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It is estimated that data related to health care account for
approximately one third of all data in existence globally.'
Data availability has catalyzed medical research with
notable examples in ophthalmology, focused largely on
common conditions, including glaucoma, diabetic
retinopathy, cataracts, and age-related macular degenera-
tion. Health care data are derived from a variety of sources
and may be prospectively collected for specific research
studies, collected as part of routine clinical practice, or
generated as a by-product of data from industries external
but related to health care. Different sources of data certainly
have distinct utility and limitations (Table 1). Many factors
challenge the use of clinical data for research, including the
following: (1) the accuracy and completeness of entered
data; (2) adherence to available data standards; (3)
accessibility of data in the face of governance and
technological barriers; and (4) systematic biases in patient
demographics and data entry.

Navigating data resources can
be time-consuming, and it is diffi-
cult for researchers to be certain
that the data selected are the best
available to test individual hy-
potheses. The current lack of
centralized data repositories and
insufficient adoption of harmo-
nized data structures hinder data
sharing and limit the potential for large-scale research in
ophthalmology. Here, we highlight the need for standards to
facilitate high-quality research and collaboration.

One challenge facing ophthalmic research lies in the
effective collation of data to permit large-scale analyses.
Data standards are source-dependent and vary considerably
in eye care. Between institutions, electronic health record
(EHR) data can be aggregated using a data model imple-
mented by a shared clinical information system, but sharing
data in the absence of a shared system vendor is much more
challenging because of differences in the representation of
clinical data in each EHR. Even within one institution or
shared clinical information system, the same data may be
stored in different locations or at different levels of granu-
larity. It is also apparent that the utility of data in eye care is
restricted by the accuracy and completeness of data labeling
for diagnoses and outcomes. There are inherent difficulties
in achieving high-quality labeling, including the availability
of suitably skilled personnel, implementing the necessary
quality control measures, and meeting the associated costs.
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The current lack of centralized
data repositories and insufficient
adoption of harmonized data
structures hinder data sharing
and limit the potential for large-
scale research in ophthalmology.

As an example, the American Academy of Ophthalmology
Intelligent Research in Sight Registry (https://www.aao.org/
iris-registry) is the first national comprehensive eye disease
clinical registry. While aggregating large numbers of pa-
tients and encounters, Intelligent Research in Sight has not
overcome the challenges of harmonizing data across prac-
tices and suffers from the usual problems of differences in
EHR data semantics and inaccurate data entry. Issues with
labeling, shareability, and the observed variation in
ophthalmology data reporting hinders researchers in the
tasks of data acquisition and dataset aggregation.

Internationally agreed upon data standards establishing
harmonized data structures and minimum requirements to be
satisfied before the publication of datasets would substan-
tially decrease the burden of data acquisition and merging
going forward. As an example, in the United States, there is
not a single central rule about data sharing, which has led to
fragmented decision making by
states or institutions. The National
Institutes of Health have estab-
lished a Data Management and
Sharing Policy, effective January
25, 2023, to share scientific data
(including “omics,” imaging, and
biological data) supporting a
manuscript at the time of publica-
tion. However, this policy does not
require a specific protocol for data standardization, instead
leaving it to the discretion of the individual researcher. In
the United Kingdom, while increasing access to health data
is listed as part of their National Data Strategy and Data
Protection and Digital Information Bill 2022—2023, this bill
has only been introduced to Parliament at this time. Steps to
harmonize data internationally will also form part of the
broad approach needed to aid the clinical translation of
machine learning systems currently confined to the research
domain, in part due to concerns surrounding transparency,
privacy, and reproducibility.”

One approach to overcome differences in source data is
to remap those data into a standard model. One example has
been developed by the Observational Health Data Science
and Informatics (www.ohdsi.org), which has put forward
the Observational Medical Outcomes Partnership (OMOP)
common data model to enable systematic analyses of mul-
tiple observational databases.” As an example, the National
Institutes of Health All of Us Research Program (https://
allofus.nih.gov) utilizes OMOP to standardize EHR data
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Data Type

Research data
Population-based studies
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Table 1. Types of Clinical Data Used in Ophthalmology Research

Utility

Analyzing associations between
variables and outcomes,
epidemiology, public health

Limitations

Limited sample diversity with
predominantly White
participants

Often only allows for cross-
sectional analyses

Access may be restricted for
researchers external to host
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Examples

Publicly available: UK Biobank,
National Health and Nutrition
Examination Survey (NHANES),
NIH All of Us Research Program

Not publicly available: Rotterdam
Eye Study, Baltimore Eye Study,
Los Angeles Latino Eye Study

Analyses specific to clinical uses or
conditions

Aggregated data

RCTs Can be used to determine causal
associations

Administrative data

Institutional data Longitudinal analyses within an

institution

Insurance claims-level data ~ Longitudinal analyses with large and

diverse samples

RCT = randomized controlled trial.

from a variety of sources. Of note, there is an Observational
Health Data Science and Informatics/OMOP Eye Care &
Vision Research working group that aims to improve
integration of ophthalmology data with other large-scale
datasets mapped to OMOP.

