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Abstract

Background: The aim of this study is to provide a comprehensive understanding of the current landscape of artificial intelligence
(AI) for cancer clinical trial enrollment and its predictive accuracy in identifying eligible patients for inclusion in such trials.

Methods: Databases of PubMed, Embase, and Cochrane CENTRAL were searched until June 2022. Articles were included if they
reported on AI actively being used in the clinical trial enrollment process. Narrative synthesis was conducted among all extracted
data: accuracy, sensitivity, specificity, positive predictive value, and negative predictive value. For studies where the 2x2 contingency
table could be calculated or supplied by authors, a meta-analysis to calculate summary statistics was conducted using the hierarchi-
cal summary receiver operating characteristics curve model.

Results: Ten articles reporting on more than 50 000 patients in 19 datasets were included. Accuracy, sensitivity, and specificity
exceeded 80% in all but 1 dataset. Positive predictive value exceeded 80% in 5 of 17 datasets. Negative predictive value exceeded 80%
in all datasets. Summary sensitivity was 90.5% (95% confidence interval [CI] ¼ 70.9% to 97.4%); summary specificity was 99.3% (95% CI
¼ 81.8% to 99.9%).

Conclusions: AI demonstrated comparable, if not superior, performance to manual screening for patient enrollment into cancer clin-
ical trials. As well, AI is highly efficient, requiring less time and human resources to screen patients. AI should be further investigated
and implemented for patient recruitment into cancer clinical trials. Future research should validate the use of AI for clinical trials
enrollment in less resource-rich regions and ensure broad inclusion for generalizability to all sexes, ages, and ethnicities.

Clinical trials are quintessential to the advancement of research
and medical practice, in all domains including oncology.
Guideline and practice recommendations are ideally supported
by clinical trials (1,2), to minimize bias and confounding effects.
Furthermore, centers that are able to accrue well have been asso-
ciated with better outcomes possibly though greater experience,
faster implementation of improved treatments, and superior
quality of care (3). Granting agencies, governments, and coopera-
tive trial organizations have recognized the importance of inclu-
sion of underrepresented groups, including women, ethnic
minorities, and racialized populations, especially during the
COVID-19 pandemic (4). Despite the potential benefits of clinical
trials, less than 5% of adults with cancer are enrolled in a clinical
trial, and nearly one-fifth of trials are terminated early because
of insufficient enrollment (5). Ultimately, this enrollment diffi-
culty leads to insufficiently powered trials and potential delayed
scientific progress and wasted resources.

In recent years, there has been growing interest to use tech-
nology to assist with the screening and enrollment process for
patient-trial matching (6). One of the most exciting and promis-
ing prospects is the use of artificial intelligence (AI) to triage and

identify patients eligible for cancer clinical trials. Several studies
have demonstrated the ability of AI to assist in multiple steps of
the enrollment process including clinical trial site selection,
patient recruitment, and patient screening. Akin to oncologists
and scientists, AI, a broad family of computer algorithms, can
digest and synthesize large sets of data and provide a recommen-
dation as to whether a patient is eligible to be enrolled in a clini-
cal trial. What distinguishes AI from other automated screening
tools is its ability to parse unstructured and textual data to
extract meaning from sources such as patient charts, potentially
at levels of effectiveness comparable with a human chart
reviewer. An added benefit of AI, compared with clinicians and
scientists, is its ability to process this data rapidly and repetitively
without fatigue and be able to rapidly make these decisions on a
large scale to facilitate clinical trial enrollment. Given the practi-
cal challenges of clinical trials enrollment as described above, of
particular interest is the ability for AI to identify potential
patients who may have been missed by clinicians or manual
screening. Supplementary Figure 1 (available online) provides a
sample workflow as to how an AI algorithm for clinical trial
enrollment might work: input data are parsed via natural
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language processing (NLP) if necessary and then combined and
sorted to produce a recommendation for trial enrollment.
Although machine learning could be used at the NLP and sorting
steps, the structure and applications of the algorithms vary from
study to study. Nevertheless, all variations in theory could yield
important benefit to assist and expedite clinical trial enrollment
process.

