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ABSTRACT
Purpose: To describe the development of INSIGHT, a real-world data quality tool to assess completeness, consistency, and 
fitness-for-purpose of observational health data sources.
Methods: We designed a three-level pipeline with data quality assessments (DQAs) to be performed in ConcePTION Common 
Data Model (CDM) instances. The pipeline has been coded using R.
Results: INSIGHT is an open-source tool that identifies potential data quality issues in CDM-standardized instances through 
the systematic execution and summary of over 588 configurable DQAs. Level 1 focuses on conformance to the ConcePTION 
CDM specifications. Level 2 evaluates the temporal plausibility of events and uniqueness of records. Level 3 provides an overview 
of distributions, outliers, and trends over time to facilitate fit-for-purpose evaluation. Therefore, level 1 and 2 assure a proper data 
standardization, while level 3 provides information regarding the study population, and potential sub-populations. The DQAs 
are run locally and assessed centrally by a data quality revisor together with the data access provider's representatives.
Discussion: Data quality is the sum of several internal and external features of the data. While DQAs can provide reassurance 
about fitness-for-purpose for secondary-use data sources, improvements in data collection are essential to reduce errors and en-
hance overall data quality for Real World Evidence.
Conclusion: INSIGHT aims to support clinical and regulatory decision-making for medicines and vaccines by evaluating the 
quality of observational health data sources to support fit for purpose assessment. Assessing and improving data quality will 
enhance the reliability and quality of the generated evidence.
Study Registration: This research was registered in EU PAS registration with number EU50142.

1   |   Introduction

Regulatory agencies and healthcare professionals acknowledge 
the relevance of Real-World Data (RWD) in informing clinical 

decisions and shaping public health policies, especially for pop-
ulations underrepresented in clinical trials, such as pregnant 
women [1, 2]. Since the 1990s, pharmacoepidemiologists have 
used RWD and worked in distributed research networks to 
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quickly generate Real-World Evidence (RWE) for regulatory deci-
sions. In these networks, multiple Data Access Providers (DAPs) 
collaborate, handling diverse data and employing state-of-the-art 
methods to produce RWE. This involves the use of a common pro-
tocol, a common data model and common analytics with standard 
tools, which have been improving over the past 15 years [3, 4].

Before conducting any analysis using RWD, it is imperative 
to ensure the quality of the data by conducting Data Quality 
Assessments (DQAs) to evaluate whether data sources are fit-
for-use and fit-for-purpose prior to study initiation. ConcePTION 
along with other research networks such as US Food and Drug 
Administration (FDA) Sentinel, PCORnet, and the Observational 
Health Data Science and Informatics program (OHDSI) perform 
DQAs on the data standardized into common data models (CDM) 
used by these networks for distributed analyses, thus facilitating 
fitness-for-use and fitness-for-purpose evaluations [3–7].

As part of the IMI-ConcePTION project (www.​imi-​conce​ption.​eu), 
we have developed INSIGHT, a generic, open-source tool that per-
forms three levels of DQAs on ConcePTION CDM-standardized 
data instances ensuring the generation of reliable evidence for 
pharmacoepidemiologic studies using RWD. In this article, we 
outline step-by-step its design and execution. Furthermore, we 
present an overview of the DQA workflow, including processes, 
visualizations, and responsible parties. We show examples of de-
tected inconsistencies and errors, which serve as proof-of-concept, 
highlighting the tool's effectiveness in identifying potential data 
quality issues for the generation of reliable RWE.

2   |   Methods

2.1   |   ConcePTION Common Data Model

As part of a distributed analytics framework, Data Access 
Providers (DAPs) are required to convert their local data 
sources into the ConcePTION CDM. This CDM encompasses 

demographics, observation periods, medicines and vaccines 
exposure, events, procedures, mother–child linkage, visits, and 
clinical observations. Once the data sources are syntactically 
standardized, DQAs are conducted. The current version 2.2 in-
cludes 16 tables (Table 1). Additional details can be found else-
where [7].

