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ABSTRACT

Objective: We conducted a systematic review to assess the effect of natural language processing (NLP) systems
in improving the accuracy and efficiency of eligibility prescreening during the clinical research recruitment pro-
cess.

Materials and Methods: Guided by the Preferred Reporting Iltems for Systematic Reviews and Meta-Analyses
(PRISMA) standards of quality for reporting systematic reviews, a protocol for study eligibility was developed a
priori and registered in the PROSPERO database. Using predetermined inclusion criteria, studies published
from database inception through February 2021 were identified from 5 databases. The Joanna Briggs Institute
Critical Appraisal Checklist for Quasi-experimental Studies was adapted to determine the study quality and the
risk of bias of the included articles.

Results: Eleven studies representing 8 unique NLP systems met the inclusion criteria. These studies demon-
strated moderate study quality and exhibited heterogeneity in the study design, setting, and intervention type.
All 11 studies evaluated the NLP system’s performance for identifying eligible participants; 7 studies evaluated
the system’s impact on time efficiency; 4 studies evaluated the system’s impact on workload; and 2 studies
evaluated the system’s impact on recruitment.

Discussion: NLP systems in clinical research eligibility prescreening are an understudied but promising field
that requires further research to assess its impact on real-world adoption. Future studies should be centered on
continuing to develop and evaluate relevant NLP systems to improve enrollment into clinical studies.
Conclusion: Understanding the role of NLP systems in improving eligibility prescreening is critical to the ad-
vancement of clinical research recruitment.

Key words: natural language processing, clinical trial matching, clinical research, eligibility prescreening, cohort identification

INTRODUCTION bottleneck in clinical research recruitment is eligibility prescreen-
Clinical research is crucial for knowledge generation and the devel- ing—a costly, time-consuming, and inefficient process where the
opment of empirical evidence to improve health outcomes.! How- clinical research staff manually reviews the patients’ medical history
ever, clinical research requires robust effort to ensure the enrollment for demographics and clinical conditions, collating and matching
of adequate numbers of study participants needed to reach the the information, and identifying candidates based on the protocol’s
study’s statistical power to ensure significant findings.>™ A major eligibility criteria.® The goal of eligibility prescreening is to identify
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all eligible participants and minimize the risk of misclassifying an el-
igible participant as ineligible.® Hence, there is a growing effort to
advance the automation of eligibility prescreening in clinical re-
search by developing tools to extract structured (eg, demographics,
medication list) and unstructured data (eg, narrative clinical notes,
imaging results) from the electronic health record (EHR) to identify
eligible patients.””** However, the inability to extract relevant infor-
mation from unstructured data poses a significant limitation to
accurately identify eligible patients for clinical research studies.®
One way to automate this process is through natural language
processing (NLP), which is a subfield of artificial intelligence that ena-
bles the computer “to parse, segment, extract, or analyze text data”
using a collection of processing algorithms based on statistics, syntac-
tic, and/or semantic rules.'”'® In clinical settings, NLP systems lever-
age the information available in the EHR to provide data for
specialized applications (eg, clinical decision support systems).'” In
clinical research eligibility prescreening, an NLP system can extract
relevant information from structured and unstructured data types es-
sential to determine whether the patient is potentially eligible to partic-
ipate in a research protocol.”” The use of NLP to identify eligible
patients can prompt investigators when trials are available for
patients.>! Despite the potential for NLP systems to enhance the eligi-
bility prescreening process, these approaches are usually experimental,
and their efficacy in clinical practice remains inconclusive.'®*>?* The
existing evidence on the effect of informatics-driven tools such as NLP
systems on clinical research recruitment is focused on computer-aided
eligibility prescreening and recruitment systems rather than specifically
looking at NLP systems.>*** It is unclear whether NLP systems in clin-
ical settings improve the recruitment process, as measured through
accuracy and efficiency in identifying and enrolling eligible patients.®

Objective

The purpose of this study is to systematically review the literature on the
use of NLP systems for eligibility prescreening in clinical research and its
impact on the recruitment process. We will report the following aspects
of the included studies: (1) study purpose and characteristics, (2) patient
cohort and disease domain of the research protocols for eligibility prescre-
ening, (3) NLP system task and evaluation, and (4) effect of NLP system
on clinical research recruitment process outcomes (ie, accuracy in eligibil-
ity determination, workload efficiency, and impact on recruitment).

