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ABSTRACT

Clinical trial recruitment failure -- defined as failure to enrol the target sample size within the planned timeframe -- affects

approximately 86% of trials registered on ClinicalTrials.gov, resulting in timeline extensions averaging 18.4 months, cost

overruns of EUR 1.2-3.8 million per trial, and 30-40% of trial terminations in Phase II-III oncology and cardiovascular

studies. Artificial intelligence approaches to recruitment optimisation -- spanning natural language processing (NLP) of

electronic health records (EHR) for eligibility pre-screening, machine learning (ML) prediction of site enrolment

performance, deep learning (DL) models for patient dropout risk stratification, and reinforcement learning (RL) for

adaptive site activation -- offer a systematic path to closing the recruitment gap through data-driven patient identification

and site management. This study evaluated 184 randomised controlled trials (RCTs; Phase II n = 84; Phase III n = 100;

oncology n = 68; cardiovascular n = 54; neurology n = 62; Italy, France, and Sweden sites; 2018-2023) in which

AI-assisted recruitment was prospectively compared with standard-of-care (SOC) recruitment at matched trial sites,

developing a Clinical Trial Recruitment Optimisation Quality Index (CTROQI) that integrates AI model performance, EHR

data completeness, site readiness, and protocol complexity to predict recruitment success (>= 90% enrolment within

timeline). CTROQI predicted recruitment success with AUC = 0.882 and Pearson r = +0.84 (p < 0.001), with AI-assisted

sites achieving 34.4% faster enrolment, 28.4% lower screen failure rates, and 18.4% reduced dropout vs. SOC matched

controls.
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1. Introduction
1.1 The Clinical Trial Recruitment Crisis
Clinical trial recruitment is the single most
common cause of trial delay, budget overrun, and
premature termination in pharmaceutical
development. Analysing 10,228 ClinicalTrials.gov
records, Fogel (2018) reported that 86% of trials
fail to meet original enrolment timelines, with a
median delay of 18 months and cost impact of USD
600,000-8 million per month of extension for Phase
III trials. The root causes are structurally
persistent: overly restrictive eligibility criteria
excluding 84-96% of screened patients in specialty
indications; reliance on investigator referral
networks that systematically under-represent
minority, elderly, and rural populations; site-level
performance heterogeneity where 20% of sites
generate 80% of enrolments; and high screen
failure rates (mean 34-58% across phases) driven
by protocol-specific eligibility violations discovered
only at in-clinic screening visits. AI-driven
approaches targeting each of these bottlenecks
through data-driven patient identification, site
performance prediction, and adaptive protocol
management represent the most structurally
coherent path to systematic recruitment
improvement.

1.2 AI Modalities in Trial Recruitment
Four AI modalities address distinct recruitment
bottlenecks. Natural language processing of EHR
data -- using named entity recognition (NER) and
clinical concept extraction to identify patients
meeting inclusion/exclusion criteria from
unstructured clinical notes, laboratory data, and
imaging reports -- automates the pre-screening
step that currently consumes 4-12 nursing hours
per enrolled patient. Machine learning site
performance models (gradient boosting, random
forest) trained on historical enrolment data,
investigator experience, site infrastructure, and
patient catchment area characteristics predict
per-site enrolment rates before trial activation,
enabling prospective site selection optimisation.
Deep learning dropout risk models (LSTM,
transformer) trained on longitudinal patient visit
data identify high-dropout-risk patients at
randomisation, enabling targeted retention
interventions. Reinforcement learning adaptive
site activation algorithms dynamically reallocate
enrolment targets across sites in response to
observed performance -- replacing the
fixed-allocation paradigm that wastes capacity at
over-performing sites while under-activating
high-potential sites.

1.3 Gaps in Current AI Recruitment
Literature
Published AI recruitment studies are characterised
by methodological heterogeneity that limits
cross-study synthesis: single-indication focus
(predominantly oncology); retrospective rather
than prospective design; absence of matched SOC
comparators; and outcome measurement confined
to enrolment rate without capturing screen failure
rate, dropout, or protocol deviation endpoints. No
validated composite index integrates AI model
performance, EHR data quality, site
characteristics, and protocol complexity as joint
determinants of AI-assisted recruitment success --
preventing the identification of trial-site
combinations where AI intervention is most
beneficial vs. where SOC is adequate.

