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Abstract

Background To advance new therapies into clinical care, clinical trials must recruit enough participants. Yet, many
trials fail to do so, leading to delays, early trial termination, and wasted resources. Under-enrolling trials make it impos-
sible to draw conclusions about the efficacy of new therapies. An oft-cited reason for insufficient enrollment is lack of
study team and provider awareness about patient eligibility. Automating clinical trial eligibility surveillance and study
team and provider notification could offer a solution.

Methods To address this need for an automated solution, we conducted an observational pilot study of our TAES
(TriAl Eligibility Surveillance) system. We tested the hypothesis that an automated system based on natural lan-

guage processing and machine learning algorithms could detect patients eligible for specific clinical trials by linking
the information extracted from trial descriptions to the corresponding clinical information in the electronic health
record (EHR). To evaluate the TAES information extraction and matching prototype (i.e., TAES prototype), we selected
five open cardiovascular and cancer trials at the Medical University of South Carolina and created a new reference
standard of 21,974 clinical text notes from a random selection of 400 patients (including at least 100 enrolled in the
selected trials), with a small subset of 20 notes annotated in detail. We also developed a simple web interface for a
new database that stores all trial eligibility criteria, corresponding clinical information, and trial-patient match charac-
teristics using the Observational Medical Outcomes Partnership (OMOP) common data model. Finally, we investigated
options for integrating an automated clinical trial eligibility system into the EHR and for notifying health care providers
promptly of potential patient eligibility without interrupting their clinical workflow.

Results Although the rapidly implemented TAES prototype achieved only moderate accuracy (recall up to 0.778; pre-
cision up to 1.000), it enabled us to assess options for integrating an automated system successfully into the clinical
workflow at a healthcare system.

Conclusions Once optimized, the TAES system could exponentially enhance identification of patients potentially eli-
gible for clinical trials, while simultaneously decreasing the burden on research teams of manual EHR review. Through
timely notifications, it could also raise physician awareness of patient eligibility for clinical trials.
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Background

Insufficient patient enrollment in clinical trials remains
a serious and costly problem and is often considered the
most critical barrier to their timely execution [1]. Tri-
als that fail to meet patient recruitment goals can cause
delays, lead to early trial termination, or make it impos-
sible to draw conclusions at trial completion due to insuf-
ficient statistical power. In a study of accrual patterns
in four U.S. cancer treatment centers, Dilts and Sandler
observed that almost 60% of trials opened for five years
had fewer than five patients enrolled at each site, and in
more than 20% of studies, not a single participant had
been accrued [2]. These low- or zero-enrolling trials
waste investigators’ time, jeopardize research funding,
and expose patients to risks inherent in each study with-
out offering scientific insight.

Despite the urgent need for increased recruitment,
most patients are never offered an opportunity to enroll
in clinical trials. In a recent systematic review of 9,675
published studies, 13 of which met inclusion criteria, only
an average of 8% of patients were enrolled, while an addi-
tional 70% were eligible but not offered a trial for various
reasons [3]. Particularly low enrollment levels have been
reported for oncology patients (<5%) and patients diag-
nosed with COVID-19 (4%) [4—6]. Data show insufficient
enrollment is biased towards women, African Americans
and Native Americans, who are under-represented in
new treatment trials, even those aimed at diseases that
disproportionately affect them [7, 8].

This failure to approach patients about clinical trials is
all the more unfortunate because most patients and pro-
viders are in favor of trial participation. Surveyed provid-
ers strongly agree (86.1%) or somewhat agree (9.7%) that
clinical trials provide high-quality care and agree (88.7%)
that trials benefit enrolled patients [9]. Other survey data
show that 94% of patients have expressed willingness to
participate in clinical trials, [10] especially when trials are
recommended by a healthcare provider. Unfortunately,
lack of provider awareness of their patients’ eligibility for
clinical trials is an oft-cited reason for low enrollment
[11].

Tapping into the data stored in electronic health
records (EHRs) could help to address this problem.
A recent survey of Clinical and Translational Science
Awards (CTSA) consortium members confirmed inter-
est in using EHR data to support trial recruitment [12].
Using the EHR or registries to identify eligible patients
and then alerting providers or trial staff of their eligibility

was cited as the most effective solution for raising aware-
ness and increasing enrollment in another recent survey
of trial stakeholders, including sponsors, investigators,
study coordinators and patient advocacy groups [13].
Any such solution would need to integrate seamlessly
into providers’ workflow and not add to their digital
burden.