MATERIALS AND MIETHODS

Guided by the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) standards of quality for reporting sys-
tematic reviews,”® a protocol for study eligibility was developed a
priori and registered in the PROSPERO database of systematic
reviews  (https://www.crd.york.ac.uk/PROSPERO/display_record.
php?RecordID=215071; registration number: CRD42020215071).

Search strategy

We searched 5 databases (PubMed, Embase, Cumulative Index of
Nursing and Allied Health Literature [CINAHLY], Institute of Elec-
trical and Electronics Engineers [IEEE] Xplore and Association for
Computing Machinery [ACM]) to identify studies where an NLP
system was used for clinical research eligibility prescreening. The
search strategy®” is detailed in Supplementary Materials Tables S1
and S2. We included the term “text mining” to broadly capture sys-
tems that extract information from free or unstructured clinical
text.”® The search included studies from database inception through

February 2021. We broadly defined eligibility prescreening as the
process of determining a potential participant’s eligibility to partici-
pate in clinical research based on the information in the medical
records.®”'®?? Inclusion criteria were: (1) quantitative study
designs evaluating an NLP system for eligibility prescreening for any
disease-specific clinical research (eg, drug trials, observational stud-
ies) that includes human participants, (2) eligibility prescreening
conducted in an electronic clinical data source (eg, EHR, registry),
(3) studies with objective outcomes and measures on the perfor-
mance of the NLP system, (4) studies comparing the NLP system
with a non-NLP approach in eligibility prescreening (ie, studies com-
paring an NLP system to another NLP system or algorithm were ex-
cluded), and (5) full-text article is available. There were no
restrictions on searches by publication date, but only English lan-
guage or those translated to the English language were included. We
excluded studies that: (1) evaluated NLP systems intended to iden-
tify eligible participants for purposes other than research (eg, clinical
procedure), (2) evaluated NLP systems used for different aspects of
clinical research other than eligibility prescreening (eg, data collec-
tion, analysis), (3) evaluated an algorithm instead of a system be-
cause, though NLP is an algorithm, a system is required for a user to
carry out the NLP tasks in a real-world setting,3 0 (4) do not involve
patient data to evaluate the NLP system, and (5) involved patient
simulations.

Screening, abstraction, appraisal, and analysis

The references of all eligible studies were imported into EndNote
X9 (Clarivate Analytics, Philadelphia, PA, USA) and then dedupli-
cated using the Bramer method.*! Two reviewers (BI and CD) inde-
pendently screened all articles by title and abstract using Covidence
(https://www.covidence.org); the reason for exclusion was docu-
mented. With discussion to provide consensus, the same reviewers
independently assessed all potentially relevant articles in the full-
text review to comprehensively determine eligibility for inclusion
and searched the reference lists; relevant articles were included for
full-text review. The third reviewer (RS) helped resolve any discrep-
ancies. The data collection form>* was piloted by BI and CD and
used to manually extract the variables of interest for data synthesis
from each included article. These included authors, year of publica-
tion, study geographic location, study aim and design, funding
source, clinical research study type and disease focus, size and source
of the dataset, NLP system characteristics (ie, NLP tasks, terminolo-
gies, or ontologies used), comparator, outcomes, and results. The
Joanna Briggs Institute Critical Appraisal Checklist for Quasi-
experimental Studies®® were adapted to assess the study quality and
the risk of bias of the included articles; a question regarding the
authors’ conflict of interest was added. Studies earned 1 point for
each component that was met; the overall score indicated the quality
of the study as low (1-4), moderate (5-7), and high (8-10).>* All
studies were described qualitatively. The outcomes of interest (ie, ac-
curacy in eligibility determination, workload efficiency, and impact
on recruitment) were described and synthesized by its effect on the
clinical research recruitment process.'

