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Abstract

Clinical data warchousing (CDW) aims to provide an integrated database for secondary health analysis. We
conducted a rapid review including 22 studies published between 2018 and 2022 that reported CWD
implementation details in addition to individual experiences. Our results comprise technical details and reveal
current opportunities and challenges of CDW. Many studies positively highlight standardized tools and models
building on well-integrated clinical concepts. Enhanced tooling and data modeling were oftentimes hindered by
bad data quality and organizational burdens. We call for enforcing synergies between clinical, technical, and
organizational expertise to successtully roll out a CDW project.
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Introduction

Clinical information systems (CIS) store high volumes of electronic health records (EHRs) [1]. To build a
valuable integrated single point of data for secondary analysis, clinical data warehousing (CDW) facilitates extract,
transform, and load (ETL) processes, harmonizing data from different source systems and file formats [2].
Traditional open-source projects, such as the Observational Medical Outcomes Partnership (OMOP) Common
Data Model (CDM) or i2b2/tranSMART provide analytical tools in addition to database schemas [3]. OMOP
CDM follows a normalized design principal suggested by Bill Imnon for analytical data stores while i2b2 is
structured in de-normalized star-schemas inspired by Ralph Kimball [4].

Emerging big data infrastructures, like the Hadoop [5, 6], and advanced terminology systems, like SNOMED
Clinical Terms [8], have been changing the CWD landscape over the past years. Besides relational data base
management systems (RDBMS) document-oriented storages like NoSQL databases have gained popularity for
exchanging data in interoperable formats like Fast Healthcare Interoperability Resources (FHIR) [6, 7].

We conducted a rapid review investigating technical implementations while highlighting resulting opportunities
and challenges of CDW projects. Previous reviews have focused on specific clinical domains rather than analyzing
these aspects of implementation projects |2, 8]. This study aimed to provide a general conspectus guiding an early
conceptual phase before the concrete CWD rollout.
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Methods

We searched PubMed for publications dealing with CDW implementations. Eligibility criteria for title and
abstract were CDW related search terms, such as “clinical” in the combination of “data warehouse”, “data
repository”, “data inventory”, etc., yielding a total of 136 publications. Exclusions were made for references with
clinical trial search terms in their title, like “electronic data capture”, “case report form”, “clinical trial”, etc.2,
reducing the number of references to 120. After applying inclusion- and exclusion criteria for published work
between 2018 and 2022, 55 references remained for full-text screening. While screening we focused on technical
reports that revealed details on the used CDM and the DBMS. Subsequently, we covered 22 publications in our
rapid review that we conducted instead of a systematic review to reduce time and complexity while summarizing
the most important results. We screened references during 2023 and see our rapid review as an initial exploration

of the complex CDW research area.

Results

Table 1 displays applied review categories and the number of references (absolute frequencies) that fall into
corresponding category items, e.g., Year Published. The underlying data table including all citations is provided in
our GitHub repository [9]. 31% of the included studies (7 out of 22) were published in 2019 while 2021 and 2022
make up 18% (4 out of 22) each. The number of patients covered by the CDM ranged a lot between 100 and 70
million (M) while projects tend to either include little or vast number of records.

Table 1. Review categories for 22 references denoted as [absolute frequency] X [category item]. T: thousand, M:
million, RDBMS: Relational Database Management System, OMOP: Observational Medical Outcomes

Partnership
Year Published | Patient Volume | Clinical Data Model | Database Technology
5% 2018 5 X [1IM-70M] 6 X i2b2 16 X RDBMS
7 % 2019 4 X [100T-1M] 4 x OMOP 3 X RDBMS + NoSQL
2 % 2020 3 X [10T-100T] | 2 X Dr. Warehouse 1 X Hadoop
4 x 2021 5 X [1T-10T] 1 X i2b2 + OMOP 1 X NoSQL
4 x 2022 5 X [100-1T] 8 X non-standard | 1 X Hadoop + NoSQL

The most popular standard CDM design was i2b2 (6 out of 22) followed by OMOP (4 out of 22). Rinner et al.
[3] combined these two approaches integrating standardized clinical vocabulary available on the data platform
Athena. Garcelon et al. [10] introduced the project Dr. Warehouse providing ETL pipelines for the population of
self-designed star-schemas. Plenty of CDW projects (8 out of 22) followed a non-standard CDM, five of them
stored EHRs in de-normalized formats.

