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Abstract

Background: Secondary use of clinical data offers the unprecedented opportunity to rapidly conduct large-scale research and
improve patient care. However, incomplete understanding of data quality requirements for a study often causes significant delays
in executing analyses and validating results. While multi-institutional networks have developed general data quality programs,
they are closely tied to network characteristics and do not address many study-specific requirements. In turn, most investigators
conduct per-study exploratory analyses, but these efforts are typically ad hoc and partialy reported, which can hinder
reproducible science and delay advancesin patient care.

Objective: The objectives of this study were to develop a comprehensive yet extensible model that guides study-specific data
quality assessment (SSDQA) and to construct reusable data quality modules, based on the model, that can be widely
disseminated and adopted.

Methods: We reviewed current literature and studies, interviewed experts, and convened a group of scientists 14 times over 24
months to develop a strategy for effective and generalizable SSDQA. From this we built a model that provides guidance for
improved SSDQA design and implementation, identifying reusable components and software development best practices. We
created a set of executable data quality modules addressing multiple check requirements, packaged for dissemination using the R
programming language. Modules include tabular output as well as high density data displays to improve the feasibility of more
complete SSDQA.

Results: The data quality model integrates theoretical principles of data quality testing with pragmatic considerations of
application to clinical data. Eighteen data quality modules were specified, incorporating a wide range of theory-based check
categories and practice-based check types. The nine specifications covering most common SSDQA requirements were devel oped
as reusable software packages. Study-specific user decisions for application of a module include: (a) target data element(s), (b)
single- or multi- source analyses, (c) exploratory output or statistical anomaly detection; and (d) longitudinal or cross-sectional
analyses. Consistent visualizations of results are provided across multiple checks, and tabular results are available for archiving
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or further computation. We demonstrate that application of SSDQA modules to a cohort of pediatric patients diagnosed with
sickle cell disease drawn from a multisite clinical research network produces informative results about data characteristics that
may create analytic risk.

Conclusions: The study-specific data quality model builds on current practice, providing guidance for more complete and sound
assessments. Reusable modules implementing model guidance can be readily deployed in large networks or smaller consortia,
and provide detailed reporting of study-specific data quality in reproducible form. The flexibility allows investigators to tailor
checks to their study requirements while retaining consistency of DQA methods. This approach fosters collaboration to identify
data quality issues that can inform decisions about study design, as well as provide important context bearing on adoption of
results.

(IMIR Preprints 23/04/2025:76398)
DOI: https://doi.org/10.2196/preprints. 76398
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Original Paper

Comprehensive Fitness Assessment for Clinical Data: Standards
Development and Reusable Tools

Abstract

Background: Secondary use of clinical data offers the unprecedented opportunity to rapidly conduct
large-scale research and improve patient care. However, incomplete understanding of data quality
requirements for a study often causes significant delays in executing analyses and validating results.
While multi-institutional networks have developed general data quality programs, they are closely
tied to overall network characteristics and do not address many study-specific requirements. In turn,
most investigators conduct per-study exploratory analyses, but these efforts are typically ad hoc and
partially reported, which can hinder reproducible science and delay advances in patient care.
Objective: The objectives of this study were to develop a comprehensive yet extensible model that
guides study-specific data quality assessment (SSDQA) and to construct reusable data quality
modules, based on the model, that can be widely disseminated and adopted.

Methods: We reviewed current literature and studies, interviewed experts, and convened a group of
scientists 14 times over 24 months to develop a strategy for effective and generalizable SSDQA.
From this we built a model that provides guidance for improved SSDQA design and implementation,
identifying reusable components and software development best practices. We created a set of
executable data quality modules addressing multiple check requirements, packaged for dissemination
using the R programming language. Modules include tabular output as well as high density data
displays to improve the feasibility of more complete SSDQA.

Results: The data quality model integrates theoretical principles of data quality testing with
pragmatic considerations of application to clinical data. Eighteen data quality modules were
specified, incorporating a wide range of theory-based check categories and practice-based check
types. The nine specifications covering most common SSDQA requirements were developed as
reusable software packages. Study-specific user decisions for application of a module include: (a)
target data element(s), (b) single- or multi- source analyses, (c) exploratory output or statistical
anomaly detection; and (d) longitudinal or cross-sectional analyses. Consistent visualizations of
results are provided across multiple checks, and tabular results are available for archiving or further
computation. We demonstrate that application of SSDQA modules to a cohort of pediatric patients
diagnosed with sickle cell disease drawn from a multisite clinical research network produces
informative results about data characteristics that may create analytic risk.

Conclusion: The study-specific data quality model builds on current practice, providing guidance for
more complete and sound assessments. Reusable modules implementing model guidance can be
readily deployed in large networks or smaller consortia, and provide detailed reporting of study-
specific data quality in reproducible form. The flexibility allows investigators to tailor checks to their
study requirements while retaining consistency of DQA methods. This approach fosters collaboration
to identify data quality issues that can inform decisions about study design, as well as provide
important context bearing on adoption of results.