RESULTS

Search results

Among the 1585 articles the initial literature search yielded, 1198
studies were included for the title and abstract screening after dedu-
plication. Seventy-six articles were included for full-text review; 2
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additional studies were added through manual search. Eleven stud-
ies were eligible and were included for data extraction and quality
assessment. The reasons for excluding 67 studies are listed in Fig-
ure 1. Three studies were excluded due to wrong intervention be-
cause the authors compared criteria classifiers for a chatbot,> query
formalism using structured data,>® and classifiers for eligibility crite-
rion.%” Seven studies were excluded because the NLP system being

evaluated is compared to another NLP system or algorithm.”>3~*3

Description of studies

Supplementary Material Table S3 summarizes the characteristics
and findings of the 11 included studies. Eight were retrospective,
one-group pretest-posttest design studies comparing the effect of the
NLP system on the eligibility prescreening to manual eligibility pre-
screening of the same cohort of patients.**~>! Three were prospec-
tive studies; 2 were posttest-only design where the cohort of patients
was prescreened using an NLP system, then the results were manu-
ally reviewed to confirm the eligibility determination of the patients

2,5 .
3233 and one was a nonequivalent group

who were deemed eligible
design study where the recruitment outcome of the prospective co-
hort of patients was compared to the outcome of the historical con-
trols.’* Eight studies were conducted in the United States, and the
other 3 studies were conducted in Australia, the Netherlands, and

the United Kingdom.

Of the 11 studies included, 2 studies evaluated the same NLP
system, the International Business Machines (IBM) Watson Clinical
Trial Matching***’; 3 studies evaluated the Automated Clinical
Trial Eligibility Screener (ACTES), unnamed in the first 2 stud-
48:49,54, 1 study evaluated CogStack®®; 1 study evaluated Trial
Prospector’®; and 4 studies evaluated unnamed NLP sys-
tems.*®47-51:52 Al NLP systems in the included studies extracted pa-
tient information from the EHR. Two studies also extracted patient

ies

information from study databases.*** In addition to patient infor-
mation extraction, 6 studies used the NLP system to also extract eli-
gibility criteria from research protocols in the institution’s protocol
library,***® ClinicalTrials.gov,*’ or both.***

All studies reported the manual review and eligibility determina-
tion of a clinician and/or clinical research staff as the gold standard
comparator to the NLP system. Five studies also included a histori-
cal study log to compliment the gold standard.*”**='-** Though
there are 6 studies that involve oncology research, only one study
used a specialized ontology from the National Cancer Institute The-
saurus for oncology terms.*® Four studies did not mention the termi-
nologies or ontologies used for knowledge representation.*#*5-31:52
The disease domain of the varied, and included oncology, pediatric
emergency care, cardiology, and critical care. The sample definition
varied; 4 studies analyzed the NLP system performance by the
patient encounter,*®*>>* and the others analyzed it by unique

patient case. Three NLP systems were used to prescreen for one

1,585 eligible articles retrieved from electronic databases |

| | Identification |

‘.I

387 duplicates removed I

1,198 titles and abstract screened |

Screening

‘.|

1122 studies irrelevant |

76 full-text articles screened for eligibility |

Eligibility

2 studies included
from manual search

67 studies exuded:

23 Wrong study design (i.e., the evaluation
does not involve patient data)

17 Abstract only

11 Wrong outcomes (i.e., not looking at patient
eligibility for a clinical research protocol)

7 Wrong comparator (NLP system is

Included

compared to another NLP system or
algorithm)

5 Wrong indication (not for eligibility
prescreening for clinical research)

3 Wrong intervention (e.g., system does not
have NLP component, evaluating an
algorithm instead of a system)

1 Use of patient simulation

11 studies included for data extraction and quality assessment

Figure 1. PRISMA flowchart for literature search. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.
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study protocol***%°!; the remaining were used to prescreen multiple
study protocols. A total of 69 research protocols were included in all

11 studies.