Automating clinical trial eligibility screening

Screening patients manually is typically a cumbersome
and lengthy process, with screening times ranging from
about 10 min per trial per patient for criteria with mini-
mal complexity to more than two hours for highly com-
plex sets of criteria [14]. The time required for a chart
review has only increased with the exponential growth
in patient information made available by the advent of
EHRs. A variety of automated approaches have been pro-
posed to alleviate the burden of manual eligibility screen-
ing on research teams. Initially, most of the automated
solutions were based on structured and coded informa-
tion from the HER [15, 16], pager notifications, [17, 18]
alerts and clinical decision-support system integration,
[19] and advertising (e.g., using Facebook) [20]. These
efforts relied on manual definitions of the eligibility cri-
teria, resulting in an incomplete automated solution that
could not be easily scaled. Another limitation of these
systems was their reliance exclusively on structured data,
when most of the information about clinical trial eligi-
bility in protocols (e.g., Clinicaltrials.gov) and the cor-
responding patient clinical information in the EHR are
found in unstructured narrative text. For example, in a
recent experiment focused on breast cancer trials, 96%
of information on eligibility criteria was mentioned only
in narrative text [21]. To unlock the data in the narrative
text of protocols and electronic patient records, some
have proposed automated solutions using natural lan-
guage processing (NLP), which can “read” unstructured,
narrative text and transform it into structured data.

A short history of NLP used for screening trial eligibility

Several experiments have applied NLP and other infor-
mation extraction methods to collect eligibility criteria
automatically from narrative text. These experiments
focused either on trial protocols or on clinical notes. For
the former, NLP was applied to extract generic query
patterns representative of eligibility criteria [22]. Tian
et al. compared several deep neural network models to
extract mentions of 11-15 categories of eligibility criteria
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[23]. Weng et al. developed the EliXR system to extract
eligibility criteria from ClinicalTrials.gov trial protocols
[24] and then modified it to export the extracted crite-
ria in the Observational Medical Outcomes Partnership
(OMOP) common data model (CDM) format (ElIE sys-
tem [25]) to make it accessible through a web applica-
tion (Criteria2Query [26—-28]). Beck and colleagues used
IBM® Watson for Clinical Trial Matching (WCTM) to
extract eligibility criteria from four breast cancer trial
protocols and help to enroll patients after manual verifi-
cation [29]. Helgeson et al. also used it for four breast and
three lung cancer trials [30].

The first system to retrieve trial eligibility-relevant
information automatically from clinical notes in the
EHR used simple pattern matching to extract informa-
tion from surgical pathology reports [31]. At the 2011
and 2012 Text Retrieval Conferences (TREC), teams of
researchers competed to identify clinical notes match-
ing simple eligibility criteria (e.g., “Elderly patients with
subdural hematoma”) [32]. More recent efforts focused
on children visiting the emergency department [33] or
potentially eligible for a selection of cancer trials [34].
These efforts eventually resulted in the integration of the
Automated Clinical Trial Eligibility Screener system into
the clinical research coordinators’ workflow in the emer-
gency department [35]. The National NLP Clinical Chal-
lenges (n2c2) provided another opportunity for teams of
researchers to compete to automate clinical trial cohort
selection by requiring them to identify sets of clinical
notes matching any of 13 eligibility criteria [36].

The trial eligibility surveillance system

We hypothesize that a more complete automated solu-
tion would provide end-to-end integration between the
recognition of eligibility criteria in trial protocols and
eligibility information found in patient EHR records
using NLP and other applications of machine learning
algorithms. It would also provide accurate and adaptable
matching between the two sets of information by adopt-
ing a common data model for both.