Keywords:
data quality; data fitness; electronic health records; research readiness; automation
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Introduction

Secondary use of clinical data offers unprecedented opportunities to conduct large-scale research and
derive insights into patient care. This is particularly true when using data from multi-institutional
networks such as PEDSnet[1], PCORnet®[2], the National COVID Cohort Collaborative[3], AllofUs
[4], or others[5-9]. However, clinical data are complex, and problems related to data quality[10-16]
have significantly hindered researchers executing analyses. Many solutions have been proposed for
identifying and resolving data quality issues in real-world data[17-32] through overarching data
quality assessment (DQA) programs, including in multi-institutional networks, but large-scale efforts
have often been siloed by network characteristics, differences in data models, or lack automation and
reproducibility[33, 34]. Further, some types of data quality paradigms that impact electronic health
record (EHR)-derived data are qualitatively different than those that impact primary research
analyses, quality improvement efforts, or other topic- or domain-specific projects[35-37].

Broad network DQA has traditionally focused on overarching conformance, completeness, and
plausibility components [27] rather than targeting specific clinical content, which can miss
significant issues. For example, a network data quality metric may evaluate clinical procedures as a
single group to ensure appropriate mappings and compute procedure records per patient. However, if
a particular study relied on the presence of specific biopsy procedures, data extraction processes that
map these procedures to a more general biopsy code or miss these mappings entirely would not be
discovered during broader network data quality checks. This need must be balanced against the
infeasibility of testing every possible topic of potential interest. As a result, context-aware data
quality checks that are reusable across domains and research studies are needed to identify these
types of issues. Further, transparency about data quality is an important step toward reproducible
research. These types of checks are often referred to as assessments of data fitness, and are usually
applied on a study-specific basis. There have been efforts spearheaded by the US Food and Drug
Administration (FDA) and European Medicines Agency (EMA) that have developed guides to
evaluating data fitness in real world data, which have considerably advanced the field[38-40]. These
frameworks formalize study design assessments and data requirements, but lack specific tools or
software to standardize and systematically report on findings in quantitative or visual formats.

Evaluations of current state in study- or topic- specific data quality assessment (SSDQA) for clinical
data have consistently identified the need for more standard, applicable, automatable approaches[33,
34]. We describe here a model, incorporating prior art as well as extended consensus building and
testing, that provides both a generalized approach to SSDQA development and reporting, and a set of
reusable software modules addressing many common use cases. We tested using PEDSnet[1], the
largest multi-institutional pediatric learning health network, to refine our model. Our goal was to
bridge the gap between broad network DQA and ad hoc SSDQA by addressing the need for well-
founded, context-aware data quality testing, and constructing reusable data quality metrics that can
be widely adopted. We previously reported a first version of the conceptual framework[41], as well
as testing initial constructs in a multi-institutional PCORnet® study evaluating blood pressure control
in children with chronic kidney disease as a means of preserving kidney function[42, 43]. In that
study, we tracked framework-derived data quality checks that were systematically applied to the
study dataset, as well as resulting visualizations to aid in interpreting findings, for both participating
institutions and public reporting.

https://preprints.jmir.org/preprint/ 76398 [unpublished, non-peer-reviewed preprint]
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Methods

Development of an Instantiated Model

Our previously reported data fitness framework served as a roadmap for the current work, drawing
on thematic analysis of published papers as well as research conducted with PEDSnet[41]. Broadly,
that framework consists of two phases to design a data quality check, which we refer to as any formal
assessment to identify a data quality problem or issue. The first phase focuses on theoretical
considerations that drive data quality such as clinical processes, the role of variables in analyses, and
the science of previously published data quality approaches. The second operationalizes the concepts
from these theoretical considerations to derive the requirements for assessment. For example, in a
study of cancer patients, the first phase would require defining clinical concepts, weighing factors
such as the tradeoff between a sensitive or specific definition, required follow up, or utilization
requirements. The second phase would test operational implementation, such as data availability if a
chemotherapeutic agent was integrated into the inclusion criteria. We build on this foundation here to
develop a practical, reusable model that drives concrete DQ check development.

We augmented the literature review from our foundational work by updating our search using data
quality terms in PubMed (“data quality”, “data” AND “quality” AND “EHR”, “data fitness” AND
“EHR”, “data fitness” AND “real world data”); the updated results [25, 33-36, 44-51] were selected
for their relevance in describing data quality frameworks, metadata, application, and methods. For
included studies, the following topics were abstracted: (1) terms and metadata used to describe data
quality in EHRs or clinical research networks; (2) methods to assess data quality; (3) level at which
data quality was assessed; (4) domain specific context for the data quality assessment, if applicable;
(5) reproducibility of process or results.

Because DQ results or exploratory analyses that check for data quality issues ad hoc are rarely
published, it was important to learn directly from the experience of researchers about findings in data
that led to significant issues during analyses or delayed research timelines. To address this need, we
surveyed four established informatics investigators, representing the data quality testing approaches
of several large secondary use research networks[2, 3, 52], using a common form (Supplemental
Table 1) to assess a total of nine studies and 21 exemplar data quality issues.