Quality assessment

Table 1 details the quality assessment ratings for each included
study and Table 2 provides a summary of the quality assessment
ratings of all the included studies. Three studies were rated low qual-
ity primarily because the gold standard varied across research proto-
cols for prescreening, and the evaluation was done only on the
eligible patients the NLP system identified. The majority (n=6,
54.5%) of the studies only measured the outcome after the interven-
tion (ie, the accuracy of the gold standard was not measured). Only
2 studies performed multiple measurements of the outcome before
and after the intervention. A follow-up visit is only applicable to one
study involving time-motion study and pre- and postusability sur-
vey>*; the study was unclear if the follow-up was complete because
although the sample size was clearly stated in their methods section,
there was no mention of loss to follow-up and the sample size in the
“Results” section. Though all studies compared the outcomes of the
eligibility prescreening on the same cohort of potential participants
before and after using an NLP system, the outcomes of 6 studies
were not measured reliably due to unclear eligibility classification
and lack of information on the historical study log. Nine studies
conducted appropriate statistical analysis; one study only looked at
the yield,’* and though it investigated the false positives of the out-
put by manual review, it did not evaluate the patients the system
classified as ineligible. Majority of the studies exhibited moderate
quality (n=7, 64%). Overall, with a mean score of 5.3, the included
studies demonstrated moderate quality.

Outcomes

There was heterogeneity in the results and outcome measures of the
included studies. Metrics used to evaluate the accuracy of the eligi-
bility determination varied across studies. There was also variability
in skills and training on the domain experts as gold standard to com-
pare the impact of an NLP system on time and workload efficiency.
Lastly, 2 studies investigated the impact of an NLP system to study
recruitment.

Eligibility determination of patient cohort

Although all studies included eligibility prescreening of potential
participants, one study did not measure the accuracy of the NLP sys-
tem’s classification of the patients’ eligibility.”* One study measured
the accuracy of the NLP system to determine eligibility by calculat-
ing the yield, defined as (1-false positive); where false positive is the
“number determined as not eligible on review by research staff di-
vided by the number determined as eligible through the automated
screening.”>> Two studies measured the outcome with mean average
precision (MAP); one of the studies calculated MAP per research
protocol and demonstrated an MAP of 18-35.2% across 3 research
protocols,*” while the other study demonstrated a combined MAP
of 62.9% for all 13 research protocols.*® Recall (or sensitivity) was
reported in 8 studies and ranged from 70.6% to 100%, which col-
lectively represents a total of 43 research protocols. Five studies, col-
lectively including 23 research protocols, reported precision (or
positive predictive value) that ranges from 21.6% to 92.8%; of
these, 4 studies (a total of 22 research protocols) reported a negative
predictive value ranging from 93.7% to 100%. Six studies, with a
total of 27 research protocols, reported the NLP system’s specificity

ranging from 76 % to 99%. Of the 5 studies that measured precision
and recall, 3 studies reported an Fy-score, which were 67.9%,
86.3%, and 90%. The area under the curve was reported in one
study, which was 75.5-83.7 for 3 research protocols. Lastly, 4 stud-
ies reported accuracy ranging from 81% to 100% for a total of 30
research protocols. Due to the different outcome measures and vari-
ability of the effect, summarizing the magnitude of performance
evaluation of the NLP systems in clinical research eligibility prescre-
ening would not be appropriate.