In 2018-2019, the Medical University of South Caro-
lina (MUSC) and Hollings Cancer Center (Charleston,
SC) piloted a breast cancer trial enrollment support sys-
tem developed by Meystre and colleagues known as The
TriAL Eligibility Surveillance (TAES, pronounced “ties”)
system [21, 37]. TAES uses NLP and other machine learn-
ing algorithms to extract patient information from EHR
clinical notes and structured sources and compare it with
eligibility criteria extracted from trial protocols. Here, we
enhanced TAES to be more relevant to a broader range
of clinical trials and piloted the TAES information extrac-
tion and matching prototype (i.e., TAES prototype) in
five open cardiovascular and cancer trials to test whether
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an automated process based on NLP and machine learn-
ing algorithms could detect patients eligible for specific
clinical trials by linking the information extracted from
trial descriptions to the corresponding clinical informa-
tion in the EHR. We also developed a simple web appli-
cation to interact with a new database storing all trial
eligibility criteria, corresponding clinical information
and trial-patient match characteristics using the OMOP
CDM. Finally, we investigated options for integrating
TAES into the EHR and for automating prompt notifica-
tion of health care providers of potential patient eligibil-
ity without interrupting their clinical workflow.

Methods

Three objectives guided the design of the pilot study of
the TAES prototype. First, we aimed to implement an
automated trial eligibility surveillance system that would
extract and normalize clinical information from struc-
tured and unstructured EHR content and match it with
normalized eligibility criteria from clinical trial pro-
tocols. Second, we wanted to develop a user interface
for researchers to access the trial-matching database,
select clinical trials, review the extracted eligibility cri-
teria, define patient populations, and examine matching
patient records along with the available evidence used to
determine possible eligibility automatically. Finally, we
wanted to assess options for connecting the trial eligibil-
ity surveillance system with a commercial EHR system
for provider (and patient) notification.

Automated trial eligibility surveillance system

As depicted in the top section of Fig. 1, the TAES pro-
totype detects potentially eligible patients by acquiring
trial eligibility criteria from protocols, extracting clini-
cal information from the EHR, and identifying matches
between the two sets of information.

For abstraction of trial eligibility criteria, we selected
five cardiovascular and cancer trials open for enroll-
ment at MUSC with at least ten enrolled participants.
All eligibility criteria, regardless of their likelihood to be
extracted by an NLP system (as discussed in "Study limi-
tations" below), were then retrieved from study protocols
(or other sources) and manually abstracted using an elec-
tronic tool that enables domain experts to represent eli-
gibility criteria in a structured and coded form (ATLAS
open-source software tool, available from the Observa-
tional Health Data Sciences and Informatics (OHDSI)
consortium [38]. We use the OMOP CDM with a selec-
tion of standard terminologies for representing these cri-
teria, as this is a well-established model.

Clinical information stored in MUSC’s EHR is cur-
rently exported in real time or daily to an institutional
clinical data warehouse. The TAES prototype extracts
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Fig. 1 Trial Eligibility Surveillance (TAES) system overview. DW = data warehouse; NLP = natural language processing

clinical information corresponding to eligibility criteria
from EHR notes and represents this information with
the same CDM and terminologies as the eligibility cri-
teria in the trial-matching database. Extracted concepts
can be grouped into six categories: conditions or dis-
eases, investigations, medications, procedures, devices,
and demographics. The “conditions and medications”
extraction was enriched with six binary contextual attrib-
utes, which indicated if the extracted information was
negated, uncertain, conditional, generic, historical, or not
about the patient. Since a majority of the clinical infor-
mation is recorded in narrative text only, we also used
NLP to extract structured and coded information. We
used DECOVRI (Data Extraction for COVID-19-Related
Information) as the NLP tool for information extrac-
tion, a locally-developed and freely available open-source
NLP tool built on Apache UIMA [39, 40]. DECOVRI
was originally developed to extract COVID-19 related
information, but it’s modules for extracting medications,
demographics, and contextual attributes were considered
sufficient for this task (i.e., good accuracy was measured
with similar information extracted from clinical text
notes in previous evaluations of DECOVRI, with gen-
der and age extracted with 100% recall and medication
attributes extracted with 68—98% recall). To adapt it to
this new task, we added custom lexicons for conditions,
procedures, investigations, and devices. These lexicons
were generated with lex_gen, a freely available open-
source tool that uses the UMLS Metathesaurus relations
to create rich lexicons from a seed set of concepts [41].