We also convened a group of stakeholders and content experts (the development committee) to
provide guidance about approaching DQA systematically (Supplemental Table 2). The committee
met 14 times over the course of 24 months and provided feedback on both the theoretical
underpinnings guiding the framework as well as specific model components, such as data quality
term selection and user-driven requirements. During this time, multiple iterations of the model were
reviewed with the committee, using both conceptual flow diagrams and concrete data quality checks
developed from model principles. To test whether the abstract principles of the SSDQA model could
be applied to real-world data, several meetings focused on interpretation of results when model-
derived checks were tested on data from PEDSnet or PCORnet® studies. During this time, we also
held individual interviews with several members of the committee to probe more deeply about
personal experiences in applying data quality assessment to real-world clinical data and their
recommendations for reusable checks that should be included in any instantiated model
(Supplemental Table 3).

We combined these three sources of information to form a set of requirements that would drive the
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development of a concrete model for DQA specific to evaluating data fitness for an intended purpose
or study. We included both high-level strategies, or goals that an effective model must reflect, as well
as specific design principles that motivate the process of check construction and application (Textbox
1).

Textbox 1. Implementation strategies and design principles to develop an instantiated SSDQA model.

DQ Implementation Strategies

¢ Standardization: The principles of the framework should be reusable across study-specific
contexts, and code should be packaged to streamline implementation

¢ Specificity: DQ terms describing checks should be clearly paired with methods and output

¢ Configurability: Researchers should tailor modules to make decisions based on their own
requirements without need for extensive coding

e Accessibility: Methods for DQA should range from simple exploratory visualizations to
standardized statistical tests for outlier detection

¢ Evident Utility: The approach should be pragmatic and informative to the user, with results
pointing to underlying characteristics of the data that may contribute to bias or confounding
in their study.

DQ Design Principles

¢ Identify where DQA fits into the overall process of research design and procedures

¢ Determine how terms from the literature describing checks relate to each other in
hierarchical structures to reduce redundancy in data quality approaches

¢ Differentiate between a DQ check, which measures a goal, and a DQ dimension, which
provides additional information to evaluate the check

® Associate data quality term indicating check purpose with method and output to reduce
ambiguity when applying checks and describing results

¢ Implement the most widespread checks as templates in reusable modules

DQ Check Implementation

Once the structure of the SSDQA model (cf. Figure 1) was established through consensus
development in the committee, we applied the resulting Data Quality Module Check Development
criteria to develop specifications for concrete checks, based on the strategies and design principles
described above. These were iteratively refined through discussion between the study team and
development committee. We selected the specifications that accounted for the most commonly used
approaches to data fitness testing in our literature and study reviews, and implemented those check
specifications. To ensure reproducibility and standardization in their use, we created code in R[53]
according to software development principles such as modular code construction, parameterized
functions to incorporate study-specific variability in user input, and reproducibility with extensive
documentation. The implementations are compatible with both the Observational Medical Outcomes
Partnership (OMOP) and PCORnet® data models.

We performed three rounds of testing to refine our model for SSDQA check implementation. First,
we selected three different types of checks intended to measure completeness as initial cases for
implementation. These checks measured clinical utilization, cohort medical complexity, and impact
of altering variable definitions on clinical cohort definitions. Multiple dimensions, such as
temporality, variable stratifications, and site-level benchmarking were included in the completeness
analysis. We also tested various statistical and exploratory outputs (e.g., time-series, k-means,
frequency distributions) and visualizations (e.g., heatmaps, treemaps, line graphs), to identify the

https://preprints.jmir.org/preprint/ 76398 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Razzaghi et a

most informative. Second, we applied a set of checks drawn from multiple categories in the
PRESERVE study, a large-scale observational study that integrates data from 15 health systems in
PCORnet® to evaluate the effect of blood pressure control on kidney function outcomes in children
with chronic kidney disease (CKD)[42]. We observed significant improvements in data quality as a
result of our work[43]. From this process, we integrated modifications based on our learnings to
improve our SSDQA model development. Finally, we executed a series of DQ checks, using final
modules described above, across multiple sites in the PCORnet® network, containerizing our code to
meet the network’s practice of distributed operation, verifying that it was interoperable in a variety of
technical environments.

Development Sample

For development purposes, we tested modules extensively using a cohort of patients with sickle cell
disease (SCD), an uncommon condition in the general population but a major cause of both health
burden and health care utilization in affected children. Examples of output in this manuscript use this
cohort. Data were drawn from the harmonized dataset maintained by PEDSnet[1], a network of ten
pediatric healthcare institutions collaborating to improve child health, which currently comprises
over 14 million patients. Patients were included if they had evidence of at least one in-person
encounter on or after January 1, 2012, and had their first visit of any kind associated with an SCD
diagnosis on or after January 1, 2011. Patients who met these criteria were observed from the date of
their first encounter until the date of their last or most recent encounter. Data were drawn from
PEDSnet database version 2024-Aug, which yielded a cohort of 12,722 patients, of whom 99% had
multiple occurrences of an SCD diagnosis, and for whom the median follow-up was 6.33 years [IQR
2.44-10.39].

All direct identifiers are replaced with study codes in the harmonized dataset, which constitutes a
Limited Data Set as specified in the Health Insurance Portability and Accountability Act’s Privacy
Rule[54], and this work was determined to be Not Human Subjects Research by the Institutional
Review Board at the Children’s Hospital of Philadelphia.