Impact on time and workload efficiency

In the studies that showed benefit to the time and workload needed
to identify eligible participants, the outcome measures varied, in-
cluding the comparison (eg, historical study log, current gold stan-
dard) and domain expert used for a gold standard. Hence, a more
in-depth summary of the efficiency benefit in terms of time and
workload cannot be accurately described. Supplementary Material
Table S3 provides further details about the time and workload effi-
ciency outcomes and effects. A study reported that the NLP system
took less than 2 min to prescreen 198 patients, while the experi-
enced research coordinator spent 2 weeks (~80 h) to complete the
manual prescreening for one research protocol.** One study
reported a statistically significant reduction of patient screening time
by 34% by the research staff using an NLP system compared to
manual prescreening, where time was reallocated to work-related
activities such as: (1) waiting for sample collection (P = .03), (2)
study-related administrative tasks (P = .03), and (3) work-related
conversations (P = .006).>* One study looked at efficiency in terms
of when the potential participant was identified based on the histori-
cal study log; this study showed that out of 203 patients that were
historically deemed eligible, 47% (95% CI, 40%, 54%) of the
patients were identified by NLP system on the same day as when
they were screened; 24% (95% CI, 18%, 30%) were identified a
day early, and 23% (95% CI, 17%, 29%) were identified 2 days
earlier.’” Lastly, in one study, manual prescreening of 90 patients
for 3 research protocols took 110 min; NLP system-assisted eligibil-
ity prescreening of the same patients for the same research protocols
required 24 min, demonstrating a reduction in the time for screening
by 78%.%

Four of the 11 studies measured workload as an outcome, where
the workload is defined as the number of patients required to be
reviewed to identify all eligible patients.**! The workload reduc-
tion of the 4 studies ranged from 79.9% to 92%; 2 studies reported
statistical significance (P=1.00E-9 and 8.30E—21). One study
reported that, on average, an oncologist would need to manually re-
view 163 patients per research protocol to replicate the historical pa-
tient enrollment for each of the 10 research protocols; but with the
NLP system, this was reduced to 24 patients per research proto-
col.¥’

Impact on recruitment

Two studies investigated the impact of an NLP system on enroll-
ment was evaluated on 6 research protocols used the ACTES and
improved the number of patients screened by 11% compared to
the historical study log, though only 4 research protocols demon-
strated statistical significance.”* It also showed that there was an
11.1% improvement in recruiting eligible patients with the use of
the NLP system; however, only one research protocol demon-
strated statistical significance. In the time-motion study of the
same study, though the NLP system demonstrated that the reduc-
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Table 1. Detailed quality assessment ratings of the included studies

Criteria Penberthy et al** Sahoo et al’? Ni et al*® Ni et al*’ Jonnalagadda et al*® Meystre et al*’

Clear cause (ie, in- Yes. Yes. Yes. Yes Yes. Yes.
tervention of in-
terest) and effect
(ie, outcome of
interest)

Potential partici- Yes. Yes. Yes. Yes. Yes. Yes.
pants included Single group. Single group. Single group. Single group. Single group. Single group.
in any compari-
sons are similar

Potential partici- No. No. Yes. No. Yes. Unclear.

pants included
in any compari-
sons are receiv-
ing similar
intervention,
other than the
exposure or in-
tervention of in-
terest

Has control group

Has multiple meas-
urements of the
outcome both
pre- and post-
the intervention
or exposure

Complete follow-
up

Outcomes of eligi-
bility prescreen-
ing included in
any comparisons

There is variety in
studies, time,
and clinical re-
search staff as
gold standard.

No.
No.
Only post.

N/A.

Yes.
All outcomes for
the protocols
were reported.

Different clinicians
for the compara-
tor.

No.
No.
Only post.

N/A.

Unclear.
Unclear if there are
different physi-
clans across tri-

The potential par-
ticipants are
from the same
clinical practice.

No.
Unclear.
Inter-rater agree-
ment for the
gold standard
was mentioned
but not
reported.

N/A.

Yes.
All outcomes for
the protocols
were reported.

The oncologist
only reviewed a
subset of
patients.

No.
No.
Only post.

N/A.

Yes.
All outcomes for
the protocols
were reported.

The potential partici-
pants are from the
same clinical prac-

tice.

No.
No.
Only post.

N/A.

No.
Potential participants
were not manually
reviewed before

The historical pre-

screening pro-
cess as gold

standard was
not described;
different staff

may be involved
in the determi-

nation.

No.
Unclear.
Inter-rater agree-
ment evaluation
was only for eli-
gibility criteria

N/A.