2.2   |   Objectives of Data Quality Assessments

Various conceptual data quality frameworks have been published 
over the last years [8]. For the design of INSIGHT, we relied on the 
harmonized terminology for data quality dimensions put forth 
by Khan et al., and the quality indicators established by the US 
FDA Sentinel initiative [9, 10]. Notably, some quality indicators 
also overlapped with the ones developed by OHDSI, EUROCAT, 
and ADVANCE [11–13]. By incorporating these frameworks, we 
aimed to create a comprehensive and robust data quality veri-
fication pipeline for projects using the ConcePTION CDM. For 
additional details on the design, see protocol (EUPAS50142). In 
Figure 1, we show the hierarchy of DQAs in INSIGHT followed 
by a brief description of dimensions covered.

Level 1 provides insight on the completeness (i.e., data availabil-
ity) and conformance of the ETL (Extract-Transform-Load) pro-
cess to the ConcePTION CDM specifications, ensuring format, 
semantic, and structural (relational) coherence [14]. In addition, 
the plausibility of the data and the uniqueness of records is ad-
dressed, maintaining data integrity as well as identifying dupli-
cation errors.

Summary

•	 Health data collected via electronic records (real-
world data) have shown to be a valuable source of in-
formation to generate evidence on effectiveness and 
safety of medicines and vaccines.

•	 Due to the heterogenous and diverse nature of real-
world data, ensuring data is appropriate for analyses 
impose challenges on the extension and complexity of 
data quality assessment.

•	 We developed INSIGHT, an open-source tool that as-
sesses completeness, consistency, and facilitates fitness-
for-purpose evaluation of real-world data sources 
standardized to ConcePTION common data model.

•	 INSIGHT integrates principles and data quality di-
mensions inspired by Sentinel, EUROCAT, and 
OHDSI.

•	 INSIGHT with its several checks, incorporates the di-
mensions outlined in the Data Quality Framework by 
the European Medical Agency.

TABLE 1    |    ConcePTION CDM tables.

Routine healthcare data VISIT_OCCURRENCE

EVENTS

MEDICINES

PROCEDURES

VACCINES

MEDICAL_OBSERVATIONS

Surveillance EUROCAT

SURVEY_ID

SURVEY_OBSERVATIONS

Curated tablesa PERSONS

OBSERVATION_PERIODS

PERSON_RELATIONSHIPS

PRODUCTS

CDM_SOURCE

Metadata METADATA

CDM_SOURCE

INSTANCE

PRODUCTS
aCurated tables contain information that has been previously combine from 
several data banks to create a single value.

http://www.imi-conception.eu
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Level 1b provides a list of all extracted and loaded non-date vari-
ables across the ConcePTION CDM tables. The objective is to 
provide DAPs, principal investigators, and programmers, a com-
prehensive overview of the values of each non-date variable to 
allow for the construction of variables such as outcome, expo-
sure and covariates. This level aims to enhance the understand-
ing of the data content, facilitating semantic harmonization in 
the study scripts.

Level 2 provides an overview of the logical relationship and in-
tegrity of values within and between variables and tables. Its 
purpose is to verify the plausibility by examining records that 
occur outside the recorded person-time, identifying observa-
tions related to a person ID that is not present in the PERSONS 
table, among other similar inconsistencies.

Level 3 provides distributions of population, diagnoses, medi-
cines, vaccines, lifestyle factors, pregnancy, and temporal trends 
over calendar time for each specific variable. The objective is to 
allow for inspection of temporal changes. These indicators can 
be compared between instances and between DAPs, but also 
against external benchmarks (e.g., national statistic reports, 
publications) to verify their fitness-for-purpose.