Results

SSDQA Model

We synthesized theoretical and applied considerations into a concrete model (Figure 1) for
constructing fitness-oriented data quality checks. The model provides consistent guidance for
creating standardized modules that can be used to evaluate data fitness across a range of study-
specific requirements. It delineates the processes of check development and execution through two
interdependent processes, labeled on the left hand side of the graph: (1) SSDQA Development and
Tools, which focuses on check development and backend automation, and (2) User Process, which
highlights the interaction between the user and DQ modules. We describe these processes in the two
sections below.

https://preprints.jmir.org/preprint/ 76398 [unpublished, non-peer-reviewed preprint]
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Data Quality Module Check Development Data Quality Module Check Automation
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or anomaly detection

SSDQA Development and Tools

Study Requirements

SSDQA FRAMEWORK

User Process

(3) longitudinal or
cross-sectional analysis

Figure 1. Study Specific data quality model for developing reusable modules to assess fitness across range of use cases

SSDQA Development and Tools

The development of a data quality module incorporates four separate but integrated components. The
first is the Clinical Goal or Assessment, which describes the clinical truth that the user aims to
evaluate. For example, an investigator might posit that patients in a study cohort should have
confirmatory clinical data (e.g., end stage renal disease and evidence of dialysis) to establish basic
face validity. The second is Check Category, which expresses the evaluated aspect of data quality,
using widely adopted harmonized terms[55] such as completeness, plausibility, or conformance. The
third is Data Quality Probe which, in contrast with the Clinical Goal, designates a data-centric
purpose for a DQ check such as assessing eligibility criteria or mapping errors in the data. Finally,
Analysis Level describes the application of the module across levels of aggregation including
person-level, event-level, or visit-level analysis. The integration of these four components forms a
Check Type, which is discoverable through these attributes; we have included in Supplemental Table
4 the metadata terms used to describe each Check Type in the current implementation.

Once a Check Type has been specified, application to data is mediated by a DQ Module, whose
scope spans the set of user configurations (see below) required to execute a specific data quality
check of that type. The module facilitates consistent application through a set of base functions that
incorporate user choices via parameters, without requiring reimplementation or code editing and the
consequent risk of divergent computation across uses.

User Process

Application of study-specific data quality must by definition be adapted to each user’s study
requirements. DQ checks are deployed to inform the user about study design and method choices, as
well as to assess the validity of the dataset and identify potential biases or stratifications present in
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the data. DQ requirements may vary based on the stage of the study or the background of the user.
For example, data quality for a clinical researcher planning cohort selection will require a different
set of evaluation measures than validation of primary outcomes, and testing at the design stage will
differ from a statistician investigating an anomalous result during analysis. This is denoted as Study
Specific Stage in Figure 1.

In parallel, Study Specific Context compels users to formally define the data constructs (e.g., cohort,
variables, concept sets) around which to identify potential gaps in data quality or constraints in study
design that require testing. This step drives the creation of “study-specific” requirements at the core
of the SSDQA implementation model. Based on these criteria, users go on to select the appropriate
Check Types to be used. For each Check Type, the user applies the associated module to the desired
data elements, configuring it based on three decision points. First, execution can produce single- or
multi- unit analysis. Most often, units are expressed as participating institutions, and multi-unit
output facilitates comparisons among institutions while single-unit output permits more in-depth
analysis within a particular institution. In other circumstances, it may be more correct to combine all
institutions as a single unit of analysis, or to stratify by other characteristics such as clinical specialty.
Second, the user determines whether the goal of this particular DQ analysis is to allow visual
exploration, or to formally detect outliers. The former produces descriptive visualizations, while the
latter computes quantitative metrics to differentiate potential outliers. Third, users can analyze their
data longitudinally to understand changes over time, or cross-sectionally covering a specified time
period. Following configuration, users apply the module to produce analytic results for human
interpretation or further processing.

SSDQA Module Design

When implementing modules that translate abstract concepts into concrete checks, we balanced three
considerations: 1) creating tools that could be adopted without extensive background in DQ
methodology or programming effort, 2) covering related analyses so that users could fully evaluate
specific requirements for their study, and 3) supporting reuse across a variety of similar cases. We
selected the widely-used R programming language[53] and tidyverse[56] interface layer to reduce
barriers to use, and maintained a consistent approach to functional interface and visualizations across
modules. The modules are constructed to interact with data in the OMOP [52] or PCORnet®
Common Data Models[57], which are widely used in health services research. All implemented
modules are freely available on GitHub[58].

Module Selection and Definitions

Drawing on the model and principles described above, we specified a set of 18 DQ modules (Table
1) that cover foundational requirements for SSDQA. In order to provide guidance about intended
use, we group the modules here based on different phases of a study. For example, during the Cohort
Identification phase of a study, research teams might deploy the Attrition Step or
Sensitivity to Selection Criteria modules. Many modules can be applied at
multiple phases in practice; we have not duplicated descriptions to avoid redundant information.

Table 1. Data Quality Modules specified using the SSDQA framework

Module Name | Module Description

Cohort Identification

https://preprints.jmir.org/preprint/ 76398 [unpublished, non-peer-reviewed preprint]
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Attrition Step

These checks assess each step of attrition criteria to identify anomalies in cohort construction.