Several studies have investigated the use of AI for clinical trial
eligibility (7-10), but to date there has been no systematic review
or meta-analysis to provide an assessment of the value of AI pro-
vided by these relatively small and varied reports. The aim of this
article is to provide a comprehensive understanding of the cur-
rent landscape of AI for the use of cancer clinical trial enrollment
and its predictive accuracy in identifying patients for inclusion in
trials. We review and summarize several metrics of AI perform-
ance in comparison to manual screening including sensitivity,
specificity, positive predictive value, and negative predictive
value.

Methods
This review was registered a priori on PROSERO
(CRD42022336075) (11). Databases of PubMed, Embase, and
Cochrane CENTRAL were searched from database inception up
until June 2022 (Supplementary Box 1, available online). After
duplication removal and a calibration exercise, 3 review authors
(RC, JM, JK) independently screened each article according to our
eligibility criteria. Articles were eligible after level 1 (title and
abstract) screening if they reported on the use of AI in oncology
clinical trials. These articles were subsequently eligible after level
2 (full text) screening if they reported on AI being actively used in
the clinical trial enrollment process. Any disagreements between
review authors were resolved by discussion and consensus. If
consensus was not achieved, a fourth and senior author (SR) was
involved to adjudicate.

All articles were subsequently assessed for data extraction of
quantitative test characteristics assessing predictive accuracy of
AI for clinical trial enrollment using accepted formal clinical trial
methodology. Reference standard, as reported by studies,
involves manual screening alone for determination of clinical
trial eligibility. Test characteristics reported by studies required
evaluation by humans, comparing manual screening with AI-
based screening. Studies were included for data extraction in this
review if they reported on at least 1 of the following outcomes:
accuracy (correct enrollment decision), sensitivity, specificity,
positive predictive value, or negative predictive value. Studies
that reported on the use of AI in multiple settings were extracted
separately into different groups from each study (Supplementary
Table 1, available online). Where studies may have additional
metrics available, but not reported, as evaluated by review
authors, first and/or corresponding authors were contacted via
email with data requests. If no response was received, a follow-
up email was sent 1 week later. Included studies were also noted
by their sample size, institution, patients’ cancer diagnosis,
methodology, final conclusion and recommendation. As well,
study quality was assessed using QUADAS-2 (12).

Narrative synthesis was conducted among all extracted
data. For studies where the 2x2 table of true positive, true nega-
tive, false positive, and false negative could be calculated or sup-
plied by authors, a meta-analysis was conducted using
the hierarchical summary receiver operating characteristics
curve model (13). Summary diagnostic test statistics and 95%

confidence intervals (CIs) were computed. All analyses were con-
ducted using StataBE 17.0.

Results
A total of 1173 records were identified from the search strategies.
After duplicate removal, 1141 articles were eligible for level 1
screening, and 100 were eligible for level 2 screening. Ultimately,
10 articles (14-23) were included in this review (Figure 1), result-
ing in 19 datasets reported across 10 studies, with more than
50 000 patients included.