2.3   |   Design of Data Quality Indicators

2.3.1   |   Level 1: Conformance and Completeness

Level 1 comprises five major steps (Table 2). Step 1 verifies the 
presence and format of variables ensuring their inclusion and ad-
herence to the designated format. Step 2 verifies missing records 
within the data instance and provides the extent of missingness 
overall (i.e., by CDM table and variable), by meaning and by cal-
endar year, when feasible. Step 3 verifies whether date variables 

comply with the required format and validates day, month, and 
year values. Steps 1 to 3 are performed simultaneously on all 
ConcePTION CDM tables, except for the METADATA table. 
The results are consolidated into a single HTML report.

An intermediate step before Steps 4 to 5 generates a high-level 
characterization of the ConcePTION CDM instance by extract-
ing information from the CDM_SOURCE and INSTANCE 
tables, highlighting the key attributes of the data instance. A 
verification of uniqueness of records is also performed as du-
plicates check. Step 4 verifies conformance of the ConcePTION 
CDM tables with the required conventions. These conventions 
are specific to each CDM table and refer to the table structure 
and vocabulary rules. Moreover, frequency tables are con-
structed for categorical variables, providing a summary of val-
ues. Step 5 produces the distribution of continuous variables 
and date variables. For continuous variables, descriptive statis-
tics such as mean, median, interquartile ranges are calculated. 
Steps 4 and 5 are performed separately for each CDM table. An 
HTML report is generated for each table, providing a separate 
overview of the results. All issues identified need to be fixed 
by updating the ETL design, or when not possible these will 
be noted. In summary, Level 1 DQA aims to verify format co-
herence and completeness of each variable across the 15 CDM 
tables, encompassing a total of 356 individual indicators. The 
code is available at https://​github.​com/​UMC-​Utrec​ht-​RWE/​
INSIG​HT-​Level1.

2.3.2   |   Level 1b: Value Characterization

Level 1b relies on a successful Level 1 and consists of two steps 
(Table 3). In this level, various aspects related to the data's seman-
tic coherence and precision are evaluated through 26 indicators 
(Table 3). Some examples include checking the pharmacological 

FIGURE 1    |    Hierarchy and dimensions of data quality assessment in INSIGHT.

https://github.com/UMC-Utrecht-RWE/INSIGHT-Level1
https://github.com/UMC-Utrecht-RWE/INSIGHT-Level1
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level for ATC codes (e.g., fifth or seven) or the unit for treatment 
duration (i.e., days or weeks). This precision assessment allows 
to create dictionaries for semantic harmonization so researchers 
can interpret data uniformly across different DAPs. Level 1b does 
not generate an HTML report, but a set of csv files for each CDM 
table. The code is available at https://​github.​com/​UMC-​Utrec​ht-​
RWE/​INSIG​HT-​Level1b.

2.3.3   |   Level 2: Temporal Characterization

Level 2 consists of 8 steps (Table 4) with a total of 57 indicators 
and verifies temporal plausibility of date variables (Steps 2.1–2.3, 
2.5–2.6) and consistency of encounter records across different 
tables (Steps 2.4, 2.7–2.8). For example, step 2.1 examines if 
health encounters occurred before an individual's date of birth, 

TABLE 2    |    Details on the quality checks involved in level 1: Step 0 to 5.

HTML report

Step 0: METADATA Checks the working directory and the consistent presence of all CDM 
tables and variables, irrespective of uppercase/lowercase and content

Yes

Checks if all variables are written in lowercase.

Step 1: Checks the 
table formatting

Checks if all rows of the .csv files in the working 
directory contain the correct number of fields

Yes

Checks if all variables are present irrespective of their content

Checks if variables are written in lowercase

Checks for presence of mandatory variables as according to the CDM

Checks for presence of non-mandatory variables by comparing between the 
table of interest and the information recorded in the METADATA table

Checks presence of vocabularies for specific variables

Checks the format for all values and compare to a list of acceptable 
formats which have been filled out in the METADATA table

Step 2: Missing data 
analysis

Tabulates missingness in all variables available in the instance (mandatory and non-
mandatory), overall and by calendar year (in the tables that contain a date variable)

Provides missing data will be further stratified by data 
provenancea (in the tables that containing this variable)