Sensitivity to

This module provides a set of checks that test the differences in demographics, follow-up time, utilization

Selection patterns, outcomes, and other key variables when alternative cohort definitions are used to define the
Criteria patient population.
Cohort Fitness

Patient-Facts

The completeness-focused checks in this module assess the availability of patient clinical data. The number
of clinical events per year of follow-up for each patient in a cohort is computed and stratified by visit type.

Patient Event
Sequencing

This module evaluates the plausibility of dates in relationship to clinical events. For example, a diagnosis
for chronic kidney disease should precede a procedure order for dialysis. If events are not sequenced in the
expected order, it may indicate inappropriate documentation or a patient receiving care at a different
institution.

Patient Record
Consistency

This module tests whether the clinical data in a patient’s record is consistent and confirmatory (e.g.,
patients with leukemia should be receiving chemotherapy). This module is at the patient-level rather than
at the visit-level. The Visit Clinical Data Agreement module can augment this module to determine
whether expected events also occur within the same visit.

Expected Facts
Present

The checks in this module evaluate whether a cohort contains specific types of clinical data, such as BMI,
office visit procedures, or vital signs.

Clinical Data | The checks in this module assess whether clinical data outcomes or values align with patient cohort

Values and | characteristics.

Ranges

Dataset Fitness

Clinical The concordance-focused checks in this module assess the quality of specialty data in a study sample. The

Events and | goal is to evaluate the concordance of specific events (e.g., diagnosis of type I diabetes) and specialist

Specialty providers or care sites (e.g., endocrinologist or endocrinology clinic) at the visit level.

Agreement

Visit Clinical | This module tests whether expected clinical events occur within the same clinical encounter. For example,

Data ventilator support should occur in an intensive or critical care unit, or a prescription for an antihypertensive

Agreement medication should be accompanied by a blood pressure reading. The investigator provides information
about the expected clinical events, and the module computes comparisons and distributions, and identifies
anomalies.

Date This module provides a set of checks to ensure that the dates within a dataset are plausible. It detects

Sequencing outliers and anomalous values such as dates too far in the past or future, and whether dates assigned to

clinical events occur in reasonable order or proximity.

Data Conformance

Clinical
Metadata

The checks in this module assess whether clinical facts are accompanied by appropriate metadata.
Examples of metadata-clinical fact pairings include the proportion of prescription drugs with dosing
information, lab values with an assigned specimen, or anthropometric measures with an appropriate unit.

Unit & Value

This module determines whether drug prescriptions/administrations or lab results contain units that are

Alignment conformant to expected standards.
Duplicate The checks in this module identify where there are duplicate rows or values in a given dataset.
Record Check

Variable Testing

Expected This module checks for the presence of expected variables and presents a variety of distributions of these
Variables variables in the dataset. It allows the investigator to visualize multiple variables for comparison and to
Present show the co-occurrence of variables in the same patient.

Quantitative The checks in this module allow the user to evaluate quantitative distributions of clinical values (e.g., lab
Variable values, BMI, etc.) or patient characteristics (e.g., number of visits per patient, follow-up time) in a study
Distributions dataset.

Concept-Set Testing

Concept-Set

This module examines distributions of concepts (e.g. codes) that represent a particular variable in a dataset.

Distribution The purpose is to understand how the concept-sets drive the prevalence or clinical composition of variables
for a particular study. For example, to identify asthma in a primary care cohort, wheezing or uncomplicated
asthma may be the most common concept represented, but concepts related to asthma exacerbation or
severe asthma may be most common in a more specialized respiratory cohort.

Source and | The checks in this module demonstrate how mappings of source system concepts to study vocabularies

Concept impact the representation of concepts in the data. It aims to provide researchers with source-to-concept
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Vocabularies mappings and their distributions to identify problems or issues with how standardization may result in
information loss. To run these checks, the source code as well as the mapped code must be available in the
data.
Unmapped The checks in this module provide information about the potential impact of unmapped concepts within a
Concepts dataset.

https://preprints.jmir.org/preprint/ 76398

Module Implementation

We recognized that the typical analysis would involve examination of the same data in different
ways, and that the source data from multiple institutions might not be readily accessible to those
making study decisions. Therefore, each module comprises two separable parts: process (tabular
results) and output (visualization). We will use our sickle cell disease cohort as examples of each by
applying the Sensitivity to Selection Criteria module, where we evaluated the
impact of two alternate cohort definitions on the patient population across multiple institutions. The
first alternative definition was to require a diagnosis prior to the age of 1 (ASC1), and the second
narrowed the cohort to patients with the SCD-SS and SCD-Sf, subtypes, associated with more
severe clinical manifestations (ASC2). We show here differences in encounter-based utilization
metrics, specifically, outpatient, ED, and hematologist encounters, as well as clinically-oriented
metrics such as prescription drugs, medication administrations, and procedures. Results are
normalized to events per patient year to account for variability in follow up, and the median value for
each institution is computed. The module allows for any number of utilization metrics, as well as
demographic composition. The process portion compiles tabular results of the module’s DQ checks
(Figure 2, Panel A), and can be applied to data locally or at remote sites. The output portion of the
module takes the tabular results, potentially compiled from multiple process runs at different sites, as
input and generates a consistent set of visualizations for user interpretation and reporting. These were
designed to display results in familiar ways, and present information densely enough that the reader
can detect patterns (e.g. stratifications over time or data source) or compare data elements. The
Sensitivity to Selection module for the sickle-cell cohort produces a graph where the
center point represents the value for the original cohort, with ASC1 on the left, and ASC2 on the
right (Figure 2, Panel B). The graph displays differences in utilization metrics between the cohorts,
with ASC1 showing increased utilization across almost all metrics, particularly ED utilization and
specialty encounters. The specialty visits appear bifurcated: in the base cohort, one set of institutions
shows about five visits per person year, and the other about 1. Medication administrations are
roughly similar between the cohorts, except with a sharp increase seen at one institution in the ASC2
cohort. One institution shows on average more prescription drugs for patients than others, with a
sharp increase in the ASC1 cohort. Generally, these results point to heterogeneity in institutional data
as well as cohorts, and may require investigation into specialty visits as well as medication
administrations and prescription drugs. Patients diagnosed between 0-1 may behave as either a
loyalty cohort or a cohort that is more clinically complex, while the latter is clearly true of ASC2.
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site  |cohort id cohort characteristic output total patients