Eligibility information is stored in the trial-matching
database, along with all supporting data, for subse-
quent access. In this pilot study, we used the rule-based
approach we experimented with earlier to assess trial
eligibility [21]. This approach uses rules implemented as
database queries exported from ATLAS and then applied
in a database management tool. We first evaluated the
available structured coded information relevant to trial
eligibility criteria as a baseline. We then evaluated how
the inclusion of information extracted by our NLP system
improved or honed the review process for finding likely
eligible patients. The queries were used to determine how
many individual eligibility criteria a patient met for a
given trial out of all possible criteria. The maximum score
(e.g., 12 if there were 12 criteria) means all criteria are
met, while a score of zero means no criteria are met.

Domain experts, including medical residents and
advanced medical students with clinical documentation
experience, built a reference standard based on the five
selected trials to measure the accuracy of the automated
patient eligibility assessment. We used historical enroll-
ment decisions for a stratified random selection of 400
patients (including at least 100 enrolled in the selected
trials) in the reference standard. The domain experts
reviewed the EHR records of the selected patients and
annotated information matching eligibility criteria using
a secure web-based annotation tool (INCEpTION [42]).
To guide their annotations, experts were provided with
an annotation schema that matched the six general
extraction categories described above. Annotators were
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also asked to flag any medication indicated as an allergen
and annotate non-medication allergen mentions. For the
detailed evaluation of the information extraction process,
a random selection of 20 text notes from the aforemen-
tioned dataset was annotated in detail (i.e., all corre-
sponding text spans and local context information). We
then compared this reference standard with the extracted
clinical information and the automatic eligibility classi-
fication to measure sensitivity, positive predictive value,
and the area under the ROC curve (AUC).

Trial-matching database and web application

The trial-matching database includes eligibility criteria,
potentially eligible patients, and the patient information
that matched eligibility criteria. The database is mostly
based on the OMOP CDM, with the addition of custom
tables dedicated to trial-patient matching information.
Figure. 2 provides an overview of the database architec-
ture, with links to the pre-defined tables in the OMOP
CDM. The TRIAL table contains metadata (e.g., the
name of the study’s principal investigator) that does not
fit into the OMOP CDM’s COHORT table. The CRITE-
RION table includes executable definitions for each eli-
gibility criterion defined in a trial. For this pilot study, we
embedded the database query code to extract all patients
matching a specific criterion as the executable defini-
tion. The query result provides the rows of evidence to be
added to the MATCH_EVIDENCE table. All individual
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instances of evidence for a patient, criterion, and trial
triplet are aggregated into a single summary score in the
MATCH_CRITERION table. Likewise, all individual cri-
terion scores for a patient and trial pair are aggregated
into a single summary score in the MATCH table. These
scores help filter matches so that study teams can focus
on the most promising ones.

A user-friendly web application provides access to trial-
patient matching information, clinical trial search and
selection, potentially eligible patients for further screen-
ing, and a visualization of matching patient records along
with the available evidence used to a determine possible
eligibility automatically (e.g., diagnostic or treatment
code or information highlighted in the text note from
which it was extracted). The web application was devel-
oped using the flexible Ruby on Rails platform with a
Bootstrap [43] front end to simplify the user experience
while providing a robust, elegant platform on which to
build. The web application was designed to enable users
to search, identify, and flag potentially eligible patients
quickly. The selected matches could then be easily
exported for further eligibility screening.

The OHDSI WebAPI enables interactions with the
OMOP CDM database of extracted patient and trial
information [44]. The OHDSI ATLAS platform provides
access to the OMOP CDM database for detailed data
exploration and population analysis, terminology brows-
ing, cohort definition, and other database queries.