Provides missing data overall will be displayed using bar charts for 
each CDM table and reported as counts and percentages

Provides missing data stratified by data provenance or 
calendar year will be displayed using line charts for each 

CDM table and reported as counts and percentages

Provides missing data stratified by data provenance and 
calendar year will be displayed using faceted bar charts for each 

CDM table and reported as counts and percentages

Step 3: Date variables Checks if dates are in the correct format (8 characters)

Checks if date variables contain allowable values:
Year: 1995(study specific)-present; Month: 01–12; Day: 01–31

Intermediate step Provides high-level description of the CDM instance based on the 
information collected from CDM_SOURCES and INSTANCE tables

Yes

Step 4: Convention 
and counts of 
categorical variables

Checks if the table of interest contains any duplicate rows Yes, per each 
CDM tableChecks that all conventions for the table of interest have been adhered to

Constructs frequency tables of categorical variables, overall and by 
calendar year (when the table of interest contains a date variable).

Step 5: Distribution of 
continuous variables 
and dates

For continuous variables mean, median, interquartile 
range, skewness, and kurtosis will be reported.

Yes, per each 
CDM table

Distribution of date variables will be reported as counts 
of dates overall and by calendar year.

aData provenance is ascertained from the variable “meaning” present in each of the ConcePTION CDM tables.

https://github.com/UMC-Utrecht-RWE/INSIGHT-Level1b
https://github.com/UMC-Utrecht-RWE/INSIGHT-Level1b
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ensuring the chronological integrity of the data. Similarly, Step 
2.4 verifies that person IDs with a record in any of the CDM ta-
bles are also listed in the PERSONS table. The code is available at 
https://​github.​com/​UMC-​Utrec​ht-​RWE/​INSIG​HT-​Level2.

2.3.4   |   Level 3: Data Characterization

Level 3 creates tables and graphics for study-variables (Table  5) 
in 9 steps. First the population, its follow-up, and entry and exit 
patterns are described, allowing for verification of stability in 
the dynamic population. Subsequently study variables such 
as medicines, vaccines, diagnoses, pregnancy, lifestyle factors 
and EUROCAT indicators are created in the study population. 
Graphics allow to inspect temporal trends, including person-time, 
prevalence of medicine prescriptions, and incidence of events for 
the study population and subpopulations of interest. This facili-
tates the identification of any peaks, drops, or trends in the data 
and facilitates benchmarking between different instances, DAPs 
and external data. There are three versions of the output provided, 
one with no masking procedures applied, the two other versions 
allow for masking of cell counts. The first is masking all counts 
lower than five, and the second does not show absolute counts 
but only ranges. With over 249 indicators, Level 3 allows to deeply 

TABLE 3    |    Details on the quality checks involved in level 1b.

HTML 
report

Step 1 Creates frequency tables for each 
variable within each CDM table 
(excluding METADATA, CDM_

SOURCE, EUROCAT) by displaying 
counts for all values present.

No

Step 2 Creates contingency tables for 
categorical variables within each 

CDM table (excluding METADATA, 
CDM_SOURCE, EUROCAT) and 

shows the distribution of one variable 
across the categories of other variables.

No

TABLE 4    |    Details on the quality checks involved in level 2: Step 1 
to 8.

HTML 
report

Step 1a Checks dates of events before birth Yes

Step 2a Checks dates of events after death Yes

Step 3a Checks dates of events outside 
observation periods

Yes

Step 4a Checks subjects observed in a 
CDM table of interest without 

a corresponding record in 
the PERSONS table

Yes

Step 5 Checks observations associated 
with a visit_occurrence_id which 
occur before the visit_start_date 

(optional, if the study cares of visits)

Yes

Step 6 Checks observations associated with 
a visit_occurrence_id which occur 
after the visit_end_date (optional, 

if the study uses variable visits)

Yes

Step 7 Checks observations associated 
with a visit_occurrence_id for 

which the associated person_id 
differs from that in the VISIT_

OCCURRENCE table (optional)

Yes

Step 8 Checks for subjects indicated in 
PERSON_RELATIONSHIPS as 
the parent of a child whose birth 

date is less than 12 years prior 
to the recorded birth date of the 

linkage child (optional, if the study 
requires mother–child linkage)

Yes

aMandatory steps by default in the pipeline. Other steps could become 
mandatory based on study requirements.