Site C |ASC1 median emergency visits ppy 0.89 230
Site C [ASCI1 median med admin drugs ppy 9.705 230
Site C |ASCI median outpatient visits ppy 6.39 230
Site C |ASCI median prescription drugs ppy 4.81 230
Site C |ASCI median_procedures ppy 67.535 230
Site C [ASCI median specialty visits ppy 3.08 230
Site C [ASC2 median emergency visits ppy 0.62 425
Site C |ASC2 median med admin drugs ppy 11.67 425
Site C [ASC2 median outpatient visits ppy 6.6 425
Site C [ASC2 median prescription drugs ppy 4.94 425
Site C [ASC2 median procedures ppy 67.35 425
Site C [ASC2 median specialty visits ppy 2.04 425
Site C [base cohort |median emergency visits ppy 0.45 T
Site C |base cohort [median med admin drugs ppy S 717
Site C |base cohort |median outpatient visits ppy 4.24 717
Site C [base cohort |median prescription drugs ppy 2l 17
Site C [base cohort |median procedures ppy 40.8 717
Site C |base cohort [median specialty visits ppy 0.44 717

Prescription

Cohort

A
D
® I

Al
Narrow SCD Diagnosis
Emergency
Department
Visits Site

Median (PPY)

Hematology
Specialty

Diagne
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Figure 2. Results generated by the Sensitivity to Selection Criteria SSDQA module for alternative
definitions of a SCD cohort. A. Tabular output for selected utilization measures produced by the
process component. B. Visualization produced by the output component to allow more effective
interpretation of the differences between cohort definitions.

In our design of modules, we accepted that interpretation of dense displays requires some initial
orientation, and some summarization. Therefore, the more complex visualizations include additional
information via hover displays or aggregated trends to support data exploration. However, the design
also considered the suitability of static graphics for inclusion in manuscript supplemental data or
dataset descriptors.

As Table 1 indicates, modules were designed to be executed at different steps during a study. We
have demonstrated their use in Cohort Identification. They are also used to test Cohort Fitness,
Dataset Fitness, Data Conformance, Variable Testing, and Concept-Set Testing. The primary
difference between Cohort Fitness and Dataset Fitness is that the former evaluates fitness of a
specific cohort against study requirements while the latter tests for logical cohesion of a dataset.
Therefore, anomalies found in the former require investigating study-specific criteria while those in
the latter identify broader logical inconsistencies in a dataset. Data Conformance modules evaluate a
dataset for conformance to a required set of standards, such as ensuring that units for a particular lab
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conform to the standard or accepted reporting for that lab. Variable Testing focuses on study
variables; that is, a set of operational clinical definitions represented in an analysis. To use the sickle
cell example, the Expected Variables Present module can evaluate whether opioid
prescriptions are detected in the dataset. Figure 3 shows multi-institutional output for this module,
demonstrating the variation of opioid usage across institutions. In this graph, the mean proportion of
patients prescribed the opioid across all institutions is indicated by the size of the circle, as an
indicator of overall importance of that medication within the study cohort. For comparison, the color
represents the proportion for each specific institution. Anomalously high or low values are indicated
by a star. For example, Site A has the highest proportion of patients

Anomalous Variables per Patient by Site
Dot size is the mean proportion per variable
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Figure 3. Dot plot showing proportion of patients receiving different opioid prescriptions. Size of dot is the mean
proportion across all institutions and color is specific to the institutions. Stars indicate statistical outliers.

across institutions for hydromorphone prescriptions, indicating increased use of second-line opioid
analgesics which could mean greater complication rate or significant practice variation. In contrast,
Site B has low proportions across all opioid prescriptions generally, which may indicate a less acute
population or alternative pain management strategies. The Concept Set Testing category focuses on
specific vocabularies or ontologies that represent variables. Using the opioid example, the
Concept-Set Distribution module (cf. Figure 5) focuses on the distributions of the
individual RxNorm codes representing opioids, rather than drug selection grouped by active
ingredients.