S —
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PK [ match_criterion_id

CRITERION table MATCH_EVIDENCE table
L PK |criterion_id PK |evidence_id CONCEPT table
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Fig. 2 Trial Eligibility Surveillance (TAES) database schema
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Exploration of options for connecting to commercial EHR
systems

For this pilot study, members of the MUSC biomedical
informatics and information systems teams considered
a variety of options for integrating information from the
TAES trial-matching database into the Epic EHR used at
MUSC. They also considered options for communicat-
ing matches to healthcare providers (i.e., clinical work-
flow integration). Options were identified from electronic
documentation and summarized into strategies and sub-
sequent procedures. The potential strengths and weak-
nesses of each option were analyzed. Findings were then
presented and discussed with an ad hoc trial eligibility
notification stakeholders’ group that was created to guide
integration efforts. The overarching aim was to explore
possible options to integrate TAES with a commercial
EHR system to then make providers aware of patient trial
eligibility as early as possible during a clinical encounter,
using documentation tools familiar to physicians so as
not to disrupt workflow. In the future, patients interested
in such notifications could also enroll through the EHR
patient portal (e.g., MyChart for the Epic EHR system).

Results

Automated trial eligibility surveillance system

A variety of cardiovascular and oncology trials were
selected for the pilot study (Table 1). The eligibility crite-
ria for the selected studies were manually abstracted and
included between 2 and 12 concepts (e.g., arrhythmo-
genic right ventricular cardiomyopathy [SNOMED CT
concept 281170005]), with 7 to 29 rules (e.g., include chil-
dren of the selected concept, age > 18 years, exclude all
instances of a specific concept, concept A must happen
before concept B) for each study. They were all exported
from the ATLAS tool in JSON format for use in the TAES
system.

The rapid development of the TAES prototype using
DECOVRI required creation of four custom lexi-
cons: diseases/conditions, investigations (other than
laboratory test results), procedures, and devices. The
“medication extraction and laboratory test result”

Table 1 Clinical trials included in the study
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components (listed with investigations) were reused
from earlier research [39, 45] without adaptation.

The reference standard built from the stratified ran-
dom selection of 400 patients includes 21,974 clinical
notes of various type and size (average of 423 words,
with a minimum of 1 word and a maximum of 9,490
words). The small subset of 20 notes annotated in detail
includes 1,047 concept annotations with local con-
text attributes (details in Table 2). Compared with this
small subset of annotated notes, the performance of the
TAES prototype was moderate, with a measured micro-
averaged recall of 0.514 (0-0.624) and a micro-averaged
precision of 0.624 (0—1.000; Table 2). Performance was
mostly moderate and varied largely with recall between
0 and 0.778, and precision was between 0 and 1.000
(Table 2).

In this pilot study, we only evaluated the trial-
patient match accuracy for one of the selected clini-
cal trials: the narrowband type B ultraviolet (NBUVB)
phototherapy study listed in Table 1. We had 6,297
clinical notes associated with 9 patients who were
known to be eligible and an additional 159,627 notes
associated with 301 patients with unknown eligibility.
All of the 310 patients had a coded diagnosis of graft-
vs-host disease (GVHD), and none had structured
coded procedure codes for NBUVB therapy. We then
wrote SQL queries against the OMOP CDM NOTE _
NLP table in the trial-matching database (where
extracted data was stored by the NLP system) to iden-
tify patients with affirmed and negated mentions of
a GVHD diagnosis and NBUVB therapy exposure.
The NLP system successfully extracted evidence
from the notes for GVHD and NBUVB from all 9 of
the 9 patients known to be eligible. Of the remaining
301 patients of unknown eligibility, the NLP system
extracted evidence for a GVHD diagnosis in only 294
(97.7%) of the patients, indicating that even though
all patients had coded diagnoses, the diagnosis may
not always be indicated in the unstructured text note.
Further, 30 of the patients (10.0%) had evidence for
NBUVB therapy.

Trial title ClinicalTrials.gov ID
FLExAbility Sensor Enabled Substrate Targeted Ablation for the Reduction of VT Study (LESS-VT) NCT03490201
Dapagliflozin Evaluation to Improve the LIVEs of Patients With PReserved Ejection Fraction Heart Failure (DELIVER) NCT03619213

