration of different sources of EHR data EHR General Data warehouse Not specified Challenges in Decision | Data integration

Krause et al. 2015, (15)

Facilitate health planning by building and
coordinating infrastructure, capacity, tools, and

resources.

General clinical or health
data

General Data warehouse

More than 5 Hospitals/
Clinics

Complexities of Data
Integration

Data has historically been held in data silos and
not easily shared.

Khan et al. 2015, (16)

Explores health data warehousing and mining in
Bangladesh.

General clinical or health
data

General Data warehouse

More than 5 Hospitals/
Clinics

Complexities of Data
Integration

Unstructured Data Integration Issue

McGlothlin et al.,
2016, (17)

Using an enterprise data warehouse and business
intelligence tools to improve clinical outcomes

EHR

General Data warehouse

One Hospital only

Challenges in Decision
Support Quality

Wood et al. 2016, (23)

Building a data warehouse of patients undergoing
Roux-en-Y gastric bypass (RYGB) surgery

Obesity related EHR

Specialised data warehouse
(Obesity)

Geisinger Bariatric
Surgery clinical program

Complexities of Data
Integration

The availability and integrity of different types
of data in EHRs can vary widely.

Abouzahra et al. 2014,
(18)

Framework for Integrating EHR Data to Enhance
Clinical Decision-Making

EHR

General Data warehouse

More than 5 Hospitals/
Clinics

Complexities of Data
Integration

EHR Interoperability and Information Overload
Challenges

Baghal, 2019, (24)

Enhances DW analysis using NLP for pathology
documents.

EMR: Clinical reports,
Pathology reports

Specialised data warehouse
(Text based data)

Not specified

Challenges in Decision
Support Quality

Teixeira et al. 2015,
(25)

Proposed DW for medical image management

Image data, such as brain
images

Specialised data warehouse
(Image based data)

Not specified

Challenges in Decision
Support Quality

Shin et al. 2014, (19)

Characterise the issue of CDW implementation

General clinical or health
data

General Data warehouse

More than 5 Hospitals/
Clinics

Challenges in Decision
Support Quality

Efficient CDW implementation remain
undefined.

(Continued)
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Addressing challenges for hospitals and city

Addressing COVID-19 data integration issues.

Intensive care units (ICUs) are under constant

pressure to balance capacity

Handling sensitive health data

Medical data sources face diverse types, large

volumes, and lack associations.

Evaluate disease management programs

affecting patient quality of life.

Core focus area Post-implementation challenges
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Summary of data sources, data warehouse types, number of hospitals involved, and types of challenges addressed.
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(1) General data warehousing: improving overall data analysis
capabilities across the hospital, appearing in 17 of the 27
papers reviewed (1-4, 8, 11-22).

(2) Specialized data warehousing aimed at improving disease-
specific data analysis or supporting research-oriented goals,
appearing in 10 of the 27 papers reviewed (5-7, 23-29)

The following subsections summarize two main applications of
clinical data warehousing from 7 key perspectives.

3.1 Functional aspects of clinical data
warehousing: core focus areas, data
sources, and analytical capabilities

3.1.1 Core focus areas

Challenges in Decision Support Quality were frequently cited as
shown in Figure 2 appearing in 13 of 27 papers with 8 papers from
Specialized data warehousing category (5, 6, 24-29) and 5 papers
from General data warehousing (3, 14, 17, 19, 22). All 8 studies
in the Specialized Data Warehousing category (5, 6, 24-29)
highlight the specific needs of clinical data warehouses, as
general-purpose warehouses lack sufficient analytical capabilities
for specific diseases or unstructured data, such as medical images
and text-based prescriptions. In the general data warehousing
category, 4 studies focus on improving disease and patient
management (14, 17, 19, 22), while one study focuses on
improving data retrieval and execution times across hospital
systems (3).

Complexities of Data Integration were cited in 7 papers (1, 8,
15, 16, 18, 21, 23). 6 studies in the General Data Warehousing
category (1, 8, 15, 16, 18, 21) highlight the lack of a unified
analytics system for consolidating disparate data sources,
including EHR, hospital information systems (HIS), patient
management systems (PMS), pharmacy information systems
(PIS), and others. Only 1 study from the Specialized Data
Warehousing category (23) focuses on the integration of different
types of EHR data.