73% (16 out of 22) studies implemented a RDBMS that contributes to the seamless installation of i2b2 or
OMOP. In contrast, Afshar et al. [5] and Artemova et al. [6] used novel infrastructure via implementing Hadoop
solutions combining structured EHRs with unstructured data like images or texts. Only one project focused on
document-based NoSQL data storages [11].

Authors positively highlighted vast data integration and harmonization capabilities of different modalities
overcoming disjointed data silos [5, 6, 11, 12]. Curry et al. [11] presented the combination of traffic data and EHRs.
The standardized vocabulary of OMOP was seen as a valuable base for the semantic interoperable data exchange
between i2b2, FHIR, and additional export formats [3, 7, 12]. Projects also enhanced existing ETL pipelines by
Notebooks for R or Python enabling data quality analysis and data exploration capabilities [6, 12]. Cossin et. al.
built upon the i2b2 toolset developing a front-end for EHR annotations [13].

IAdditional inclusion search terms: (“clinical”) (“data”) “store”, “archive®, “schema”, “knowledge base”, “lake”, “base”, “platform”
2Additional exclusion search terms: “clinical study”, “digital documentation”, “electronic scan”, “electronic document”, “randomized

control study”
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Data governance and data access patterns were identified as challenging when operating a CDW [12, 14, 15].
Walters et al. comprehensively described how they dealt with data requests in compliance with data privacy
regulations [14]. Fleuren et al. explained their complex pseudonymization framework [16]. Although vendors
provide powerful data integration tools, semantic integration was hampered by insufficient data quality [11, 12, 15,
106]. Record linkage, as the assignment of unique identifiers to each EHR across source systems, required a lot of
data exploration [15, 16]. Complex toolsets were implemented at the expense of costly end-user training [13, 14].

Discussion

We found the usage of open-source CDMs as a major opportunity of CDW implementation projects. Although
i2b2 seems to be favored by developers, semantic integration is especially enforced by the OMOP CDM [3]. De-
normalized design principles, advocated by Ralph Kimball [4] in the field of data warehousing research, appeared
to be suitable for the central integrated storage of EHRs. Surprisingly, most of the CDW were implemented on
the basis of RDBMS, a few authors describe integration aspects by novel data systems like NoSQL or Hadoop.
The document-based format FHIR [7] was seen as an export format instead of a suitable CDW structure. Data
governance and privacy require synchronized organizational processes with data engineering tasks [14]. We also
found that semantic interoperability cannot be solved with a standard data format but demands a certain level of
data quality.

The results of this work are limited to a small number of references that were available between 2018 and 2022.
We aimed to provide a first basis for a more complex literature analysis. This study would have benefited from a
more comprehensive systematic review sharpening our claims and arguments. In the future, we plan to analyze
current CDW studies with respect to interoperability aspects of i2b2 and OMOP in the combination with FHIR.

Conclusion

Results drawn from our rapid review call for deep synergies between technical, clinical, and organizational
expertise addressing data quality and governance issues while profiting from advanced open-source CDW tools.

List of Abbreviations: EHR: Electronic Health Record, CDW: clinical data warehouse, CDM: Clinical Data Model, FHIR:
Fast Healthcare Interoperability Resources, RDBMS: Relational Data Base Management Systems, OMOP: Observational
Medical Outcomes Partnership, HDFS: Hadoop Distributed File System, DBMS: Data Base Management System, T:
thousand, M: million
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