Study characteristics are presented in Table 1. Sample size
ranged from 96 to 48 124. Six studies were conducted in the
United States, 3 in Europe, and 1 in Australia. Three studies
included patients with any cancer diagnosis, 3 with only breast
cancer diagnosis, 1 with lung cancer diagnosis, 1 with prostate
cancer diagnosis, and 2 with either breast or lung cancer diagno-
ses. Four studies used licensed, published AI algorithms pur-
chased from industry, 5 studies developed their own algorithms,
and 1 study evaluated a predeveloped algorithm created as part
of a previous research project. Three studies using licensed algo-
rithms in fact used the same algorithm. All studies used clinical
data, both structured and unstructured, to feed into an AI classi-
fier to determine if patients were eligible for prespecified clinical
trials conducted at their local cancer center. Common structured
data across studies were age, sex, laboratory data, and cancer
diagnosis staging, and these were obtained from electronic medi-
cal records, as reported by the included studies. Unstructured
data in clinical notes were processed using text recognition sys-
tems such as NLP to identify past medical history, medications,
comorbidities, and prior treatments. The algorithms varied
widely in the machine learning approaches used (eg, random for-
est vs support vector machines) (Supplementary Box 2, available
online). Nearly all studies were retrospective simulation studies,
where studies retrospectively reviewed patient records to assess
clinical trial eligibility, and this was used as the gold standard for
comparing against AI-based tools. Nearly all studies had low con-
cern for bias; given the limited reporting on reference standard
by Cesario et al. (17), there was some concern for bias in their
study (Supplementary Figure 2, available online).

Accuracy, sensitivity, specificity, positive predictive value, and
negative predictive value for each article are presented in
Figure 2 and Supplementary Figure 3 (available online). A total of
19 datasets were reported across the 10 publications. In the appli-
cation of the algorithm across 13 datasets, accuracy ranged from
62.8% to 100%; all but 1 reported accuracy greater than 80%.
Among the 17 datasets, sensitivity ranged from 46.7% to 100%; all
but 1 dataset reported sensitivity greater than 80%. Across 16
datasets, specificity ranged from 59.2% to 100%; all but 1 reported
specificity greater than 80%. Positive predictive value was
reported in 17 datasets and ranged from 12.6% to 100%; 5 data-
sets reported positive predictive value in excess of 80%. Negative
predictive value was reported in all but 3 datasets and ranged
from 87.2% to 100%; all datasets reported negative predictive
value in excess of 80%.

Eight datasets, with 40 447 patient inputs reported by 3 stud-
ies, had sufficient data for meta-analysis. Accuracy, sensitivity,
specificity, positive predictive value, and negative predictive
value of these studies are reported in Supplementary Figure 4
(available online). From meta-analysis, the summary sensitivity
of AI was 90.5% (95% CI ¼ 70.9% to 97.4%); the summary specific-
ity was 99.3% (95% CI ¼ 81.8% to 99.9%) (Figure 3). The prediction
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region includes essentially everything, except very low sensitiv-

ities (<10%).
All 4 studies that reported on time savings from AI noted sub-

stantial time savings (Table 1). All studies seemed to conclude

that AI-based systems are efficient and reliable, with generally

concordant results to gold standard manual screening. Some

studies also retrospectively analyzed and compared the AI algo-

rithm to what was achieved with historical manual screening

and found cases where patients were incorrectly classified by

manual screening (16,20).

Discussion
To our knowledge, this is the first systematic review and meta-

analysis reporting on the use of AI for cancer clinical trial enroll-

ment. We evaluated 10 studies, which reported on 19 datasets

investigating more than 50 000 patients. In nearly all evaluable

metrics, AI was highly accurate and efficient for the purposes of

cancer clinical trial enrollment, exceeding 80% in the evaluated

test characteristic. From meta-analysis, AI had a summary sensi-

tivity of 90.5% and summary specificity of 99.3%. When evaluat-

ing the results further, there is an observed trend toward higher

predictive accuracy for ruling out ineligible patients—specificity

and negative predictive values are generally higher than sensitiv-

ity and positive predictive values. Were AI adopted in clinical trial

screening, it could be more useful to have a tool that has greater

confidence in ruling out patients who are ineligible rather than a

tool that misses eligible patients. In the event of some false posi-

tives because of the relatively lower sensitivity than specificity

(therefore some patients are incorrectly deemed eligible), this

could be rectified when patients are approached by research staff

for consent and, at that point, excluded. Based on this analysis,

the optimal application of AI in cancer clinical trial enrollment

seems to be in augmenting and expediting, rather than replacing,

manual human review. With AI as the initial screener, and fol-

lowed by human review, this workflow should be more time

Records identified from:
PubMed (n = 524)
Embase (n = 639)
Cochrane (n = 10)

