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As clinical trial complexity has increased over the past decade, using electronic methods to simplify recruitment
and data management have been investigated. In this study, the Optum Digital Research Network (DRN) has
demonstrated the use of electronic source (eSource) data to ease subject identification, recruitment burden, and
used data extracted from electronic health records (EHR) to load to an electronic data capture (EDC) system. This
study utilized electronic Informed Consent, electronic patient reported outcomes (SF-12) and included three sites
using 3 different EHR systems. Patients with type 2 diabetes with an HbA1c ≥ 7.0% treated with metformin
monotherapy were recruited. Endpoints consisted of changes in HbA1c, medications, and quality of life measures
over 12-weeks of study participation using data from the subjects’ eSources listed above. The study began in June
of 2020 and the last patient last visit occurred in January of 2021. Forty-eight participants were consented and
enrolled. HbA1c was repeated for 33 and ePRO was obtained from all subjects at baseline and 28 at 12-week
follow-up.
Using eSource data eliminated transcription errors. Medication changes, healthcare encounters and lab results
were identified when they occurred in standard clinical practice from the EHR systems. Minimal data trans
formation and normalization was required.
Data for this observational trial where clinical outcomes are available using lab results, diagnoses, and en
counters may be achieved via direct access to eSources. This methodology was successful and could be expanded
for larger trials and will significantly reduce staff effort and exemplified clinical research as a care option.

1. Introduction
Clinical trials are considered the foremost authority for developing

medical evidence to support safety and efficacy of new drugs, biologics,
or devices due to their methodological strengths [1–3]. However, clin
ical trials often experience challenges including timely accrual, high
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administered. Potential participants were identified by applying the
eligibility criteria to the site’s EHR data using a coding algorithm. Par
ticipants who provided eConsent were considered enrolled, initiating
the passive collection of data ambispectively from their EHR data
collected during routine healthcare interactions. An ePRO, Short Form
Health Survey (SF-12), was used to assess any changes in the partici
pants’ self-reported QoL over the study period [9,10]. The electronic
source (eSource) data were copied to a stage database, normalized,
transformed, loaded to the study database, and subsequently extracted
and transferred to the electronic data capture (EDC) system using the
processes described below (see Fig. 1).

operational costs, or extensive and stringent data requirements [4,5].
These complexities result in most studies being conducted at a small
number of sites across the United States (US). Therefore, findings may
have limited generalizability because the eligibility criteria result in a
study population that is not representative of patients with the disease.
These settings may result in limited participation by minorities, as these
sites are not where all health care is provided within the US [6]. These
concerns support investigation of new trial methods. Real-world data
(RWD), including data collected within electronic health records
(EHRs), may provide a solution. These datasets contain diverse patient
populations with data collected often over a prolonged period [7].
To address these concerns, this pragmatic study enrolled participants
with type 2 diabetes mellitus (T2DM), the most common diabetes in
adults, resulting in deleterious health outcomes when not controlled [8].
Adults with inadequately controlled T2DM (defined as HbA1c ≥ 7%)
being treated with metformin monotherapy were eligible. The intent of
this study was to gather insight into the feasibility of using EHR and
electronic patient reported outcomes (ePRO) surveys as Real-world
Evidence (RWE). The target population was expected to experience at
least one healthcare encounter, medication adjustments, and additional
HbA1c measurements during the planned 12-week follow-up. The ob
jectives of this Proof of Concept study were 1) to confirm EHR data was
appropriate for determining the study endpoints, was accessible and of
suitable quality to support its use as RWE; as well as determine the effort
required to gather these data and 2) use these data to observe the impact
on participants’ clinical care parameters such as: changes in HbA1c,
antidiabetic medications and self-reported quality of life (QoL) in a
real-world setting.