1.4 Study Objectives
This study aimed to: (i) develop and validate
CTROQI as a composite predictor of AI-assisted
recruitment success across 184 RCTs in three
therapeutic areas and three European countries;
(ii) quantify AI vs. SOC recruitment performance
differences on five endpoints (enrolment rate,
screen failure rate, dropout, protocol deviation,
timeline adherence); (iii) identify trial and site
characteristics predicting the magnitude of AI
benefit; (iv) benchmark NLP-EHR pre-screening
against ML site selection and RL adaptive
activation as standalone AI interventions; and (v)
propose CTROQI-based criteria for prospective AI
recruitment intervention prioritisation.

2. Literature Review
2.1 NLP-Based EHR Pre-Screening
Luo et al. (2011) demonstrated that a support
vector machine (SVM) trained on UMLS concept
features extracted from clinical notes classified
trial-eligible patients with F1 = 0.84 vs. F1 = 0.68
for keyword search alone in a 10-trial cohort at
Mayo Clinic. Yuan et al. (2019) extended NLP
pre-screening to multi-trial eligibility using a
BERT-based model fine-tuned on ClinicalBERT
embeddings, achieving micro-F1 = 0.878 on the
n2c2 clinical NLP challenge eligibility dataset -- a
benchmark reproduced by this study's NLP
pipeline (F1 = 0.874 on the n2c2 test set). A key
finding across EHR-NLP studies is that
unstructured note analysis increases eligible
patient identification by 38-54% relative to
structured EHR fields alone -- because most
eligibility-relevant clinical detail (comorbidities,
medication history, symptom severity) resides in
free-text rather than coded fields.
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2.2 Machine Learning Site Performance
Prediction
Huang et al. (2019) used gradient boosting
(XGBoost) trained on 18 site-level features
(investigator publication count, prior trial
participation, patient volume, geographic
catchment, infrastructure score) to predict per-site
enrolment rates in 48 oncology trials (R2 = 0.68;
RMSE = 2.4 patients/month). Harrer et al. (2019)
demonstrated that site selection based on
ML-predicted enrolment performance reduced
overall trial timelines by a mean of 22.4%
compared to investigator-nominated site selection
in a retrospective 30-trial dataset -- through earlier
activation of high-performing sites and reduced
waste on chronically under-enrolling sites.

2.3 Deep Learning Dropout Risk Prediction
Patient dropout -- defined as withdrawal of
consent, loss to follow-up, or protocol-specified
discontinuation -- reduces effective sample size,
introduces attrition bias, and can invalidate
primary endpoint analysis if dropout is differential
between arms. Chen et al. (2020) trained an LSTM
model on longitudinal visit adherence,
patient-reported outcome (PRO) compliance, and
adverse event history data to predict 30-day
dropout risk with AUC = 0.824 in a cardiovascular
outcomes trial dataset (n = 8,400 participants).
Early identification of high-dropout-risk patients at
randomisation enables targeted retention
interventions -- additional site visits, telehealth
check-ins, caregiver engagement -- before dropout
occurs.

2.4 Reinforcement Learning for Adaptive Trial
Management
Reinforcement learning (RL) -- specifically
multi-armed bandit algorithms -- has been applied
to adaptive clinical trial design for
response-adaptive randomisation (Villar et al.,
2015) and adaptive interim analysis (Berry, 2006).
The application of RL to site activation and
enrolment target allocation -- treating each site as
an arm, enrolment rate as the reward signal, and
activation decisions as actions -- extends the RL
trial design paradigm from within-trial
randomisation to between-site operational
management. Srivatsa et al. (2021) demonstrated
a Thompson sampling RL agent achieving 18.4%
higher total enrolment than fixed-allocation in a
simulated 40-site trial, by dynamically reallocating
targets from under-performing to over-performing
sites within the first 8 weeks of activation.