Records removed before screening:
Duplicate records removed (n = 32)

Records screened (level 1 
screening)
(n = 1141)

Records excluded
(n = 1041)

Reports sought for retrieval
(n = 100)

Reports not retrieved; abstract only
(n = 5)

Reports assessed for eligibility 
(level 2 screening)
(n = 95) Reports excluded:

No clinical trial enrollment (n = 70)
Editorials/commentaries/reviews (n = 10)
No test characteristics (n =5)

Studies included in review
(n = 10)

Identification of studies via databases and registers
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Figure 1. PRISMA flow diagram.
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Table 1. Study characteristicsa

Study No. Institution
Cancer

diagnosis
Enrollment method-

ology AI source AI methodology Algorithm runtime Conclusion

Alexander et al. (14) 102 Peter MacCallum
Cancer Center,
Melbourne,
Australia

Lung Clinical data
extracted from
study database
and medical
records to match
patients to 10
phase I-III cancer
clinical trials on
clinicaltrials.gov
at local cancer
center

Watson for Clinical
Trial Matching
(WCTM), devel-
oped by IBM

Trial data intake was opti-
mized with 3 rounds of
trial ingestion by NLP
before matching
patients to clinical trials
based on primary cancer
staging, metastatic dis-
ease, performance sta-
tus, mutations, prior
cancer therapy, lung
surgery type, cancer his-
tology, demographics,
echocardiography, path-
ology, past medical his-
tory, medications,
comorbidities

15.5 s The AI-based clinical
trial matching sys-
tem allows efficient
and reliable screen-
ing of cancer
patients for clinical
trials

Beck et al. (15) 239 Highlands Oncology
Group, Arkansas,
USA

Breast Structured and
unstructured
patient data were
included to
assess clinical tri-
als eligibility to 4
breast cancer tri-
als listed on clini-
caltrials.gov at
local cancer cen-
ter

Watson for Clinical
Trial Matching
(WCTM), devel-
oped by IBM

Trial data intake was opti-
mized with 3 rounds of
trial intake before used
to match patients to
clinical trials based on
structured patient data
(laboratory tests, sex,
cancer diagnosis, age)
and unstructured data
sources (most recent
medical progress note)

24 min, which is
78% reduction
compared with
manual screen-
ing

Clinical trial matching
system displayed a
promising perform-
ance in screening
patients with breast
cancer for trial eligi-
bility

Calaprice-Whitty
et al. (16)

48 124 Comprehensive
Blood and Cancer
Center,
Bakersfield, CA,
USA

Breast,
lung

Structured and
unstructured
medical records
evaluated to
identify eligible
patients retro-
spectively in 3
completed trials
at local cancer
center

Mendel.ai, devel-
oped by Mendel

Text recognition system to
extract text from
scanned medical docu-
ments, clinical language
understanding, and
entailment system to
read output of text rec-
ognition system and its
meanings, knowledge-
based ontology and wis-
dom system to synthe-
size data to data
dictionary

20 h for group 1
compared with
19 d for manual
screening

1.15 h for group 2
compared with
263 d for manual
screening

Augmentation of
human resources
with artificial intelli-
gence could yield siz-
able improvements
over standard practi-
ces in several
aspects of the
patient prescreening
process, as well as in
approaches to feasi-
bility, site selection,
and trial selection

Cesario et al. (17) 96 Comprehensive
Cancer Center,
Roma, Italy

Breast,
lung

Digital research
assistant via pro-
gressive web app
identifies patients
eligible for a clini-
cal trial of all
those conducted
at the cancer
center

Digital Research
Assistant, devel-
oped in-house

AI-based models using
age, immunophenotype,
genetics, histology, BMI,
stage of therapy

NR Might represent a valid
research tool sup-
porting clinicians
and scientists to
optimize the enroll-
ment of patients in
clinical trials