2.1. Technical methods
Prior to study initiation, Optum evaluated each EHR system to
determine the source table for the required data elements. A compre
hensive EHR data mapping and transformation specification was created
to define the source data location; the normalization or transformation
that would be required; and the ‘landing’ location of those data in the
stage and study databases and the EDC. After initial analysis, Optum
worked closely with the sites’ subject matter experts to confirm the
source to target data mappings. Finally, Optum extracted test data to
confirm the study data requirements could be met. Optum confirmed
that all required study data was present and available in the EHR sys
tems as described below. Fig. 2 provides a pictorial view of the mapping
process from EHR to study database.
The eConsent and ePRO vendors sent sample files for testing; and
Optum verified that the data within the eConsent allowed participants to
be found in the EHR. Following completion of verification and valida
tion testing to confirm only consented participants’ data was extracted,
Optum assigned a unique Study Subject ID to each subject’s EHR
‘identity’ using a subject map table. As data were entered by the site into
the EHR, the data were flagged by the system as relevant, copied, and
loaded to the stage environment. The normalization processes were
executed as the data was transferred from the stage to the study database
(Fig. 3). Source data as well as the normalized data and metadata were
stored in the study database. The sequence of data collection is sum
marized in the schedule of events in the results section (Table 1).
The most recent EHR data at the time of consent were used to
confirm eligibility and gather baseline data. On a daily basis, any new or
changed data received for the participants was reviewed to confirm that
the data was in the correct format, there were no errors in the extraction,

2. Methods
Optum, as a business associate of many healthcare organizations
(HCO), has access to near real-time EHR data for approximately 104
million patients across the US, and approximately 15 million patients
receive care at HCOs in the Digital Research Network (DRN). These
HCOs represent a diverse patient population from academic medical
centers with integrated delivery networks (IDNs) and community-based
ambulatory care settings. This prospective, observational study was
conducted at 3 large HCOs that together manage over 2 million patients
from different regions of the US: New England, Northwest, Southeast. All
were experienced in research and use different EHR systems. There were
no scheduled visits, and no investigational product (IP) was

Fig. 1. Diagram of the end-to-end data flow
CDR = Common Data Repository; EHR = electronic health record; ePRO = electronic patient-reported outcome; EDC: Electronic data capture; PI: Principal
Investigator.
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Fig. 2. Data mapping EHR to study database.

Fig. 3. Clinical study data Acquisition and normalization.

the data was correctly transformed or normalized and met the re
quirements for loading into the study database and the EDC system.
Following these checks, data was transferred to the EDC vendor
(Adaptive Clinical) for loading into the system built for the study
(Fig. 4).

The eCRFs within the EDC system were developed to maintain both
the original source values, the normalized data, as well as the EHR metadata
(original date/time of entry, and the date/time the data was last updated
in the EHR). The site staff were able to log into the EDC system to review

Fig. 4. Study database map to text file for EDC
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the data to confirm correctness of the extraction and normalization
processes, but no changes were allowed in the EDC system – any cor
rections occurred in the EHR.

at any time at his/her own request or could be withdrawn at any time at
the discretion of the investigator.
As this trial was a pragmatic observational study with no IP and no
required interventions, the investigators were not obligated to actively
seek adverse event (AE) or serious adverse event (SAE) information.
However, if the investigator learned of an SAE during the participant’s
participation in the study, the investigator or qualified designees were
responsible for documenting, reporting, and following-up on the events
according to their institutional policies and requirements.

3. Data quality assurance
Optum implemented and verified several data quality processes for
error identification and query generation prior to study initiation.
During the study, Optum reviewed the data files prior to forwarding files
to the EDC system, and confirmed that each file loaded successfully.
Optum verified that updates to EHR data was loaded without over
writing the original entry, and a new EDC audit record was created. Test
records and objective evidence were maintained in the Optum electronic
test systems for archival and audit purposes. Methods to verify the data
was attributable, legible, contemporaneous, original, accurate and
complete at study completion are detailed below.