TABLE 5    |    Details on the quality checks involved in level 3: Step 1 
to 9.

HTML 
report

Step 0: 
Subpopulation 
availabilitya

Checks presence or absences 
of subpopulationa for iterative 
performance of level checks

No

Step 1: Study-
source population

Provides counts, rates, 
and distributions of study 
population characteristics

Yes

Step 2: Dates Creates the distribution of 
start-end, follow-up, and 
birth dates across time

Yes

Step 3: Visits and 
lifestyle

Provides counts and rates 
about lifestyle factors and 
use of healthcare facilities

Yes

Step 4: Medicines Provides counts and rates 
across time of medicine use

Yes

Step 5: Vaccines Provides counts and rates 
across time of vaccine exposure

Yes

Step 6: Diagnoses Provides counts and rates 
across time of events of interest

Yes

Step 7: Pregnancy Provides counts and rates of 
pregnant population stratified 

by status of pregnancy

Yes

Step 8: Population 
of interest

Provides counts and rates 
of events, medicine use and 

vaccine exposure distribution 
in a specific sub-group (e.g., 

pregnant women, subjects with 
a migraine diagnosis etc.)

Yes

Step 9: 
EUROCATb

Provides Data Quality 
Indicators on congenital 
anomalies information 

in Europe

Yes

aSubpopulations refer to subsets of the source population and can be defined by 
the data provenance (i.e., hospital admission, general practitioner data, etc.).
bThe number of quality checks and HTML reports will double per the number 
of subpopulations available on the data instance For DAPs with EUROCAT/
EUROmediCAT data sources, steps 1 and 2 are mandatory.

https://github.com/UMC-Utrecht-RWE/INSIGHT-Level2
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assess whether data is fit for purpose. The code is available at 
https://​github.​com/​UMC-​Utrec​ht-​RWE/​INSIG​HT-​Level3.

2.4   |   HTML Report

To ensure that data quality indicators can be inspected, HTML re-
ports were developed containing summary tables and graphs that 
provide a visual representation of trends and patterns. Within 
Level 1, the first report lists the presence of the METADATA 
table, a mandatory table, in the working directory. The report 
on Step 1 to 3 provides information on the format coherence 
and completeness. Reports Step 4 to 5 are optional and based on 
study specific requirements of CDM tables (Table 2). Reports 1–4 
in Level 2 are mandatory, whereas reports 5–8 are optional, de-
pending on study requirements (Table 3). Level 3 produces nine 
reports of which report 1 and 2 are mandatory. The total number 
of reports depends on the study requirements and the number of 
subpopulations (Table 5).

2.5   |   Responsible Parties

The R-scripts are available on the UMCU-RWE GitHub and 
maintained by UMC Utrecht. A public frozen version is avail-
able for this paper. DAPs are responsible for downloading and 
running the R scripts locally and addressing issues related to 
table formatting that results from Level 1 Step 1 to 3 and exceed-
ing the a priori 5% inconsistencies threshold defined in Level 
2. If any issues are reported, DAPs must revise the ETL of the 
data instance and rerun these steps until the required quality is 
attained or all constraints noted.

The outputs of the Level 1, 1b, 2, and 3 are uploaded to the UMCU 
Digital Research Environment (DRE) by the DAPs, for central-
ized review by the data quality revisor and the DAPs [15]. The 
data quality revisor collaborates with each DAP to address any 
issues flagged during the revision, as DAPs can provide back-
ground information on data collection, population characteristics, 

national healthcare system, availability of healthcare facilities, 
regulatory aspects, and expected disease incidence and preva-
lence. Observations are listed in the data quality approval form 
(Supporting Information S1). Figure 2 shows the workflow.