One of the unique characteristics of the SSDQA modules is the ability to configure almost all
modules to detect anomalies across time. Extending the Expected Variables Present
module example described above, a researcher can configure the module to observe the proportion of
patients prescribed opioids over time. In the multi-site analysis (Figure 3), Site A was anomalously
high for hydromorphone prescriptions compared with other institutions. This is confirmed by a
consistent trend over time (Figure 4), and the error bars between Site A and other institutions do not
overlap. This may prompt the investigator to more deeply investigate characteristics of the patient
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population that could possibly explain these differences and whether adjustments need to be made to
create a less heterogeneous patient population across institutions. The module also computes the
distance of institutional trend lines from the all-site mean, here confirming that Site A is highly
anomalous compared with other institutions, while site D is moderately anomalous for low
prescription rates. Conversely, despite the transient peak seen for Site B, its overall distance from
median prescribing is small.

Smoothed Proportion of hydromorphone Across Time Euclidean Distance for hydromorphone
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Figure 42. Anom2 method-visualization pair, shown in results of Expected Variables Present longitudinal multi-
institutional analysis. A. Smoothed graph shows proportion (y-axis) of patients prescribed hydromorphone over time (x-
axis). B. Euclidean Distance is also computed to quantitatively display the distance over time between a single institution
and the all-institution mean.

Module Technical Reproducibility

To streamline the modules and enable better reproducibility, we adhered to a set of Output-
Visualization dyads (Table 2). For example, several of the exploratory analyses output frequency
distributions that can be represented by a bar graph (denoted by Reference Alias: exp1). This pairing
(frequency distribution and bar graph) uses the same underlying code and configurations across
multiple modules. However, distributions can be also visually displayed when appropriate as
heatmaps, interactive tables that allow dynamic filtering and searching, and dot plots.

Table 2. Method-Visualization dyads for use in analysis in SSDQA modules

Output-Visualization Dyad | Data Output Visualization

Alias

anom1 Jaccard Similarity Index Heatmap

anom?2 Euclidean Distance Line Graph & Radial Bar Graph
anom3 Hotspots Outlier Detection Dot + Star Plot

anom4 Time Series Anomalies Control Chart

anom>5 Time Series Anomalies STL Regression

anom6 Distance from Mean Bar Graph

anom?7 Standardized Mean Difference Heatmap

anom8 Standardized Mean Difference Dotplot & Summary Table
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anom9 Jaccard Similarity Index Bar Graph

expl Frequency Distributions Bar Graph

exp2 Attrition Counts Line Graph

exp3 Time Series Exploration Line Graph

exp4 Frequency Distributions Interactive Table

exp5 Time Between Events Histogram & Bar Graph
exp6 Frequency Distributions Dot Plot

exp7’ Frequency Distributions Heatmap

exp8 Cohort Overlap UpSet Graph & Bar Graph

As an example, the dyad exp7 is used in four modules (Table 3). For simplicity, we will demonstrate
its use in two modules: Concept Set Distribution and Source and Concept Vocabularies. In these two
modules, exp7 is used in the single site analyses. We selected Site A to determine whether there may
be a connection between the use of a second-line opioid and pain, which would be the indication for
their use.

Table 3. SSDQA modules with Method-Visualization pairs

Single Unit: Cross Sectional Multi Unit: Cross Sectional
Method-Visualization Pair Alias Exploratory Anomaly Exploratory Anomaly
Cohort Attrition exp2 exp2 anom3
Source and Concept Vocabularies exp7 anom3 exp4 anom3
Expected Variables Present expl anom1 exp7 anom3
Patient Event Sequencing exp5 expl anom3
Patient Facts expl anom6 exp3 anom3
Concept Set Distribution exp7 anom1 exp4 anom3
Clinical Events and Specialty Agreement expl anom3 exp6 anom3
Patient Record Consistency expl anom9 expl anom3
Sensitivity to Selection Criteria exp8 anom? expl + exp7 anom8

Single Unit: Longitudinal Multi Unit: Longitudinal

Method-Visualization Pair Alias Exploratory Anomaly Exploratory Anomaly
Cohort Attrition
Source and Concept Vocabularies exp3 anom4 / anom5 exp3 anom?2
Expected Variables Present exp3 anom4 / anom5 exp3 anom?2
Patient Event Sequencing exp3 anom4 / anom5 exp3 anom?
Patient Facts exp3 anom4 / anom5 exp3 anom?
Concept Set Distribution exp3 anom4 / anom5 exp3 anom?2
Clinical Events and Specialty Agreement exp3 anom4 / anom5 exp3 anom?2
Patient Record Consistency exp3 anom4 / anom5 exp3 anom?
Sensitivity to Selection Criteria

The module: Concept Set Distribution (Figure 5) shows that the most common diagnoses
used for pain in the dataset from Site A map to the SNOMED-CT terms 26942 (Hemoglobin SS
disease with crisis), 4216915 (Hemoglobin S sickling disorder with crisis), and 4329041 (Pain),
using OMOP standard vocabularies in our database. The latter two concepts, in contrast with the
first, are not specific to more severe variants of sickle cell disease.
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Pain
Total Mappings: 8
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Figure 5. Diagnosis terms in analytic data from a user-supplied codeset representing “Pain”. For
readability, the SNOMED-CT terms present in the dataset are shown here as codes rather than text
(cf. https://athena.ohdsi.org). The color of each cell reflects the relative frequency with which each
term occurs in the data.