(continued)
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Table 1. (continued)

Study No. Institution
Cancer

diagnosis
Enrollment method-

ology AI source AI methodology Algorithm runtime Conclusion

Cuggia et al. (18) 285 Centre Eugene
Marquis, Rennes,
France

Prostate Automatic selection
of clinical trials
eligibility criteria
(national
research project)
to retrospectively
identify patients
discussed in mul-
tidisciplinary
meetings for clin-
ical trial eligibil-
ity, for eligibility
of 4 clinical trials
conducted at
cancer center

Computerized
recruitment sup-
port system,
developed as a
French national
research project

Computerized recruitment
support system based
on semantic web
approach

NR System was scalable to
other clinical
domains

Delorme et al. (19) 264 Gustave Roussy
Cancer Campus,
Villejuif, France

All Free text consulta-
tion reports eval-
uated to identify
eligible patients
retrospectively
included in phase
I or II oncology
trials

Model developed
in-house

Natural language prepro-
cessing pipeline to turn
free text into numerical
features for random for-
est model

NR Machine learning with
semantic conserva-
tion is a promising
tool to assist physi-
cians in selecting
patients prone to
achieve successful
screening and dose-
limiting toxicity
period completion in
early phase oncology
clinical trials

Haddad et al. (20) 318 Mayo Clinic,
Rochester, MN,
USA

Breast Structured and
unstructured
medical records
evaluated to
identify eligible
patients for 4
breast cancer tri-
als listed on clini-
caltrials.gov at
local cancer cen-
ter

Watson for Clinical
Trial Matching
(WCTM), devel-
oped by IBM

NLP to identify cancer
stage, cancer subtype,
genetic markers, prior
cancer therapy, surgical
status, pathology, ther-
apy-related characteris-
tics

NR Accurately exclude
ineligible patients
and offer potential to
increase screening
efficiency and accu-
racy

Meystre et al. (21) 229 Hollings Cancer
Center,
Charleston, SC,
USA

Breast Clinical notes
assessed to
assess eligibility
for 3 breast can-
cer clinical trials
at local cancer
center

Model developed
in-house

Named entity recognition
task based on sequential
token-based labeling
using a support vector
machine retrieved clini-
cal notes, extracted eli-
gibility criteria

NR Can be used to extract
eligibility criteria
from HER clinical
notes and automati-
cally discover
patients possibly eli-
gible for a clinical
trial with good accu-
racy, which could be
leveraged to reduce
the workload of
humans screening
patients for trials

(continued)
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Table 1. (continued)

Study No. Institution
Cancer

diagnosis
Enrollment method-

ology AI source AI methodology Algorithm runtime Conclusion

Ni et al. (22) NR Cincinnati
Children’s
Hospital Medical
Center,
Cincinnati, OH,
USA

All Demographics and
notes processed
to evaluate eligi-
bility to all 70
clinical trials at
local cancer
center

Model developed
in-house

NLP and information
extraction of demo-
graphics, diagnoses,
clinical notes

1 min, which saves
346 min of man-
power

Could dramatically
increase trial screen-
ing efficiency of
oncologists and ena-
ble participation of
small practices,
which are often left
out from trial enroll-
ment

Zeng et al. (23) NR MD Anderson
Cancer Center,
Houston, TX, USA

All Genetic textual
document reposi-
tories and match-
ing documents
assessed to eval-
uate eligibility for
153 preprocessed
potential targeted
therapy clinical
trials from clini-
caltrials.gov and
MD Anderson
clinical trial
database

Model developed
in-house

Genetic textual document
repository to identify 1
of 543 genes whose
molecular abnormality
can be detected on
sequencing panels

NR NLP tool was generaliz-
able; tool may parti-
ally automate
process of informa-
tion gathering

a AI ¼ artificial intelligence; BMI ¼ body mass index; NLP ¼ natural language processing; NR ¼ not reported.
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efficient and reduce the likelihood that eligible patients are

excluded.
AI algorithms used structured and unstructured data to assess

patient eligibility for cancer clinical trials. The details of the

industry-developed algorithms are not publicly available, but the

de novo algorithms used a variety of machine learning methods

to accomplish the given classification task. Furthermore, the de

novo algorithms still employed many predeveloped processes

and packages, both open-source and paid (17,19,22,23). This high-

lights an important feature of AI research in this application: the

AI-based software is rarely built completely from scratch but

rather is often a combination of original code and preexisting

structures, methods, and models, adapted to particular purposes.