2.6   |   Approval Form

An approval form must be completed centrally by the DAP and 
the data quality revisor, with one form per instance and per level 
check. This form serves as a quality assurance document that 
systematically and transparently consolidates relevant infor-
mation from the DQAs. The form is an Excel document with 
four tabs, one per level check listing the relevant aspects to be 
assessed per output (Supporting Information S1). We expect to 
make this form also available via REDCap, an electronic data 
capture system (www.​proje​ct-​redcap.​org).

3   |   Illustrative Example

INSIGHT is available as a set of executable R scripts, currently 
supporting the use of ConcePTION CDM version 2.2 [16–19].

3.1   |   Level 1

In Level 1, the key objective is to assess conformance of the 
ETL'ed. data to the ConcePTION CDM specifications. For in-
stance, if alternative values such as “1” for males and “2” for 
females are used instead of the designated values (M, F, U, O) for 
the variable sex_at_instance_creation in the PERSONS table, it 
will be flagged as an error in Steps 1 to 3 report.

Additionally, Level 1 identifies unallowable values in date 
variables. In Figure 3, we show an example from the EVENTS 
table, the indicator error_year is displayed in blue, highlight-
ing records with dates before 1995 or in the future. Most DAPs 
have data banks starting after 1995, that is why this cut off was 

FIGURE 2    |    Workflow of INSIGHT.

https://github.com/UMC-Utrecht-RWE/INSIGHT-Level3
http://www.project-redcap.org
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chosen. The indicator future_dates show records with dates in 
the future in comparison to the script running date.

DAPs are expected to resolve these issues by updating their ETL 
specifications to adhere to the specified rules and requirements, 
if possible.

3.2   |   Level 1b

Level 1b allows users to visualize various aspects of the data, 
such as the composition of codes in the PROCEDURES table 
(e.g., number, number with letters, symbols like “$” or “?”) and 
provides insights into the original value definitions for study 

variables in the MEDICAL_OBSERVATIONS or SURVEY_
OBSERVATIONS tables. Additionally, by assessing the content 
of the ConcePTION CDM tables the user can confirm that each 
table was fed appropriately.

3.3   |   Level 2

Step 2.3 highlights records where dates fall outside the observa-
tion period (Figure 4). The construction of this period is a cru-
cial step. Start dates of observation can be obtained from various 
sources, usually inhabitant registries. However, accessibility to 
these sources may vary and alternative resources such as first 
visit to a general practitioner are used. In Figure  4, the high 

FIGURE 3    |    Example of level 1 check.
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percentages of dates outside the observation period indicate that 
the current observation period fails to capture all relevant events.

Moreover, Level 2 assesses the presence of subjects across the 
CDM tables. Ideally, all person_id in the CDM tables should be 
in the PERSONS table. An error in step 4 indicates a need to re-
evaluate the design of the PERSONS table.

3.4   |   Level 3

In Level 3, DQAs become more extensive, as their goal is to fa-
cilitate the evaluation of fitness-for-purpose. Figure 5 illustrates 
a demographic tree indicating a similar distribution between 
females and males. If the study focuses on females and young 
males, it is possible that fathers have been included in the study 

FIGURE 4    |    Example of level 2 check.
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population, which does not align with the study requirements 
but is not necessarily an error. Another example is gestational 
diabetes diagnostic codes in males. This could be explained by 
recording diagnoses under male children. However, this per-
centage should be low to reflect the reality of the condition, oth-
erwise it may indicate an error.

In level 3, one of the checks is distribution analysis of start 
and end dates of follow-up, by year and month. In Figure 6 all 

records start in January and July of 2004. This pattern indicates 
a potential ETL specification to filter out records outside the 
study period of interest. The peak in July suggests imputation 
due to missing data in date of birth, which has been used as start 
of observation.