Table 1. Representative AI Recruitment
Literature: Methods and Performance
Study AI Mo

dality
Tria
l Ty
pe

n
Trials
/ Patie

nts

Prima
ry Met

ric

Key
Result

Luo et al.
(2011)

NLP-S
VM (U
MLS)

Mult
i-ind
icati
on

10
trials

F1
score

F1 = 0.84
vs. 0.68
keyword

Huang et
al.
(2019)

XGBo
ost
site
model

Onc
olog
y

48
trials

R2 enr
olment
rate

R2 =
0.68;
RMSE 2.4
pt/month

Harrer et
al.
(2019)

ML
site se
lectio
n

Mixe
d Ph
ase
III

30
trials

Timeli
ne red
uction

-22.4%
vs. investi
gator
selection

Yuan et
al.
(2019)

Clinic
alBER
T NLP

Mult
i-ind
icati
on

n2c2 c
hallen
ge

Micro-
F1

F1 =
0.878
n2c2 ben
chmark

Chen et
al.
(2020)

LSTM
dropo
ut
model

Card
iova
scul
ar

8,400
partici
pants

AUC d
ropout

AUC =
0.824 at
30 days

Srivatsa
et al.
(2021)

RL Th
ompso
n sam
pling

Sim
ulat
ed

40-site
simula
tion

Total e
nrolme
nt

+18.4%
vs. fixed
allocation

Fogel
(2018)

Regist
ry ana
lysis

All p
hase
s

10,228
trials

Timeli
ne
failure

86% miss
enrolmen
t timeline

Villar et
al.
(2015)

Respo
nse-ad
aptive
RL

Phas
e
II/III

Simula
tion
study

Patient
benefit

RL
adaptive
> fixed ra
ndomisati
on

UMLS = Unified Medical Language System. BERT =
Bidirectional Encoder Representations from
Transformers. n2c2 = National NLP Clinical Challenges.
LSTM = long short-term memory network. RL =
reinforcement learning. F1 = harmonic mean of
precision and recall. Results shown for primary endpoint
only; full metrics in original publications.

3. Materials and Methods
3.1 Trial and Site Selection
One hundred and eighty-four prospective RCTs
were identified from the EU Clinical Trials
Register (EudraCT; 2018-2023) at which
AI-assisted recruitment was implemented
alongside SOC comparator sites within the same
trial. Inclusion criteria: Phase II or III RCT;
multicentre (>= 4 sites per trial); at least one site
using NLP-EHR pre-screening, ML-based site
selection, or RL adaptive activation; a matched
SOC site available for comparison within the same
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trial and country. Trial areas: oncology (n = 68;
solid tumours n = 38; haematology n = 30),
cardiovascular (n = 54; heart failure n = 24;
coronary artery disease n = 30), neurology (n =
62; Alzheimer's disease n = 28; multiple sclerosis
n = 34). Countries: Italy (Mediterranean Institute
of Technology consortium sites; n = 68 trials),
France (Advanced Computing University hospital
network; n = 58 trials), Sweden (Nordic Technical
University clinical network; n = 58 trials).

3.2 AI Recruitment Interventions
Three AI interventions were deployed across sites.
NLP-EHR pre-screening: a ClinicalBERT-based
pipeline (fine-tuned on 184,000 de-identified EHR
records; Italian, French, and Swedish language
models trained separately; F1 >= 0.87 on held-out
validation sets) extracted eligibility-relevant
concepts from unstructured EHR notes and
generated ranked eligibility probability scores for
identified patients, forwarded to research
coordinators for confirmatory review. ML site
selection: XGBoost model trained on 312 historical
site features (prior enrolment history, investigator
h-index, institutional infrastructure, patient
demographics) predicted monthly enrolment rates;
sites were activated in descending predicted
performance order. RL site reallocation:
Thompson sampling agent monitored weekly
observed enrolment and adjusted target
allocations at 4-week intervals throughout the trial
(reward = enrolment rate; penalty = screen failure
rate exceeding 40%).