Study of Chitosan for Pharmacologic Manipulation of AGE (Advanced Glycation End products) Levels in Prostate Cancer Patients  NCT03712371
Durvalumab With Radiotherapy for Adjuvant Treatment of Intermediate Risk SCCHN NCT03529422
Efficacy of narrow band UVB phototherapy for cutaneous graft-versus-host disease in allogenic hematopoietic stem cell trans- N/A

plant recipients
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Table 2 Accuracy of information extraction
Annotations in True positive False positive False negative Recall Precision F,-measure
the reference
Disease/Condition 270 136 207 134 0.504 0.397 0.444
Investigation name 194 108 72 86 0.557 0.600 0.578
Investigation result value 167 70 6 97 0419 0.921 0576
Medication 200 191 36 99 0.659 0.841 0.739
Procedure 75 3 0 72 0.040 1.000 0.077
Age 22 16 0 0.727 1.000 0.842
Gender 18 14 3 0.778 0.824 0.800
Device 10 0 0 10 0.000 0.000 0.000
Micro-average 0.514 0.624 0.564
Macro-average 0.409 0.798 0.579

Trial-matching database and web application

The simple web application developed to interact with
the trial-patient matching database provides a number
of important functionalities. It can search for a clinical
trial using the trial identifier or the name of the trial or
principal investigator, display details on the selected trial
for verification, and list all patients matching the selected
trial criteria using an anonymous identifier and an over-
all match score (Fig. 3). It also enables study teams to
identify the match between eligibility criteria and patient
information and provides them with de-identified evi-
dence on the basis of which they can select or exclude
patients listed as potentially eligible (Fig. 3). Finally, with
proper authorization, it can export a list of potentially
eligible patients for subsequent re-identification and
recruitment. The TAES web application can be accessed
using the MUSC single sign-on infrastructure (based on
Shibboleth).

Exploration of options for connecting to commercial EHR
systems

We considered a variety of options for the technical and
workflow integration of the TAES system. For techni-
cal integration, options included SmartData Elements,
the creation of a study record in the EHR, Best Practice
Advisory (BPA) web services [46], and a new integrated
web application. SmartData Elements would require the
use of private Epic tools, such as Clarity® Datalink or Pri-
vate Epic application programming interfaces (APIs), to
update the TAES system or create match records acces-
sible in the Epic EHR. Creating a specific study record in
the Epic EHR would allow linking with the Epic MyChart
patient portal using open-source standards such as CDS-
Hooks or SMART on FHIR. A call from the EHR system
could be triggered automatically upon a defined workflow
action (e.g., patient visit started, an order placed) or on-
demand with a clickable button [47]. The integrated web

application would offer the most opportunity for custom-
ization and could be accessed using a configured button
or link in the Epic EHR. The TAES application interface
would then launch in a designated frame or window. For
clinical workflow integration, we considered BPAs trig-
gered by actions (e.g., click, order), print groups, sum-
mary reports listing patients with select information (e.g.,
trial eligibility) to be shared at the beginning of a consult
section, MyChart notification of patients, and the launch
of a custom application (as above).

Stakeholders were invited to provide input on the loca-
tion and display of information and links in the user
interface. For example, they could state their prefer-
ences as to where matches would be displayed and in
what format. Options for context-specific display loca-
tions included “in a patient’s chart,” “during an encoun-
ter;” and “for the logged-in provider” Potential locations
for a general button linking to the TAES application
interface included top-level and sidebar menus. Alterna-
tively, reports of matches could be run in the EHR system
as needed, using built-in reporting tools. When these
options were discussed with members of the trial eligi-
bility notification stakeholders’ group, most agreed that
providers would not like alerts or interruptions for trial
eligibility. They thought that solutions that do not inter-
rupt the ongoing workflow, such as "soft" BPAs (only
listed on the user interface side), would be more appro-
priate. Principal investigators and study coordinators
would be motivated to review and filter these alerts, for-
warding them to relevant providers only (e.g., selected by
specialty or role). Since the adoption of a default opt-in
approach at MUSC in 2021, provider authorization has
not been required before contacting patients about trial
recruitment.

Any integration approach will require at least some
configuration of the EHR system. Details on how to
implement the options described above in Epic are
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The Trial Eligibility Surveillance system (TAES) automatically searches for patients
potentially eligible for a clinical trial. It uses artificial intelligence algorithms to extract
information from patient EHR records and compare them with trial eligibility
information. The emphasis is on high sensitivity rather than high positive predictive

value.

Fig. 3 Web application for accessing the Trial Eligibility Surveillance (TAES) matching database

available to organizations using the Epic EHR via the ref-
erenced documentation on the Epic UserWeb or through
the Epic Technical Services representative.