In Concerns in Data Privacy and Security, 4 papers (4, 11, 12, 20)
all with a General data warehousing focus, emphasized the need for
effective governance, regulatory compliance, and robust security
measures, such as the US Health Insurance Portability and
Accountability Act (HIPAA), and implementing security measures
(20). Lastly, for Issues in Data Quality Management, 2 papers
from General data warehousing addressed the inconsistent use and
coding due to different EHR system (2) and secondary analysis
use (13), while 1 paper from Specialized data warehousing focused
on the accuracy of treatment data in the Cancer Research
Network Virtual Data Warehouse (7).

3.1.2 Data sources

In the General data warehousing category (Refer to Figure 3),
the studies relied on EHR/EMR data (10 out of 17 studies) (1-3,
11-14, 17, 18, 21) and general clinical and health data (7 out of
17 studies) (4, 8, 15, 16, 19, 20, 22) obtained from hospital
information systems (HIS), patient management systems (PMS),
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different data warehouse types align with specific cores focus areas.

Sankey diagram of clinical data warehouse types and associated core focus areas. This Sankey diagram illustrates the relationship between clinical data
warehouse types on the left, which include general specialized data warehouses, and their associated core focus areas on the right, which include
challenges in decision support quality, complexities of data integration, concerns in data privacy and security and issues in data quality
management. The width of each stream represents the number of studies addressing each connection, providing a visual overview of how

and pharmacy information systems (PIS), covering hospital-
wide information.

In contrast, Specialized data warehousing focused primarily on
disease-specific data (8 of 10 studies) (5-7, 23, 25, 26, 29), obtained
from radiology information systems (RIS), picture archiving and
communication systems (PACS), and other specialized systems
focused on specific types of data or diseases. Then, one study in
these specialized data warehouses analysed EHR/EMR data
focusing on clinical and pathology reports (24), while another
study examined general clinical and health data related to ICU
processes (28).

3.1.3 Analytic capabilities

As shown in Table 2, Query analysis and OLAP were the most
frequently mentioned analytical capabilities in clinical data
warehouses, cited in 11 of 27 papers, with 8 from General data
warehousing (1, 3, 4, 11, 15, 17, 18, 22) and 3 from Specialized
data warehousing (6, 23, 28). Among the General data
warehousing, these methods were used for Medicare resource
management (3, 4), health planning (11), and improving clinical
18, 22). In contrast, Specialized data
warehousing focused on disease-specific applications, including

outcomes (11, 17,

cancer (6), obesity (23), and intensive care unit management
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(28). Data mining and Al technology was used in 5 studies (5,
16, 24, 25, 29). Only one General data warehousing study used
data mining to support clinical decision-making in Bangladesh
(16), while the remaining 4 specialized data warehousing studies
focused on unstructured data, including image-based analysis (5,
25) and text-based data processing (24, 29). In addition, 2
Specialized data warehousing studies used spatio-temporal
analysis for COVID-19 transmission tracking (26, 27). Finally, 9
papers did not explicitly mention the analytical methods used.

3.2 Technical aspects of clinical data
warehousing: data structures, and data
warehouse architecture and transformation

3.2.1 Data structures

Data structures are divided into aggregable and non-aggregable
data, as shown in Table 3(a). The aggregable data is used in most
(18/27) of the studies. Within 18 papers, 12 papers fall in the
General data warehousing category, which use EHR/EMR and
general clinical and health data for medication use (11),
improving ETL process (8), enhancing medical resource allocation
(1, 3, 4, 13, 14, 21), and improving clinical outcomes for patients
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FIGURE 3

warehouse types on the

Sankey diagram of clinical data warehouse types and associated data sources. This Sankey diagram illustrates the relationship between clinical data
left, which include general specialized data warehouses, and their associated data sources on the right, which include
EMR/EHR systems, general clinical and health data, and disease-specific clinical data. The width of each stream represents the number of studies
addressing each connection, providing a visual overview of how different data warehouse types align with specific data sources.

(16-18, 22). The 6 papers from Specialized data warehousing are
focused on the use of aggregable data for disease-specific analysis
(6, 7, 23, 26-28). For the non-aggregable data, all 4 studies are
from Specialized data warehousing category, which include text-
based data, images and other formats (5, 24, 25, 29). Finally, 5
papers do not explicitly mention the data structures.