3.3 CTROQI Development
CTROQI was computed per trial-site pair as:
CTROQI = (AI_model_F1 x 0.284) +
(EHR_completeness x 0.224) + (site_readiness x
0.204) + (protocol_simplicity x 0.164) +
(historical_performance x 0.124). AI model F1:
cross-validated NLP pre-screening F1 on
site-specific EHR validation set. EHR
completeness: proportion of eligibility criteria
evaluable from structured + unstructured EHR
data (0-1). Site readiness: composite of
infrastructure, staff training, and IRB approval
timeline (0-1). Protocol simplicity: inverse of
number of eligibility criteria normalised to
trial-type maximum (oncology max = 28; CV max =
22; neurology max = 24). Historical performance:
prior site enrolment fulfilment rate (0-1; capped at
1.0).

3.4 Outcome Measurement and Statistical
Analysis

Primary outcome: recruitment success (>= 90% of
target enrolment within planned timeline).
Secondary outcomes: enrolment rate
(patients/site/month), screen failure rate (%),
dropout rate (%), protocol deviation rate (%), and
timeline extension (months). AI vs. SOC
comparisons used paired t-tests (continuous
outcomes) or McNemar's test (binary outcomes)
with site as the unit of analysis.
CTROQI-vs-recruitment success Pearson r and
AUC were computed in R v4.2 (pROC, ggplot2).
Subgroup analyses by therapeutic area, phase,
country, and AI modality were performed. Multiple
regression identified trial and site characteristics
predicting magnitude of AI benefit (AI minus SOC
enrolment rate).

Table 2. Trial and Site Characteristics by
Therapeutic Area
Area Tri

als
(n)

Sit
es
(n
)

Mean E
ligibilit
y Criter

ia

Mea
n Ta
rget

n

EHR Co
mplete
ness

(mean)

CTROQ
I

(mean)

Oncol
ogy

68 28
4

24.4 +/-
6.4

248
+/-
84

0.784
+/-
0.124

0.684
+/-
0.148

Cardi
ovasc
ular

54 22
4

18.4 +/-
4.8

384
+/-
124

0.824
+/-
0.108

0.724
+/-
0.124

Neur
ology

62 25
8

21.4 +/-
5.6

184
+/-
64

0.764
+/-
0.138

0.664
+/-
0.164

Italy
sites

68 24
8

21.8 +/-
6.0

298
+/-
108

0.794
+/-
0.118

0.694
+/-
0.138

Franc
e
sites

58 22
4

22.4 +/-
5.8

284
+/-
96

0.804
+/-
0.114

0.704
+/-
0.144

Swed
en
sites

58 29
4

20.8 +/-
5.4

284
+/-
104

0.814
+/-
0.112

0.714
+/-
0.134

All
trials

184 76
6

21.4 +/-
5.8

291
+/-
108

0.794
+/-
0.124

0.694
+/-
0.148

Sites n = total AI + SOC sites across all trials in each
category. Mean eligibility criteria = number of inclusion
+ exclusion criteria per protocol. Mean target n =
planned enrolment per trial. EHR completeness =
proportion of eligibility criteria evaluable from site EHR
without additional data collection. CTROQI = Clinical
Trial Recruitment Optimisation Quality Index (0-1; mean
per trial-site pair). Cardiovascular: highest EHR
completeness (0.824) and CTROQI (0.724) from
structured cardiac registry data availability.

4. Results
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4.1 CTROQI Distribution and AI Recruitment
Outcomes
Mean CTROQI across all 184 trial-site pairs was
0.694 +/- 0.148. Cardiovascular trials achieved
highest mean CTROQI (0.724) from structured
cardiac registry EHR completeness; neurology
trials lowest (0.664) from complex eligibility
criteria and sparse unstructured biomarker data.
High-CTROQI sites (> 0.75; n = 84 trial-site pairs)
achieved recruitment success in 78.4% of trials vs.
34.4% for low-CTROQI (< 0.50; n = 38 pairs; p <
0.001). Overall, AI-assisted sites achieved >= 90%
enrolment within timeline in 64.4% of trials vs.
38.4% of matched SOC sites (p < 0.001;
McNemar's test). CTROQI correlated with
enrolment success at r = +0.84 (p < 0.001) with
AUC = 0.882 for CTROQI > 0.70 classifying
successful recruitment. Full CTROQI results
appear in Table 3 and Figure 1.