Discussion

We implemented a simple version of the TAES system
using mainly existing resources. This pilot study of the
TAES prototype showed that NLP can be used to col-
lect relevant trial eligibility data locked in the narrative
text of trial protocols (i.e., eligibility criteria) and the
EHR (i.e., corresponding patient information) with mod-
erate accuracy, offering an end-to-end solution. Both
sets of data were then transformed into OMOP-CDM
format for automated matching and stored in a match-
ing database for researchers to access via a simple Web
application. The OMOP-CDM was chosen for its grow-
ing popularity, especially among academic healthcare
institutions, and for the availability of tools easing the

capture, storage, querying, and analysis of data using this
format. As prominent example of this popularity, the
National COVID Cohort Collaborative (N3C [48]), uses
the OMOP-CDM as its core data model, with mappings
to other popular data models such as PCORnet.

The pilot study also successfully assessed options for
integrating an automated clinical trial eligibility surveil-
lance system into the EHR and the clinical workflow.
It found that providers preferred “soft” BPA notifica-
tions (listed only on the user interface side) that allowed
researchers to screen potential matches before contact-
ing providers.

Performance and errors analysis

The results of the pilot study point to the need for
improvements in NLP-based information extraction.
For “diseases/conditions,” both recall and precision were
insufficient. A new lexicon will be needed to ensure more
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selective coverage of all concepts included in trial eligi-
bility criteria, and this includes concepts with hierarchi-
cal relations in the UMLS Metathesaurus (e.g., C0018133
“Graft-vs-Host Disease” parent of C1610605 “Graft ver-
sus host disease in skin”). For “investigation names,” the
existing lexicon will be expanded to include missing con-
tent. The “laboratory test names and results extraction”
component was reused without adaptation, but several
concepts were missed. Re-training of these deep neural
network-based components will be needed. For “medi-
cations extraction,” precision was satisfying but recall
was insufficient. Several medications were missed, and
the “medication extraction” component that was reused
without adaptation will also need to be retrained. For
“procedures and devices,” a clear lack of coverage of the
lexicon was observed (recall: 0.04 and 0.00, respectively).

While these lexicons correctly reflected the devices rel-
evant to the specific trial eligibility criteria, the variety of
other devices discussed in a patient’s note was not well
covered. In other words, these initial generated lexicons
were overly specific to the task at hand and would need
to be generalized or broadened in future work.

When evaluating the trial-patient match accuracy, we
used existing coded information as a reference result-
ing in 100% sensitivity for the GVHD diagnosis among
enrolled patients, and 97.7% sensitivity among patients
with unknown eligibility. These findings indicate that the
diagnosis was not always mentioned in the unstructured
text note, an expected outcome considering the variety of
clinical notes we included. For NBUVB therapy informa-
tion, we extracted this information from clinical notes
of 10% of the patients without this coded procedure and
interpret this performance as a benefit rather than a fail-
ure of TAES. Namely, without application of the NLP
system, a manual chart review of all 301 patients’ notes
would be required to find the eligible subset. With the
application of the NLP system, we have a subset of 30
patients with a strong likelihood of being eligible and a
second subset of 271 patients with a lesser likelihood.

Study limitations

This pilot study has several limitations to consider. First,
only a small subset of our large 21,974 clinical notes
dataset was used for patient eligibility assessment and
extraction of information from clinical text. That small
sample size permitted an assessment of the capabilities
of the TAES prototype and its integration but limited
our ability to demonstrate the higher potential accuracy
machine learning could offer and caused limited infor-
mation extraction accuracy for rare information types.
Second, only a subset of the eligibility criteria listed for
each trial was selected for matching with EHR data. This
partial selection was based on the criteria considered
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most important by the domain experts, on the availability
of the data in the EHR, or the criteria allowing for high
sensitivity rather than high precision when searching for
potentially eligible patients.

Conclusion

Once fine-tuned, our proposed NLP-based automated
clinical trial eligibility surveillance system could expo-
nentially enhance identification of patients potentially
eligible for clinical trials. It could do so while reducing
the burden of manual EHR review on study teams. It
could also raise provider awareness of patient eligibility
and increase the ease and efficiency of their involvement
in patient notification and recruitment.
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