Yes.
All outcomes for
the protocols
were reported.

measured in the als. NLP system prescre-
same way ening; only after.

Outcomes were No. No. Yes. Yes. No. Unclear.
measured in a Research staff Clinicians (gold ~ Gold standard was ~ Domain expert No inter-rater agree-  No information on
reliable way (gold standard) standard) vary complimented verified NLP ment evaluation. the historical

vary by study. by study. by the historical system output. prescreening.
study log.

Appropriate statis- No. Unclear. Yes. Yes. Yes Yes.
tical analysis Only evaluated the Only evaluated the
was used yield. accuracy of the

potentially eligi-
ble patients.

Potential conflict No. Yes. Yes Yes Yes Yes
of interest dis-
closure

SCORE 3 3 7 6 N N

Criteria Ni et al** Alexander et al** Beck et al* Tissot et al>° van Dijk et al’!

Clear cause (ie, in- Yes Yes. Yes. Yes. Yes.
tervention of in-
terest) and effect
(ie, outcome of
interest)

Potential partici- No. Yes. Yes. Yes. Yes.
pants included Unclear if the his- Single group. Single group. Single group. Single group.

in any compari-
sons are similar

torical control

was prescreened
for the same

(continued)
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Table 1. continued

Criteria Ni et al** Alexander et al** Beck et al* Tissot et al®>° van Dijk et al®’
studies in the
weekly aggrega-
tion.
Potential partici- Unclear. Yes. Yes. No. No.
pants included No information on The potential par- The potential par- Some of the partic- Different EHR sys-

in any compari-
sons are receiv-
ing similar
intervention,
other than the
exposure or in-
tervention of in-
terest

Has control group

Has multiple meas-
urements of the
outcome both
pre- and post-
the intervention
or exposure

Complete follow-

up

Outcomes of eligi-
bility prescreen-
ing included in
any comparisons
measured in the
same way

Outcomes were
measured in a
reliable way

Appropriate statis-
tical analysis
was used

Potential conflict
of interest dis-
closure

SCORE

the comparator
historical
patients.

Unclear.
They have histori-
cal controls.
Yes.
For time-motion
study and us-
ability study.

Unclear.
Participants sam-
ple size in the re-
sult not
mentioned.
Yes.
All outcomes for
the protocols
were reported.

No.
Lack of informa-
tion regarding
the historical
control.

ticipants are
from the same
observational
cohort study.

Yes.
Inter-rater agree-
ment for the
gold standard
before the inter-
vention.

N/A.

Yes.
All outcomes for
the protocols
were reported.

Yes.

Authors explained

why one study
has low inter-
rater agreement.

ticipants are
from the same

clinical practice.

No.
Only post.

N/A.

Yes.
All outcomes for
the protocols
were reported.

Yes.
Manual reviewers
were blinded to
the results dur-
ing manual re-
view and errors
were reported.

Yes.

ipants were not
screened in the
original trial.

No.
Only post.

N/A.

Yes.
All outcomes for
the protocols
were reported.

No.
Only 20 of the 173
patients who
were not
screened in the
gold standard
were manually
reviewed.
Yes.

Unclear.

tems were used.

Unclear.
There may be dif-
ference in how
each clinic pre-
screened
patients.
N/A.

Yes.
All outcomes for
the protocols
were reported.

Yes.
Further investiga-
tion was made
on the partici-
pants that were
missed by the
system

Yes.

EHR: electronic health record; NLP: natural language processing.

tion in prescreening time was redirected to other work-related ac-
tivities, it did not show significance in the patient contact to intro-
duce the study. Lastly, the enrollment rate of clinicians using Trial
Prospector was compared to those who did not and found that

there was no difference.’>

DISCUSSION

This systematic review provides a detailed overview of the existing
studies conducted to examine the effect of NLP systems for clinical

research eligibility prescreening. All included studies described the
performance of the NLP system in determining the eligibility of a co-
hort of patients; however, only 9 described the potential benefit of
the system in terms of time and workload efficiency for the research
team, and only 2 investigated the system’s effectiveness on study en-
rollment. The limited number of available studies and the variability
in outcome measures suggest that this is an understudied area and
the effect of an NLP system on the research recruitment process is
unclear.