4. Data collected
Variables were extracted for consented participants from the 3
different EHR systems at baseline and from their routine care encounters
for 12 weeks.
Demographics: Age, Gender, Race, Ethnicity.
Vital Sign Measurements: Weight, Height, Blood Pressure.
Lab Results: HbA1c results.
Diagnoses: All relevant current diagnoses, new diagnoses, and
changes during study period.
Medications: All current medications at baseline, new medications or
changes during study period.
Clinical Encounters: Date and type of encounter with a healthcare
provider.
Eligibility confirmation: Entered by site staff prior to eConsent.
eConsent: Participant provided electronic informed consent (eCon
sent) followed by site staff electronic countersignature.
ePRO: SF-12 at baseline and follow-up (12 weeks ± 2 weeks)
Following site eConsent countersignature, the participant was
directed to complete the baseline ePRO survey. The follow-up ePRO was
to be completed 12 ± 2 weeks. The variables were collected using the
Optum Smart Measurement® System (SMS).
The study protocol stated 45 participants were expected for analysis.
To account for a ~20% drop-out rate, we planned to enroll 57 partici
pants. The end of study participation for each participant was 12 ± 2
weeks following the date of enrollment. Due to COVID-19 impacts on the
sites, enrollment was concluded in October 2020 (at 48 participants), to
allow follow-up activities to be completed in early 2021.
The following endpoints were acquired and evaluated at the
conclusion of the study.

3.1. Study initiation
The study enrolled adults ≥18 years with T2DM currently treated
with metformin as monotherapy. The inclusion criteria were: 1) ≥18
years, 2) clinically confirmed T2DM (based on ≥2 ICD-10 diagnosis
codes from ≥2 EHR encounters), 3) HbA1c results ≥7.0% (based on
most recent laboratory value from EHR within the previous 12 months),
4) currently on metformin or metformin extended release, 5) capable
and willing to provide eConsent, 6) capable and willing to complete
ePRO. The exclusion criteria were: 1) On anti-diabetic medication other
than metformin or in combination with metformin within 6 months
prior to study enrollment, 2) currently participating in an interventional
trial, or have participated in one in the last 30 days.
Optum identified potentially eligible participants by applying an
algorithm to the most current data available. Lists of potentially eligible
participants were populated into a pre-screening log including patient
identifiers, contact information and confirmation of eligibility based on
the most recent HbA1c and medications. In addition, the name of the
participant’s provider and next scheduled appointments were included
to assist the research staff’s outreach to participants. The lists were
securely transferred to each site.
After confirming eligibility of the participants provided on the list,
the staff approached the participants to enroll in the study. Each
participant reviewed was assigned one of the following statuses for
tracking: 1) consented/enrolled, 2) ineligible, 3) not a good candidate,
4) approached, not interested, 5) pending eligibility confirmation, 6)
confirmed eligible in EHR, 7) follow-up needed. Potential participants
with a status of consented/enrolled, ineligible, not a good candidate, or
approached but not interested were removed from subsequent lists, and
new potentially eligible participants were added.
The protocol, amendments, Informed Consent Form (ICF), and other
relevant study documents were submitted for review and approved by
an appropriately constituted, Independent Central Institutional Review
Board (IRB). Recruitment materials and site-specific modifications to the
approved consent were reviewed and approved by the IRB before the
site was initiated. eConsent was obtained from the participant prior to
initiating the collection of relevant EHR data. As part of the eConsent
process, participants were required to sign a statement of informed
consent that meets the requirements of 45 CFR 46, local regulations,
International Council on Harmonization (ICH) Good Clinical Practice
(GCP) guidelines, Health Insurance Portability and Accountability Act
(HIPAA) requirements, IRB and study site requirements, where appli
cable. The site staff countersigned the eConsent prior to initiation of
study data collection. A participant was free to withdraw from the study

• Mean change in HbA1c from baseline to end of study
• Mean change in oral antidiabetic medications prescribed from
baseline
• Mean change in participants’ self-reported physical and mental
health via the SF-12v2® Health Survey ePRO from baseline
All endpoints are summarized descriptively. Baseline and de
mographic characteristics are summarized by standard descriptive
summaries [e.g., means and standard deviations (SD) for continuous
variables or median and interquartile range (IQR) such as age and per
centages for categorical variables such as gender]. The study was not
formally powered; therefore, no statistical analysis was conducted.
5. Results
The study enrolled 48 participants from three sites [site 1: 15; site 2:
12 and site 3: 21]. As consent was obtained remotely, baseline data were
extracted from the most recent historical encounters preceding consent,
the metadata for those data recorded the date and time data were
entered into the EHR.
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Table 1
Schedule of events and data collected throughout study participation period.
Study Procedures