3.2.2 Transformation process

papers which discussed the ETL
transformation process (8, 24, 25, 28), as shown in Table 3(b).
Only 1 study from the General Data Warehousing category
discussed the ETL taxonomy, which classifies ETL processes
based on their frequency (8): (1) On-demand ETL is a
traditional ETL process that is executed based on specific

There are four

needs, with data processing occurring as needed. (2) Near
real-time ETL is a faster method than on-demand ETL, with
shorter processing times, and can be performed several times
a day. (3) Real-time ETL, data is continuously produced and
processed from data sources, allowing for immediate
integration and analysis. In the Specialized data warehousing
category, three

analytics or processes, such as image and text-based data,

studies highlighted that certain disease

require longer ETL processing times due to their complexity
(24, 25). And an ICU study found that ETL frequency
impacted performance analysis as

positivity frequency
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increased, affecting patient readmission rates, resource

utilization, and timely care decisions (28).

3.2.3 Data warehouse architecture

The star schema was the most common architecture identified
in 9 studies, with 7 studies falling into the General Data
Warehousing category (1, 3, 4, 11, 15, 16, 18) and 2 studies in
the Specialized Data Warehousing category (23, 28). These
studies were primarily designed to manage EHR/EMR and
general clinical data (see Table 3(c). In addition, 2 General data
warehousing studies used federated data warehouse approaches to
integrate multiple autonomous databases (17, 22). In contrast, 4
Specialized data warehousing studies focused on disease-specific
architectures for COVID-19 (26, 27) and cancer data (7, 24),
while 2 studies introduced graph-based warehouses for medical
imaging (25) and acute kidney injury (AKI) (5). Another 2
studies developed specialized warehouses for prescription data
(24, 29). Finally, 8 papers did not data
warehouse architecture.

specify  their

3.3 Post-implementation challenges

This section synthesizes 27 selected papers to highlight post-
implementation challenges, as opposed to the core focus areas
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TABLE 2 Summary of the analytical capabilities perspective in the
selected studies included in the scoping review.

Analytic General data | Specialized Number
capabilities warehousing data of papers
perspectives warehousing | (n=27)
Query Analysis & 8 papers 3 papers 11
OLAP (1, 3, 4, 11, 15, 17, (6, 23, 28)

18, 22)
Data Mining & Al 1 paper 4 papers 5
Technology (16) (5, 24, 25, 29)
Spatio-Temporal N/A 2 papers 2
analysis (26, 27)
Not explicitly 8 papers 1 paper 9
mentioned (2, 12-14, 16, (7)

19-21)

OLAP stands for Online Analytical Process, while AI stands for Artificial Intelligence.

that explore broader research topics. These challenges fall into
three main categories, as shown in Table 4. The remaining 5
papers didn’t mention post-implementation challenges.

(1) Automation failures (12 papers), with 8 General data
warehousing studies (1-3, 8, 14-16, 21) and 4 Specialized
data warehousing studies (5, 23, 27, 28). Failures include
time-consuming integration across hospitals and health
systems (1, 3, 5, 14, 15, 27), inconsistent data collection
requirements (8, 28), and variations in data formats and
coding structures (2, 21, 23).

(2) Data quality and privacy issues (5 papers), with 4 General data
warehousing studies (4, 12, 20, 22) and 1 Specialized data
warehousing study (7). Issues included privacy policy
differences by region (4), protection of sensitive patient data
(12, 20), lack of validation methods for automated data (7),
and challenges in assessing the quality of disease-specific
data (22).

(3) Unclear user requirements (5 papers), noted in 3 General data
warehousing studies (11, 18, 19) and 2 Specialized data
warehousing studies (6, 26). Issues include unclear decision
support objectives leading to information overload (11, 18,
19) and difficulties in integrating multiple subsystems to
define clear objectives (6, 19, 26).

4 Discussion

With the growing importance of data warehousing in clinical
and healthcare domains, several researchers have conducted
scoping reviews of clinical data warehousing recently. These
reviews have generally classified clinical data warehouses based
on their focus area, application area, architecture, data model, or
data domain (30-32). In comparison, this study provides a more
comprehensive perspective by including an analysis of the
analytical  capabilities and ongoing post-implementation
challenges. With the increasing demand for advanced analytics in
healthcare, traditional methods such as OLAP may no longer
fully meet the evolving needs of clinical data analytics. This
study further classifies clinical data warehouses into two distinct

evolutionary paths: General data warehousing and Specialized
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data warehousing, based on characteristics identified through an
in-depth review of 27 selected papers. The purpose of this
classification is to illustrate the different paths of general and
specialized data warehouses, emphasizing the trade-off between
broad hospital-wide integration and tailored, high-performance
analytics for specific clinical and research applications.