Many studies were excluded that described an NLP system but
did not evaluate them in the context of clinical research eligibility
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Table 2. Quality assessment of included studies

Characteristics

Number of studies (%)*

Clear cause (ie, intervention of interest) and ef-
fect (ie, outcome of interest)

Potential participants included in any compari-
sons are similar

Potential participants included in any compari-
sons are receiving similar intervention, other
than the exposure or intervention of interest

Has control group

Has multiple measurements of the outcome
both pre- and post-the intervention or expo-
sure

Complete follow-up or if incomplete, the differ-
ences between groups in terms of their fol-
low-up were adequately described and
analyzed

Outcomes of eligibility prescreening included in
any comparisons measured in the same way

Outcomes were measured in a reliable way

Appropriate statistical analysis was used

Authors disclose the presence or absence of po-
tential conflict of interest

Study quality rating

Yes 11 (100)
No 0(0)
Unclear 0(0)
Yes 10 (91)
No 1(9)
Unclear 0(0)
Yes 4 (36)
No 5 (46)
Unclear 2 (18)
Yes 0(0)
No 10 (91)
Unclear 1(9)
Yes 2(18)
No 6 (55)
Unclear 3(27)
Yes 0(0)
No 0(0)
Unclear 1(9)
NA 10 (91)
Yes 9 (82)
No 1(9)
Unclear 1(9)
Yes 5 (45.5)
No 5(45.5)
Unclear 1(9)
Yes 9(82)
No 1(9)
Unclear 1(9)
Yes 9(82)
No 1(9)
Unclear 1(9)
Low (1-4) 3(27)
Moderate (5-7) 7 (64)
High (8-10) 1(9)

NA: not applicable.
20ut of 11 included studies.

prescreening. The initial literature search identified studies where
different NLP algorithms were compared that could be used to de-
velop a system for clinical research eligibility prescreening.?>® It
may therefore be that these systems have not yet been developed
into completely testable NLP systems, or there may be other
obstacles to the evaluation.

Though this systematic review revealed that the NLP system
could reach a recall as high as 100%; 2 studies, focusing on breast
and lung cancer, demonstrated a recall ranging from 70.6% to
83.3%, which is mainly due to incorrect representation of eligibility
criteria and ambiguity in the abbreviations used in the narrative
text.***” With the goal of minimizing the risk of misclassifying an

eligible participant as ineligible during eligibility prescreening, it is
better to classify an ineligible participant as eligible and have a clini-
cal research staff further assess the potential eligibility.® It is impera-
tive for the research team to consider how the rest of the eligible
participants can be identified. This may include broadening the eligi-
bility criteria for prescreening to widen the capture of potentially eli-
gible patients and have domain experts review the result.

This systematic review also revealed the potential for NLP sys-
tems’ promising success in excluding patients who did not meet the
eligibility criteria. Achieving an NPV of 100%, an NLP system dem-
onstrated that the patients who were classified as ineligible are truly
ineligible. Even though the system may misclassify ineligible patients
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as eligible, the system is not filtering out eligible patients because of
misclassifying them as ineligible. Notably, research staff would need
to ascertain that the patients identified by the system are eligible be-
fore recruitment. However, depending on the number of patients to
be prescreened and/or protocols for prescreening, clinical research
staff availability, and study design, research teams may opt for a sys-
tem that is more precise in identifying eligible patients and redirect
effort of the research staff to recruitment.