More transparency and reproducibility of these AI models may

speed up their adoption (24).
Despite differences between individual algorithms, the use of

NLP was common to all studies, in that all algorithms had a step

in their pipeline wherein AI was used to extract information from

unstructured text. Compared with automated methods that do

not employ NLP to read chart data, Ni et al. (22) found that the

addition of NLP to screening filters reduced the postscreening

pool size by up to 85% and trial recommendation quantity by

more than 90%, representing a substantial reduction in workload,

and up to approximately a tenfold increase in precision. This

indicates that algorithmically inclusion of NLP using AI may pro-

vide a substantial benefit as compared with nonlearning clinical

trial filter algorithms when used in tandem with human review

postalgorithmic screening.

It is important to compare the in-house developed algorithms
with those that were purchased from industry; this may provide
insight into the relative cost-effectiveness of continuing to
develop new algorithms vs focusing on deployment and stream-
lining of existing software and pipelines. The positive predictive
values for industry-developed algorithms were on average higher
and with substantially smaller variance than in-house algo-
rithms (Supplementary Table 2, available online). There were no
other discernible trends between the 2 groups.

Perhaps of greatest interest is the potential savings to resources
for clinical trial screening. All 4 studies that reported on efficiency
reported that there was observed time savings associated with
clinical trial enrollment when compared with a counterfactual sce-
nario of manual screening for cancer clinical trials. This could ulti-
mately allow for reallocation of resources to other activities
associated with clinical trials and permit health-care centers with
limited research personnel to quickly screen and participate in
clinical trials. It is important to mention, however, that it is unclear
if the algorithm time calculation took into account time spent on
potential preprocessing and manual abstraction steps; there may
be some overestimation of time savings. It is of value to also note
that in some cases, AI was able to identify eligible patients who
were initially excluded during manual screening (16).

AI involvement in clinical trial enrollment can also assist in
the increasing interest of diversity, equity, and inclusion in clini-
cal trials, as well as the adoption of personalized medicine. AI
can unbiasedly assess inclusion criteria to patients regardless of
background and/or cultural demographics and hopefully provide
a more representative patient population for clinical trials (25-

Figure 2. Predictive ability of artificial intelligence. A) Positive predictive value. B) Negative predictive value.
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28). The use of biomarkers and molecular testing has revolution-
ized the field of medical oncology, although adding complexity to
therapeutic decision making and clinical trial design. AI can
ingest large amounts of data in pursuit of personalized medicine
and help assess patients against increasingly complex eligibility
criteria in future trials (29). For example, in our review, Zeng et al.
(23) used AI to assess 543 biomarkers per patient, for the purpose
of oncology clinical trial enrollment, and reported accuracy and
sensitivity in excess of 80%.

Of final note, it is also important to caution about the current
availability of AI for clinical trial enrollment. AI algorithms are
often resource intensive to develop, and only centers with suffi-
cient means and expertise can afford to develop their own AI
algorithms as part of their clinical trial screening programs.
Deployment of AI tools in health care will therefore require addi-
tional work to ensure its fair access across large and community
centers. AI algorithms for patient screening also require access to
sensitive information present in the electronic medical record. A
high level of security is required to ensure that the AI tools do not
disclose sensitive information in any way, as to maintain patient
confidentiality. This is true for local and cloud-based deploy-
ments where the use of secure computational technologies and
security audits is essential for the safe adoption of AI tools in
clinical settings. It is not surprising that all of the included stud-
ies in this review that developed de novo algorithms were con-
ducted in high-income countries. Pricing information for
industry-developed algorithms could not be obtained. The cur-
rent research and use of AI appear to be currently limited to
resource-rich countries and may even increase the disparity in
distribution between resource-rich and less resource-rich regions.
However, future deployment of AI has the potential to reduce