Level 3 plays a crucial role in detecting and reflecting the conse-
quences of technical errors in previous levels. By identifying and 
addressing these issues, the goal is to improve the overall quality 

FIGURE 5    |    Example of level 3 check.
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of the data source. INSIGHT is an iterative process of running 
and updating, until the DAPs and researchers have confidence 
in the data source's quality.

4   |   Discussion

The use of RWD in research and decision-making has gained 
significant attention from regulatory agencies such as FDA, 
PMDA, and EMA. They have emphasized the importance of 
valid and trustworthy RWD for generation of RWE [1, 2]. In this 
article, we present INSIGHT, a tool to assess fit-for-use (research 
independent) and fit-for-purpose (research specific) of RWD.

Multi-database studies are becoming increasingly popular [20]. 
With the abundance of healthcare data available, DAPs can 
leverage various data sources including routine healthcare data, 
surveillance systems, inhabitant registries, and more. However, 
the utility of these granular and diverse data sources relies on 
their quality. Data quality encompasses several features, in-
cluding representativeness, precision, and accessibility, among 
other dimensions. To evaluate quality, EMA and Heads of 
Medicines Agency have proposed the Data Quality Framework 
(DQF) for EU medicines regulation which includes five quality 
dimensions: reliability, extensiveness, coherence, timeliness, 
and relevance [14]. We have mapped INSIGHT's data quality di-
mensions to Kahn's framework (right), and the EMA DQF (left) 
(Supporting Information S2).

It is essential to recognize that data quality is influenced by 
numerous factors, mostly the health care system, the purpose 
of data recording and the type of data recorder. INSIGHT 

DQAs provide a generic and transparent overview of data 
quality indicators, aiming to identify inconsistencies in the 
data, which can be categorized into three main types: ex-
traction or convention errors, script errors, and patterns for 
acknowledgment and documentation. The outputs support the 
study team to understand the data and facilitate the semantic 
harmonization. The purpose of DQAs varies ranges from rec-
tifying extraction errors to fine-tuning scripts to suit project 
requirements. For example, level 3-step 0 provides the oppor-
tunity to create sub-population of interest to perform DQAs 
in parallel to the overall study population, facilitating more 
detailed fit-for-purpose evaluations. Furthermore, document-
ing data patterns ensures accurate interpretation and under-
standing of data nuances and limitations.

4.1   |   Previous Data Quality Assessment Tools

Various research networks have developed their own DQA pro-
cesses with varying levels and indicators. For example, the US 
FDA Sentinel uses a four-level approach focusing on complete-
ness and validity, accuracy and integrity, consistency of trends, 
and plausibility [5, 21]. The EUROCAT network, has a com-
prehensive DQA process, that includes indicators such as case 
ascertainment, accuracy of diagnoses, data completeness, time-
liness, and availability of denominator data [13, 22]. Researchers 
using the OMOP CDM have access to tools like the White Rabbit 
and the Data Quality Dashboard (DQD) for assessing data qual-
ity at source data and CDM-standardized database [4, 23–25].

A comparison of DQAs across six research networks revealed 
variations in the number of quality checks, ranging from 875 up 

FIGURE 6    |    Example of level 3 check. op_start_date refers to when individuals start being follow up in a particular databank.
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to 3234 [26]. The DQAs processes also varied, including differ-
ences in centralization, distributed coordination of DQAs, pro-
graming languages, and staff involvement. These differences 
can be attributed to specific network requirements, analytical 
focus, as well as the maturity of their DQA models. INSIGHT 
provides a set of over 588 configurable quality indicators, whose 
number can increase if study requirements account for vaccines 
or even duplicate, if assessment for sub-population is necessary, 
and uses a centralized approach wherein reports containing the 
quality indicators are shared in DRE for review.