4.1 Scalability and challenges of general
data warehouses in hospitals

General data warehousing designed to enhance overall data

analysis  capabilities  across  hospitals share = common
characteristics. By consolidating data from multiple sources, such
as EMR/EHR, lab results, and patient monitoring devices,
healthcare providers can gain a more complete and nuanced
understanding of each patient’s health. This holistic view enables
early detection of potential problems, personalised treatment
plans and more effective management of chronic conditions (17).
General data warehouse implementations often rely on relational
databases with a star schema architecture (1, 2). A similar study,
Clinical Data Warehouse Scoping Review (31), found that the key
strength of using relational database modelling is the ability to
integrate a wide range of data sources from different hospital
systems with the same modelling approach, providing strong data
consistency, integrity, and the ability to perform complex queries,
including patient records, lab results, billing information, and
more, into a unified system, which is essential for comprehensive
data analysis and reporting. This underscores the importance of
aligning general data warehouse implementations with the World
Heath Organisation’s Digital Health Guidelines (33), which
emphasize robust governance, standardized privacy, and
interoperability to ensure the secure, consistent, and sustainable
use of clinical data within complex healthcare infrastructures.
From the data analytics perspective, general data warehousing
provides more comprehensive analysis than smaller, more
specialised data warehouses due to its scalability. By embedding
OLAP functionality,

instrumental in providing powerful analytical capabilities (6).

general data warehouses have been
These capabilities allow users to explore various factors through
multidimensional queries, including drill-down, roll-up, and
slicing and dicing of data.

In comparison to other scoping reviews (30-32), this study
found that general purpose data warehouses underperform their
specialized counterparts in terms of analytical capabilities. This is
attributed to the complexity and volume of data to be processed
(1, 2), such as text and images. These limitations highlight the
need for more adaptable and efficient data warehouse
architectures to meet the dynamic and diverse requirements of
clinical data analysis. Moreover, it was observed that the general
data warehouse exhibited a lack of flexibility. In specific, star
schemas, a common architectural model in general clinical data
warehouses, are optimized for predefined, aggregable data and
are less adaptable to unstructured clinical data such as free-text
notes or medical images (30, 31). In addition, introducing new

data sources often requires significant schema restructuring and
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TABLE 3 Overall summary of (a) data structures, (b) transformation and (c) data warehouse architecture perspective in the selected studies included in

the scoping review.

General data

Perspectives

Specialized data Number of papers

warehousing warehousing (n=27)
(a) Data structures Perspectives
Aggregable data 12 papers 6 papers 18
(1, 3,4, 8, 11, 13, 14, 16-18, 21, 22) (6, 7, 23, 26-28)
Non-aggregable data N/A 4 papers 4
(5, 24, 25, 29)
Not explicitly mentioned 5 papers N/A 5
(2, 12, 15, 19, 20)
(b) Transformation Perspectives
ETL taxonomy 1 papers N/A 1
(8)
Disease-specific ETL N/A 2 papers 2
(24, 25)
Process-specific ETL N/A 1 papers 1
(28)
Not explicitly mentioned 16 papers 7 papers 23
(1-4, 11-22) (5-7, 23, 26, 27)
(c) Architecture Perspectives
Star schema 7 papers 2 papers 9
(1, 3, 4, 11, 15, 16, 18) (23, 28)
Specific architecture
« Disease-specific architecture N/A 4 papers 4
(7, 24, 26, 27)
o Federated data warehouse 2 papers N/A 2
17, 22)
o Graph data warehouse N/A 2 papers 2
(5, 25)
«  Specialized warehouse for N/A 2 papers 2
prescribing data (24, 29)
Not explicitly mentioned 8 papers N/A 8
(2, 6, 8, 12-14, 19-21)

TABLE 4 Overall summary of post-implementation challenges described in the selected studies.