Baseline

Informed consent (eConsent)

X

Eligibility confirmation

X

EHR data entrya

X

Week 12 ± 2 week

Daily through 12 weeks

ePRO deployed (SF-12)

X

RWD extracted (daily b)

# subjects

# Records Collected
c

# Data fields per record
(source)

X

Electronic eligibility
confirmation
Electronic informed consent
Demographics
Vital sign measurements
Co-existing diseases b
Concomitant medications b
HbA1cb
Clinical encounters b
ePRO (SF-12)
TOTAL (2,151 Records)
TOTAL (10,118 Data Fields)

48

48

48
48
48
48
48
48
N/A
48

48
48
192
841
489
94
N/A
48
1,808

d

# subjects

# Records Collected

10

N/A

N/A

3
4
7
3
7
6
N/A
N/A

N/A
N/A
N/A
20
41
33
39
28

N/A
N/A
N/A
48
101
33
133
28
343

8,670

c

# Data fields per record
(source)

3
7
6
3
N/A
1,448

EHR = electronic health record; ePRO = electronic patient-reported outcome; HbA1c = Glycated hemoglobin; NA= Not applicable.
a
EHR data was collected daily as the encounters occurred and data was recorded by the clinical sites in accordance with the assessments performed during the
routine clinical care visits.
b
Data extracted daily as received from the EHR feeds.
c
1 Record = 1 row of data.
d
Number of data fields that the site staff would have entered manually subject to source data validation.

The mean (SD) and median (IQR) age of the included participants
were 58.7 (±10.8) years and 57.5 (50.8–65.3) years, respectively. Over
54% (n = 26) were female; 79% (n = 38) were White or Caucasian, 15%
(n = 7) were African American; and 69% (n = 33) were non-Hispanic/
Latino. Data was directly extracted from the entries within the EHR

records. Although this study included only 3 sites, the diabetes cohort
distribution in the entire network is comparable to the three sites
participating in the study. Table 1 shows the volume of data extracted
throughout the 12-week study.

Fig. 5. Optum Proof of Concept Study Participation Consort diagram.
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5.1. Screening efforts

• 2 queries related to missing medication end dates
• 2 queries related to confirmation of HbA1c results
• 1 query related to a significant height measurement change between
encounters

Sites received lists of potentially eligible participants based on data
available at the time of list generation. The site staff accessed their EHR
to confirm eligibility, then approached the participant for enrollment in
the study. The time expended for confirmation of eligibility was
approximately 3 min per participant. Fifty-four percent (n = 363/676)
of the eligible participants approached were not interested, primarily
due to the lack of direct benefit (reported by site staff).
As there was a time lag between the date the participant lists were
created and the date sites reviewed the list to confirm eligibility, 26% (n
= 174/676) of potentially eligible participants had a medication change
and/or a more recent HbA1c result which resulted in participant ineli
gibility. With this knowledge, Optum changed the frequency of gener
ating subsequent lists to sites. An additional 13% (91/676) were
determined by the site as ‘not a good candidate’ for reasons such as
language barriers; cognitive impairment; or personal family reasons, etc.
Refer to Fig. 5.

Five manual queries were addressed by an update to the EHR data,
and 4 required a comment on the eCRF only as confirmation of data
accuracy.
5.7. Final data review and verification by site staff
At the conclusion of the study the following processes were per
formed to verify the data extracted from the EHR were attributable to
the source, legible, contemporaneous via EHR audit records, original,
accurate and complete.
• The site staff reviewed the eCRFs via printed subject casebooks from
the EDC system and reviewed the data in the EDC. This review
identified no issues.

5.2. Medication changes

Optum verification of data included:

All enrolled participants were receiving metformin monotherapy at
baseline, meeting the inclusion criteria. During the 12-week study
period, 25% (n = 12) of participants had a change in diabetes-related
medication; 8 had an additional anti-diabetic medication prescribed, 2
had their metformin formulation modified; 1 changed metformin dose;
and 1 changed to a sitagliptin-metformin combination.