Another example for harmonizing data across systems is
the Informatics for Integrating Biology to the Bedside
platform (Partners Healthcare Systems, www.i2b2.org),
which facilitates cohort discovery using a standard data
model and query tools. The remit of Informatics for Inte-
grating Biology to the Bedside has also been extended to
facilitate multi-institution collaboration by allowing queries
to span multiple institutions. A key challenge with Infor-
matics for Integrating Biology to the Bedside is the
configuration and maintenance of the infrastructure
required.

Standards developed for use in clinical practice also have
relevance to research data acquisition and management. Fast
Healthcare Interoperability Resources has been adopted as
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institution(s)

Intelligent Research in Sight (IRIS),
the European Registry of Quality
Outcomes for Cataract and
Refractive Surgery (EUREQUO),
the Japan-Retinal Detachment
Registry, the Swedish National
Cataract Register

e Require data entry and
maintenance

e Nonstandardized data formats
among institutions

e Eye-specific registries may lack
systemic diagnosis and
medication information

Early Manifest Glaucoma Trial,
Ocular Hypertension Treatment
Study, Age-Related Eye Disease
Studies, Pediatric Eye Disease
Investigator Group

e A substantial proportion of
major ophthalmology RCTs
were conducted
1—2 decades ago

e Limited sample sizes

e Limited sample
diversity

ethnic

e Limited data quality with  Data from all clinical practices
missing, duplicate, or
misclassified data

e Nonstandard nomenclature

e Cannot be generalized

Optum Medical Claims, National
Health Insurance Research
Database of Taiwan, The Centers
for Medicare and Medicaid
Services (CMS) Medicare data

e Clinical care cannot reliably
be inferred from claims data

e Data can be missing or
misclassified

e Recorded  diagnosis  and
treatment codes may be
influenced by institutional
coding patterns

the preferred means by which clinical information systems
in the United States should exchange clinical data.” Fast
Healthcare Interoperability Resources has been designed
for the exchange of data between systems and so has a
role in retrieving clinical data for research, but is not yet a
solution for the storage of those data.

Finally, the Digital Imaging and Communication in
Medicine standard has been developed for biomedical
ima%e formatting, management, interpretation, and stor-
age.” Digital Imaging and Communication in Medicine has
also been extended to accommodate eye care, and
standards are available for the most commonly used in-
office testing devices. Unfortunately, these standards have
not been widely adopted by vendors in eye care, and
Digital Imaging and Communication in Medicine compli-
ance is reported to be low for ophthalmic imaging.” The
National Eye Institute, Office of the National Coordinator
for Health Information Technology, and the Food and
Drug Administration recently held a joint workshop to
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promote the adoption of ocular imaging standards across
vendors in May 2022.

Taking the aforementioned solutions into account, one
comprehensive approach to address the drawbacks of current
data practices in eye care involves a combination of Fast
Healthcare Interoperability Resources, to enhance clinical-
care level interoperability, and the OMOP Common Data
Model to harmonize data for research. This hybrid approach
has been adopted in other medical fields, with notable success
in neurology and cardiology. The International Neuro-
informatics Coordinating Facility was established in 2005 to
promote neuroscience data sharing and data reuse.” The
International Neuroinformatics Coordinating Facility has
instituted standards including Neuroscience information
exchange format, a data model and file format for annotated
scientific datasets, and the Computational Neuroscience
Ontology, a controlled vocabulary of terms used to describe
nervous system models.” Similarly, the American College
of Cardiology introduced the National Cardiovascular Data
Registry in 1997 to record cardiac catheterization and
coronary intervention data.® The National Cardiovascular
Data Registry has a Data Quality Program that mandates
filtering for consistency and completeness before data
entry.” In addition, the Society of Thoracic Surgeons
registry has enrolled > 90% of adult cardiac surgical centers
in the United States and includes data from 9 countries, with
a total of > 5 million patient records.” These measures
demonstrate how such initiatives can contribute to large-
scale data sharing to lead to impactful research within their
respective fields.

The implications of poor data standardization, availability,
and shareability are potentially far-reaching. Many recent
ophthalmology publications use data from the same datasets,
which are familiar to researchers due to their prominence in
existing literature and visibility compared with alternative
data sources.'” Barriers to data access also contribute to the
oversampling of select datasets. This introduces bias
because minority groups are underrepresented or
unrepresented in these datasets, which are derived from
predominantlgl White  populations of  European
ancestry.'’”'* The participants from which these data are
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