Post-implementation
challenges

General data warehousing | Specialized data warehousing

Number of papers (n = 27)

Automation failures 8 papers 4 papers 12
(1-3, 8, 14-16, 21) (5, 23, 27, 28)
Data quality and privacy issues 4 papers 1 paper 5
(4, 12, 20, 22) (7)
Unclear user requirements 3 papers 2 papers 5
(11, 18, 19) (6, 26)
Not explicitly mentioned 2 papers 3 papers 5
(13, 17) (24, 25, 29)

reconfiguration of ETL processes, making them less responsive to
evolving clinical and research needs (32). Once the scope and
objective of a general data warehouse have been defined, it often
lacks the flexibility to redirect its focus to different fields. The
creation of specific data marts or lakes can enhance flexibility
and analytical capabilities. However, this approach leads to a
significant increase in development costs and a reduction in the
level of automation due to the need to establish new ETL
processes. These post-implementation challenges underscore the
importance of applying structured implementation frameworks to
clinical data warehousing. A recent study (34) has shown that
data warehouse systems require adaptive system design, iterative
implementation, and stakeholder engagement to evolve with
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changing clinical priorities, support diverse data types, and be
sustainable in dynamic healthcare settings.

4.2 Specialized data warehouses and their
challenges

As specialised data warehouses have a narrow and clear scope
defined by their subject matter, developers have more freedom to
choose suitable and appropriate architectures that focus on
specific areas. A recent scoping review also indicated that the
specific requirements for the clinical data warehouse are
increasing, driven by the complexity of the data (30). For
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instance, the researchers proposed a NoSQL-based data warehouse
specifically designed for graph analysis because of its ability to
explore data and its agility in representing clinical facts related to
acute kidney injury (5). Another study proposed a new ETL
structure embedded with a perceptual layer to detect the
similarity of medical images (25). Due to the clear design
boundaries, the ETL process of the specialised data warehouse
also appeared to be more effective. Meanwhile, the topics and
data structure for specialised data warehousing vary considerably.
Of the 27
warehousing focusing on areas such as obesity (23), cancer (6, 7),

selected papers, 8 proposed specialised data
acute kidney injury (5), medical image-based diagnosis (25) and
COVID-19 (26, 27).

Based on the classification, specialised data warehousing appears
to demonstrate superior analytical performance compared to
general data warehouses. These models not only support OLAP but
also incorporate advanced data mining and Al tools tailored to
specific characteristics of diseases or task areas. For instance, the
COVID-19 data warehouses proposed in 2020 and 2022 (14, 15)
were enhanced with spatial clustering analysis to detect patterns of
virus transmission. In addition, another study applied an NLP
model to analyse text-based data, such as prescriptions and clinical
notes, in a clinical setting (29). This capability addresses a
significant limitation of general data warehouses, which often lack
adequate analytical tools for unstructured data. These advances
highlight the potential for specialised data warehouses to provide
more targeted and effective analytical capabilities, using advanced
Al and data mining techniques to address the unique challenges of
specific clinical applications.

Furthermore, Al based studies have reported technical metrics
such as RMSE, precision, and recall validating AI models within
specialized data warehouses (5, 16, 24, 25, 29). However, these
evaluations have typically been limited to single-site or context-
specific datasets. As a result, the generalizability and clinical
applicability of these models remains uncertain (34). What works
well in one institutional setting may not translate effectively to
others due to differences in data quality, patient populations, or
clinical practices. In addition, Ethical issues such as potential bias
in training data and transparency of model selection are also
rarely discussed (34). This underscores the need for standardized
frameworks that ensure rigorous validation of AI models, clinical
readiness through external testing. The EU AI Act (35) is an
example of a regulatory initiative that mandates transparency and
accountability in AI systems. The US ONC Interoperability
Framework (36) also promotes data standardization and secure
exchange. Together, these initiatives highlight the importance of
aligning Al-enabled clinical data warehouses with evolving policies
to ensure the ethical and trustworthy adoption of scalable healthcare.