In addition to evaluating the scope of a codeset, it is often important to know by what path the
concepts in the codeset were reached. The Source and Concept Vocabularies module
(Figure 6) demonstrates how source concepts, that is, data in the dataset designated as reflecting the
original source systems, map to the terms used in the analytic models. Figure 6 shows each of six
SNOMED-CT terms that may indicate SCD-related pain, with vocabulary mappings from ICD-9-
CM and ICD-10-CM, a common constraint on diagnosis entry in EHR systems. This graph shows
that the most common mapping to Hemoglobin S sickling disorder with crisis and Pain are diagnoses
specific to the SS variant of sickle cell disease (e.g. ICD-10-CM D57.00: Hb-SS disease with crisis,
unspecified), but the terms expressed in the analytic variable are inexact and lose specificity. From a
data quality perspective, these mappings imply that many patients are experiencing pain typically
associated with the SS variant, but that is not being fully expressed in the analytic coding, which
should be improved or the analyses should rely on other data to adjust for disease variant. From a
clinical perspective, patients with SCD-SS are at risk of the most severe complications, which may
be an important consideration for study analyses. For example, it may correlate with the frequent
usage of hydromorphone, a more potent opioid (Figures 3 and 4). Taken together, these data indicate
that patients at Site A may be more complex and have more severe disease, and this should be
accounted for in case definitions and analytic design. It also indicates that Site A may have some
erroneous mappings to SNOMED-CT concepts, which may misclassify certain outcomes. For
example, the term Pain in the analytic vocabulary is non-specific and unrelated to sickle cell disease,
but the modules indicate that this may capture pain due to Hb-SS specifically.
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Discussion

Principal Results

The tools we have implemented make contributions to better and more systematic research in several
ways. First, the checks are driven by a theoretically sound framework that integrates clinical and
technical considerations, while retaining opportunity to configure checks to meet the requirements of
the user. Second, results are delivered with layered options for interactivity to better interpret output,
and modules addressing related goals to support more thorough investigation. Third, we have
packaged the modules to reduce the risk of error during per-study re-implementation. Fourth,
adoption of common tools enables reproducibility and standardization of SSDQA checks for
dissemination in a wider community, in keeping with FAIR principles [59, 60]. Importantly, it further
facilitates transparency about data beyond simple descriptions when sharing of datasets is not
possible due to patient privacy considerations. Consumers of research results are better able to
understand data characteristics that may bear on applicability of the results to their circumstances.
Similarly, other researchers can account for differences in data source in order to validate or augment
previous work. For example, complex differences in utilization of the health system across cohorts
may bias study outcomes, which is only crudely reported in current publications. Finally, by
providing of a model that structures user interaction, standardizes approaches to visualizations, and
uses consistent calling conventions across packaged modules, we facilitate extension of the current
modules by us or others.

Limitations
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Nonetheless, several limitations should be noted. First, the universe of potential SSDQA testing is
quite large, and while the model is designed for expansion, the current modules cannot cover all
possible requirements. However, SSDQA for any single study will exercise only a subset of those
possibilities; our current work covers most high frequency cases. Second, use of DQ tools requires
an interdisciplinary team comprising technical, methodologic, and clinical domain expertise to
effectively design and interpret SSDQA. The modules facilitate the process, but do not replace
collaborative interpretation and response. Third, the diversity of modules and configurations, and the
data density in results displays, require familiarization in order to make most effective use of the
tools. We have attempted to reduce cognitive burden by use of consistent visualizations and
configuration methods and good documentation practices, but additional educational materials will
be needed to reach a wider audience. We are currently engaged in constructing additional guidance
for both DQ design and results interpretation. Fourth, most modules require the data to be in the
OMOP or PCORnet® CDMs to support module reuse. This may create a barrier to adoption,
especially for smaller studies, but institutional availability of CDM-transformed data has risen
rapidly, and template code for transformation to and between CDMs is becoming more available.

Comparison with Prior Work

In-depth understanding of data quality is a prerequisite for effective use of clinical data, especially at
large scale; the need for better definition in this field has been repeatedly recognized. We present a
systematic approach to evaluating study-specific data quality that bridges theory and application to
construct modules that are standardized and reproducible. Our work serves as a complement to
existing tools such as the OHDSI Data Quality Dashboard[17], PCORnet® Data Curation[27], and
other network data quality programs [26, 28, 30, 48, 61], which are usually applied to an entire
database. While many study teams conduct exploratory analysis addressing problems such as
missingness, these are usually re-implemented for each study. Our goal is not to replace the
motivation for current practice, but to build on what are often incomplete evaluations that can benefit
from better foundation and informative reporting. The flexibility offered in this model allows teams
to identify additional aspects of SSDQA that may benefit their study, and tailor the checks to their
study requirements. It also fosters collaboration between study teams to identify data quality issues
that can inform design decisions.

Conclusions

Effective SSDQA is a critical but complex part of conducting valid research using clinical data. As
with other steps of the research process, SSDQA benefits from evolving methodologic practices. The
model described here, and the availability of tools that simplify adoption of good practice, provide an
opportunity to improve SSDQA execution and reporting. Additional work will undoubtedly be
needed as clinical research methods and data sources continue to advance.
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