• Comparison of data in the EHR to data loaded to the Stage database
• Comparison of the data in Stage database to the Study database
• Comparison of the Study database to the EDC (via review of both the
EDC UI PDFs by the sites, and data tables from the EDC system).
• Confirmation via MD5 hash algorithm of the match between the
extracted and loaded files
• Review of all log files for errors during the transactions and
transformations.

5.3. HbA1c changes
The most recent HbA1c result from 1 year prior to enrollment was
collected as the baseline, and all subsequent HbA1c results during their
12-week follow-up were collected.
At baseline, the mean (SD) and median (IQR) HbA1c of the 48 par
ticipants were 7.82% (1.26) and 7.40% (7.20–7.83), respectively, and
ranged from 6.9 to 12.7). During the 12-week participation period, 33
participants (67%) had ≥1 HbA1c test performed (there were no pro
tocol requirements for follow-up). For these 33 participants’ HbA1c, 21
decreased, 10 increased, and 2 were unchanged.

These comprehensive checks on the data confirmed that the data
extracted for the study was accurate, complete, and traceable to the
source data for all participants.
6. Discussion
This study was designed to test the ability to gather and extract all
baseline and required ambispective study data via eSource EHR and an
ePRO. We focused on a patient population who would receive clinically
indicated interventions in a real-world care setting by targeting “not
well controlled” T2DM participants being treated with metformin
monotherapy. We targeted this population in anticipation that their
routine care would result in healthcare visits, medication adjustments,
and repeat laboratory tests to improve the control of their diabetes.
Study planning and system development began in November 2019,
preceding the onset of the COVID-19 pandemic. When recruitment
began in June 2020, a protocol amendment was approved to allow
remote eConsent. During the 12-week follow-up, many routine health
care visits were delayed due to COVID-19 restrictions, decreasing inperson interactions with healthcare providers, and resulting in lowerthan-expected repeated HbA1c or medication adjustments. The study
planned to enroll 57 participants but was stopped at 48 to allow for
completion of the last participant’s follow-up in early 2021. Enrolling
participants into a study with no direct clinical benefit and performing
outreach and consent remotely in the time of COVID lockdown was
limiting. We believe that face-to-face interactions with the Principal
Investigator or the clinical teams would have yielded a higher enroll
ment rate.
Approximately half of the participants did not complete their followup SF-12 survey. This may have been due to a lack of participant
interaction and engagement with the site personnel (no scheduled visits,
all study procedures were conducted remotely), discomfort with elec
tronic procedures, lack of confidence in email reminders, lack of per
sonal benefit from study participation, coincidental timing of the lifting
of some COVID restrictions and return to work or calls from