Despite potential analytic advantages, specialised data
warehousing often involve a narrow focus, which can limit
scalability and make it difficult to determine which patients or
patient groups should be included. Given the complexity of the
clinical environment, the diagnosis and treatment of disease is a
multifaceted process influenced by many factors. Integrating
multiple perspectives and data sources can significantly improve
the accuracy and success of diagnosis and treatment. However,
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specialised data warehousing is not easily able to accommodate
additional data sources or new types of data outside their
original scope, as specific architectures and customised ETL
processes that make specialised warehouses effective for specific
tasks may not be compatible with more general systems, leading
to data silos and interoperability issues. To address the scalability
limitations of specialized data warehouses, recent studies (37-39)
have proposed flexible architectures as potential evolutionary
paths. Two studies (37, 38) have proposed hybrid models that
integrate centralized data lakes with disease-specific marts to
increase adaptability without sacrificing analytical depth. A study
(39) in 2023 proposes federated learning to enable collaborative
analysis across institutions without centralizing sensitive data,
supporting both scalability and privacy.

Lastly, in addition to providing a comparative analysis of general
and specialized data warehouses, this review highlights critical
structural and governance challenges common to both types.
Vendor lock-in can limit interoperability and increase long-term
maintenance costs by tying a hospital or clinical department to a
specific technology vendor (1). Meanwhile, governance silos can
prevent data sharing due to fragmented policies (40, 41), especially
for large clinical data warehouses that span more than one
hospital. Another barrier is the regulatory discrepancy between
data privacy laws (4), as different countries have different
regulations, such as HIPAA in the United States (20) and GDPR
in Europe (42), which complicates cross-border implementation.
These issues impact scalability, compliance, and data utility.
Addressing them requires coordinated policies, unified data
governance models, and interoperable standards to support the
secure and ethical use of data warehouses across healthcare systems.

4.3 Strengths and limitations

This scoping review provides a comprehensive analysis of
clinical data warehousing from the perspective of both general and
specialized data warehouses, offering a structured comparison of
their core focus areas, data sources, analytic capabilities, and data
warehouse transformation and architecture, as well as post-
implementation changes. The study employs a variety of analytical
methods, including Sankey diagrams, tabular summaries, and
narrative synthesis, to effectively present key findings. In addition,
by examining core functional aspects, technical structures, and
post-implementation changes, this review highlights critical gaps
and future directions in clinical data warehousing.

There are several limitations to this scoping review. Firstly, the
exclusion of non-English studies may introduce a language bias.
This could lead to the omission of valuable research conducted in
other languages. Secondly, the reliance on pre-defined keywords
for the literature search may have resulted in the exclusion of
relevant studies that were not captured by the search terms. This
may have limited the comprehensiveness of the review. Despite
these limitations, this scoping review provides valuable insights
into using Data Warehouses in clinical practice. Thirdly, four
major databases-PubMed, CINAHL, Scopus, and IEEE Xplore-
were selected to ensure broad interdisciplinary coverage, but this
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approach may not have included all relevant literature. Future work
will seek to include additional databases, such as the ACM Digital
and Web further the
comprehensiveness of the search strategy. Lastly, this review did

Library of Science, to improve
not explicitly evaluate how clinicians adapted, used, or integrated
data warehouses into daily clinical practice. Future research is
needed to explore the engagement of end users and the practical

application of these systems in the real world of clinical practice.

5 Conclusion

This scoping review study provides a comprehensive analysis of
data warehouse development in the clinical and healthcare
domains. Both general and specialised data warehousing enhance
data analysis capabilities for clinical users.

Opverall, the data warehouse is a valuable analytical tool for the
clinical sector, providing comprehensive data integration and
decision support. However, its characteristics and functionality
vary depending on the type of data warehouse. General data
warehousing, commonly used in clinical environments, integrate
disparate data sources to provide a comprehensive view of
patient care and resource management. However, they often lack
flexibility and struggle with complex ETL processes and handling
unstructured data. Specialised data warehousing, on the other
hand, offer greater flexibility and advanced analytical capabilities
such as AI and data mining, but face scalability and integration
challenges. Continued innovation in design and architecture is
these their
effectiveness in clinical settings.

needed to address limitations and maximise
To support future development, hybrid data warehouse
architectures, such as combining central data lakes with domain-
specific data marts and federation learning, offer potentially
effective approaches to achieve the balance between scale and
specialization. In addition, ensuring consistent validation of AI
models and promoting secure and interoperable data sharing can
be achieved through the adoption of standardized frameworks
such as the EU Artificial Intelligence Act and the US ONC
Interoperability Framework. These practices are essential to enable
trusted Al integration, cross institutional collaboration, and the
long-term sustainability of clinical data warehousing systems.
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