Optimizing recruitment process with an NLP system

All 11 studies acknowledged that the time and effort needed for the
research staff to manually go through complex medical records to
identify patients who are eligible for a research study impedes re-
cruitment into research studies.’® Seven studies assessed the impact
of the NLP system in the time spent for eligibility prescreening
reported a substantial decrease in time. Workload reduction when
using an NLP system was significantly high, and it can potentially
increase as the number of protocols and/or patients increase. Fur-
ther, the domain experts for the gold standard in these studies vary
in their expertise (eg, research coordinator, physician). Though the
findings are promising, it is important to note that NLP systems are
embedded in a social-organizational environment, and their effects
can vary in different settings and users.>® Assessing the adoption of
the NLP systems in real-world clinical research settings is crucial.>”
It is also recognized that the integration of the system into the EHR
could potentially improve the research team’s efficiency in their re-
cruitment effort. It is unclear that the time and effort saved in eligi-
bility prescreening translates to increased enrollment.

As mentioned, the NLP systems in the included studies were used
to extract patient information from the clinical data source and eli-
gibility criteria from the research protocol. One common problem
identified in both information extraction tasks is ambiguity. For the
patient information extraction, imperfection of the NLP system in
understanding language semantics (eg, inability to recognize
started four days ago” for a criterion indicating “more than 72
hours”) and syntax (eg, abbreviations in the clinical text) cause
false-positive recommendations.***’ This also poses a challenge in
recognizing the temporality of the eligibility criteria during the pre-
screening. Further, the limitations of the EHR, such as lack of infor-
mation, can extend its impact on the utilization of an NLP
system.'®* For eligibility criteria extraction, the underspecified
requirements in the criteria (eg, not defining “severe” in “severe dis-
ease”) or the specific requirement of information not readily avail-
able in the EHR such as patient’s living situation (eg, “ study
partner availability”) warrants validation from the research team.*®
The 3 studies that used the NLP system to extract eligibility criteria
from the research protocol did not evaluate the accuracy of the sys-
tem’s retrieval of eligibility criteria due to the needed human inter-
vention in ensuring that the criteria were accurate to measure the
study outcome (ie, eligibility determination). The NLP systems of
the other 7 studies require manual entry or an expert-generated al-
gorithm of the eligibility criteria. The capability of an NLP system
to extract eligibility criteria warrants further investigation because
NLP-driven tools developed for this task show promising results of

accuracy.*»*8

Limitations

To the best of our knowledge, this is the first study that has synthe-
sized the effects of NLP systems for clinical research eligibility pre-
screening. An earlier study reviewed the use of NLP systems for

clinical care.’® However, we were unable to conduct a meta-analysis
to assess the effectiveness of NLP systems for clinical research eligi-
bility prescreening due to the diversity in outcome measures and the
varying methods for evaluating the study design. Second, although
the literature search was conducted in multiple databases, it is possi-
ble that relevant studies were missed because they may be indexed
elsewhere. Grey literature was not included in the literature search,
which may have limited the inclusion of pilot studies or studies with
negative findings. In addition, the use of retrospective data, which
accounted for the bulk of the included studies, may lead to conclu-
sions that differ from the current state of adoption. Finally, studies
across a decade, several continents, and various settings were cap-
tured, and such variability in time and space complicates the ability
of the findings to inform practice in any one clinical research setting.

CONCLUSION

This systematic review highlights the evidence related to NLP sys-
tems for clinical research eligibility prescreening. Studies had wide
heterogeneity in their study setting, design, and outcome measures.
Despite limitations, 3 considerations in the evaluation and adoption
of NLP systems for clinical research eligibility prescreening were
identified: (1) study design and magnitude of workload are impor-
tant factors in deciding on the preferred comprehensiveness of the
system, (2) the role of the NLP system is to optimize the recruitment
process, not to replace domain expertise, and (3) determination of
the eligibility criteria in the prescreening process needs expert vali-
dation. The findings underscore the need for real-world evaluation
of an NLP system to fully understand its strengths and limitations as
it is adopted by the research team for eligibility prescreening. Future
research should focus on continuing to develop applicable NLP sys-
tems that ultimately impact clinical enrollment outcomes. Under-
standing the role of NLP systems in improving eligibility
prescreening is critical to the advancement of recruitment effort op-
timization in clinical research.
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