5.4. Clinical encounters
For the 48 participants, one hundred thirty-three (133) healthcare
encounters were gathered from their EHR during the 12-week follow-up
including 100 outpatient visits, 16 minor procedure/test, 12 telehealth/
virtual visits, 3 urgent care, 1 hospitalization, and 1 major procedure/
surgery.
5.5. QoL changes
The objective for inclusion of the SF-12 survey was to demonstrate
the ability to merge an additional eSource to the database and load it to
the EDC. No significant changes in SF-12 were expected or observed in
the 28 participants who completed two SF-12’s.
5.6. Data cleaning
All EHR data processed were subjected to multiple automated quality
checks as the data moved through the system (Fig. 3), and each file was
manually reviewed for quality prior to loading to EDC. For the entire
study dataset of 10,118 data points were collected, and only 10 data
queries were generated over the 8 months of data collection; 1 auto
generated failure due to field length incompatibility, and 9 manual
queries were raised to the sites:
• 4 queries related to duplicate medication records
6
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their efficiency would be valuable [25]. Additionally, the expanding
availability of digital health data and federal initiatives promoting the
use of RWD [26] indicates this is the time to develop methods to extract
EHR data for trials.
The overarching goal of this proof-of-concept study was to demon
strate that Optum could process RWD and verify EHR eSource data as
fitting the requirements of Real-World Evidence (RWE) in a prospective
observational clinical investigation. As defined in the Draft FDA guid
ance, a study must “demonstrate that each data source contains the
detail and completeness needed to capture the study populations, ex
posures, key covariates, outcomes of interest, and other important pa
rameters (e.g., timing of exposure, timing of outcome) that are relevant
to the study question and design” [27]. Using EHR data from 3 disparate
EHR systems from 3 geographically distant HCOs, Optum has demon
strated that this process could be scaled to more sites for future trials
where EHR data are the appropriate source. Programmatically extract
ing EHR data eased the prescreening process by providing lists of po
tential participants, eased the site’s data entry and query management
burden, and made clinical trial data available to the sponsor within
24–48 hours of EHR entry. Gathering data and metadata from the source
significantly reduced data clarifications and queries as well as the need
for SDV.
The innovative processes deployed in this study have broad appli
cability for future clinical trials. Using EHR data to identify potentially
eligible participants will ease site screening efforts and increase the
ability of sites to report correct potential participant counts to study
sponsors, allowing sponsors to select viable sites. Using EHR and other
eSource data to populate eCRF fields can be performed for approxi
mately 80% of the required clinical data (dependent on the relevant data
to be collected), easing the site burden and query resolution effort
typical after manual transcription. The clinical trial processes that have
been in place for decades are ripe for disruption via the use of currently
available technology. We believe that the solutions and processes the
Optum DRN has developed can be successfully scaled to any number of
sites and EHR systems within the network. Programmatically identifying
potential participants and removing most data transcription re
quirements will have a significant impact on research performance as we
move forward to implement them for more complex studies.

unrecognized numbers due to the upcoming Presidential election.
The objective to perform an observational trial using the EHR to EDC
mapping was successful. The only data entry required by the site staff
was to confirm the participants’ eligibility and eConsent. Participant
identification for recruitment was eased by using the lists provided by
Optum, significantly reducing manual EHR searches to find potential
participants. Finally, verification of the eSource data at the end of the
study (by both Optum and the sites) confirmed the data extracted from
the EHR and loaded into the EDC was complete and accurate.
For any study destined to support a regulatory decision, sponsors
have an obligation to perform source data verification (SDV) to ensure
data in the EDC matches the data in the source. This process is time
consuming and costly and can account for ~25% of the budget for a
given trial [11]. Extracting the “source” data and the source meta-data
directly from EHR and loading it to an EDC system reduces the need
for SDV, eliminates the need for transcription and manual data entry,
and significantly reduced the number of data queries generated.
6.1. Quantity and quality of EHR data extracted
For the 48 participants enrolled, a significant number of historical
records of active medications and diagnoses were extracted (Table 1).
Had this study required manual entry, the effort would have been sig
nificant, and site staff may have determined that some data was not
important and omitted entry. We believe that the ease of pulling com
plete history via our methods allowed a more thorough view into a
participant’s history and could provide significant insights in some trial
situations. Regarding the reduction of data queries, using a literature
comparison, a study with 10,000 data points via manual data entry
could have resulted in over 300 data queries [12], compared to the 10
queries generated for the study in question.
Our study resulted in significantly decreased work for all site staff
and faster access to quality data in the EDC for a sponsor. All study
procedures were conducted remotely including eligibility confirmation,
eConsent and ePRO by the participants, available in near real time. Also,
direct extraction of RWD occurred during regularly scheduled health
care interactions supporting the goal of “research as a care option” and
data copied from EHR through the Optum system to EDC was generally
complete in 24–48 hours.
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challenges; 3) medication adjustments that occurred within the 12-week
follow-up did not permit subsequent HbA1c results to be obtained before
the study end, therefore, corresponding changes in HbA1c were not
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7. Conclusions
Clinical trials are critical to the progress of medical science; however,
management and execution of these trials pose significant challenges
[13–15]. The task of identifying, screening and consenting participants
for trials is labor-intensive. Advancements in eligibility identification
are being developed [16–24], however, manual transcription of data
from one system to another remains an obstacle. Clinical trials are the
most expensive component of drug development, and improvements in
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