4.2   |   Strengths and Limitations

INSIGHT was built during the ConcePTION project but has 
been made generic and is now adopted by other research net-
works using the ConcePTION CDM (ConcePTION project, 
VAC4EU, EU PE & PV network, SIGMA consortium). Our ap-
proval system is based on a flexible approval form and relies on 
study requirements, over predetermined conditions. However, 
there are limitations to be acknowledged. First, script run-
ning time depends on hardware, data size and complexity. 
Components like the central processing unit, random access 
memory, and computer data storage help determine process 
efficiency. Second, the pipeline requires iterative reruns after 
data issues are fixed until desired quality is achieved or at 
least, explained. Steps must be executed sequentially to avoid 
downstream issues. Last, fit-for-purpose evaluation is time 
and resource-intensive. While summary reports and dash-
boards aid assessment, automated detection of trends and ver-
ification against external benchmarks need to be facilitated 
further. Automating outlier and pattern detection is an area 
for future development given the increase complexity and lim-
ited skilled human resources. Overall, the DQA workflow is 
subject to continuous improvements.

The INSIGHT R scripts are openly available through GitHub, 
along with a training course by VAC4EU and educational vid-
eos to encourage other stakeholders to adopt this DQA pipe-
line and adhere to principles of open science. This tool has 
been already successfully implemented in EMA tendered risk 
minimization studies (EUPAS31095, EUPAS21001), COVID 
vaccines effectiveness study (EUPAS40404, EUPAS42504), 
Post-Authorization Safety Studies (EUPAS43593, EUPAS44424, 
EUPAS41725, EUPAS45461), and CONSIGN (EUPAS39226, 
EUPAS39438, EUPAS40317) [27]. INSIGHT is compliant with 
the proposed DQF for EU medicines regulation launched in 
October 2022 [14].

4.3   |   Future Research

Interoperability between CDMs and their specific DQAs pro-
cesses remains a challenge, as each CDM must be used in con-
junction with its customized tools. This implies that applying 
external DQAs tools to an already CDM-standardized data 
source would require an additional ETL process tailored to 
that CDM. To address this, we propose to establish standards 
and guidelines for achieving interoperability across different 
CDMs. This would facilitate the exchange of DQAs tools and 

methodologies between research networks and regulatory bod-
ies, streamlining the quality assessment process.

In INSIGHT, we aim to distinguish between ‘errors’ that is, 
concrete violations to predefined rules and ‘issues’ that is, 
potential inconsistencies without rule violation. Further en-
hancement of our tool should include a summary indicator 
regarding the performance of the ETL process and data in-
stances to allow for continuous improvement on the standard-
ization processes.

5   |   Conclusion

In this article, we introduced INSIGHT, a comprehensive pipe-
line for conducting DQAs of ConcePTION CDM-standardized 
datasets. The tool aims to facilitate the evaluation of the fitness-
for-use and fitness-for-purpose of RWD. By implementing this 
tool, researchers can assess the adequacy and reliability of the 
data, ensuring that the evidence generated is robust and reliable. 
INSIGHT is a valuable tool for enhancing the credibility of RWD 
in clinical and regulatory decision-making.

5.1   |   Plain Language Summary

Research networks use health data collected via electronic 
records (often called real-world data) to carry on research 
on the safety of medicines and vaccines once available for 
prescription. Real-world data is often obtained from diverse 
data sources, such as hospital records or even administra-
tive registries. Checks on the data are needed to ensure the 
health information stored is suitable and reliable for research. 
INSIGHT is an open-source tool that helps (1) ensuring all 
necessary patient details and medical data for the study are 
present, (2) making sure the data is consistent across differ-
ent parts of the record and over time, (3) ensuring the data 
is formatted and categorized in a standardized way, making 
it easier to use in research, and (4) facilitating assessment on 
whether the data accurately reflects the patient's health and 
treatments. INSIGHT consist of several scripts containing 
each of these quality checks written in R language (a statisti-
cal software) to systematically and rapidly visualize issues or 
error with the data by using computational power. By using 
INSIGHT, researchers can have greater confidence that the 
RWD they use are reliable and useful for conducting studies.
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