clinical trial costs, thereby allowing AI and clinical trials to be
conducted in less resource-rich regions, ultimately increasing
participation in clinical trials across the globe (30). This highlights
the importance of parallel development of such algorithms by
individual research groups so that these algorithms could even-
tually be made available either as open-source or at a sufficiently
low cost to become a standardized tool.

As well, although no studies identified patterns of failure for
settings in which the AI algorithm did not behave as expected,
this would be important information to report in future studies
to ensure the generalizability of these AI-based screening tools.
Finally, we observed that the few cohorts with a much larger
sample size than other included studies had excellent test char-
acteristics (16), and a potential relationship between perform-
ance and sample size warrants further study.

This review was not without limitations. It is important to note
that there was heterogeneity in the AI algorithms used for clinical
trial enrollment assessment. Future studies should aim to deter-
mine the critical input parameters for classification using AI algo-
rithms to achieve the best predictive ability and reduce
computational time and resources, especially if the goal is to allow
AI to assist in clinical trial enrollment in less resource-rich regions.
Given that the AI algorithms used a large quantity and variety of
health information to make enrollment decisions, it is uncertain if
these results would be applicable to less resource-rich environ-
ments; future research could focus on implementing AI for clinical
trial enrollment when data could be limited. By harnessing the
powerful predictive and inference abilities of AI, these algorithms
could assist in and enhance clinical trial enrollment in regions
with sparse, limited, or poorly documented health-care data.
Moreover, in the context of this review, AI is used only as a screen-
ing tool. Many other patient and physician factors impact enroll-
ment into clinical trials, and as such, it is unclear if improved
screening processes would translate into increased clinical trials
enrollment in all settings.

It is also important to note that all of these studies were retro-
spective analyses rather than prospective implementation; there
may be unique challenges encountered in real-time operation,
which are yet to be discovered. The implementation of a clinical
tool and its prospective testing will inevitably reveal complexities
inherent to the clinical settings (which are likely to be institution
specific) and potential biases present in future datasets (eg, dif-
ferent patient populations, different definitions used in unstruc-
tured clinical notes). Additionally, several studies reported on
drastically different samples, ranging from small cohorts of a few
hundred patients to a large cohort of almost 48 000 patients, and
assessed eligibility for only a portion of all clinical trials con-
ducted at the hospital. As well, the authors of several studies
could not be contacted to obtain data for the meta-analysis, lead-
ing to meta-analysis conclusions drawn from a few rather than
all studies. There may exist publication bias, given this limited
data. Despite this, more than 40 000 patients were included in the
meta-analysis, across the 8 datasets reported in the 3 studies.
Finally, there is overrepresentation of the most common cancers:
breast, lung, and prostate. It is uncertain whether AI would per-
form as well in rarer tumors, where there may be more nuanced
considerations required for clinical trial enrollment.

In conclusion, based on the currently available literature, AI
appears to have comparable, if not superior, performance to
manual screening for oncology clinical trials enrollment. As well,
AI is efficient, requiring less time and resources to enroll patients;
therefore, AI should be further investigated and implemented for
this application. Future research should investigate critical

Figure 3. Receiver operator curve. Study estimates are reported by
individual circles, with the size of circle denoting weighting. Summary
point indicates summary sensitivity and specificity. HSROC ¼
hierarchical summary receiver-operating characteristic.
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parameters needed for AI algorithms and validate the use of AI
for clinical trials enrollment in less resource-rich regions and to
improve inclusivity of underrepresented patient groups.
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