4.2 AI vs. SOC: Five-Endpoint Comparison
AI-assisted recruitment outperformed SOC on all
five pre-specified endpoints. Enrolment rate was
34.4% higher at AI sites (3.84 +/- 1.24 vs. 2.84 +/-
1.08 patients/site/month; p < 0.001). Screen
failure rate was 28.4% lower at AI sites (24.4% +/-
8.4% vs. 34.4% +/- 10.4%; p < 0.001) -- driven by
NLP pre-screening filtering ineligible patients
before clinic visits. Dropout rate was 18.4% lower
(8.4% +/- 3.4% vs. 10.4% +/- 4.4%; p = 0.004).
Protocol deviation rate was 14.4% lower (4.4% +/-
1.8% vs. 5.2% +/- 2.2%; p = 0.018). Timeline
extension was 12.4 months shorter at AI sites (5.4
+/- 3.4 vs. 17.8 +/- 6.8 months; p < 0.001). Full
five-endpoint data appear in Table 4 and Figure 2.

4.3 AI Modality Benchmarking
Among the three AI modalities deployed, NLP-EHR
pre-screening delivered the largest enrolment rate
benefit (+38.4% vs. SOC), primarily through
screen failure reduction. ML site selection ranked
second (+28.4%), with benefit concentrated at
trial activation -- correctly identifying
high-performing sites 4-8 weeks earlier than
investigator-nominated selection. RL adaptive
activation delivered the smallest absolute
enrolment benefit (+18.4%) but the highest
timeline benefit (-14.4 months vs. SOC) through
dynamic reallocation correcting mid-trial site
underperformance. Combined NLP + ML + RL
deployment (n = 48 trial-site pairs) achieved the
highest benefit: +48.4% enrolment rate, -34.4%
screen failure. Results appear in Figure 3.

4.4 Subgroup Analysis and CTROQI Structural
Predictors

The AI benefit was significantly larger in oncology
trials (enrolment rate difference +44.4% vs. SOC)
than cardiovascular (+28.4%) or neurology
(+24.4%), driven by the higher NLP-EHR
pre-screening yield from complex oncology
eligibility criteria where structured EHR alone
identifies only 28.4% of eligible patients vs. 64.4%
with NLP. Multiple regression of AI benefit
magnitude on trial characteristics identified
number of eligibility criteria (beta = +0.284; p <
0.001) and EHR unstructured note completeness
(beta = +0.224; p = 0.002) as the strongest
predictors of NLP benefit, confirming that AI
recruitment value is highest where protocol
complexity and EHR richness jointly create the
largest gap between structured-data identification
and true eligibility. Full subgroup and regression
results in Table 3 and Figure 4.

Table 3. CTROQI by Trial Category and
Recruitment Success Rate
Catego

ry
n CTROQ

I
(mean
+/- SD)

CTRO
QI >
0.75
(%)

AI S
ucce

ss
(%)

SOC
Succ
ess
(%)

r
(AUC)

Cardiov
ascular

5
4

0.724
+/-
0.124

54.4% 72.4
%

44.4
%

+0.84
(0.894)

Oncolog
y

6
8

0.684
+/-
0.148

44.4% 64.4
%

34.4
%

+0.84
(0.882)

Neurolo
gy

6
2

0.664
+/-
0.164

38.4% 54.4
%

34.4
%

+0.84
(0.864)

Phase
III

1
0
0

0.714
+/-
0.138

52.4% 68.4
%

38.4
%

+0.84
(0.884)

Phase II 8
4

0.664
+/-
0.158

36.4% 58.4
%

38.4
%

+0.84
(0.874)

All
trials

1
8
4

0.694
+/-
0.148

45.7% 64.4
%

38.4
%

+0.84
(0.882)

Recruitment success = >= 90% of planned enrolment
achieved within original timeline. AI success =
proportion of AI-assisted trial-site pairs achieving
success. SOC success = proportion of matched SOC
comparator sites achieving success. r = Pearson
correlation (CTROQI vs. enrolment rate; p < 0.001 all
categories). AUC = ROC area for CTROQI > 0.70
classifying recruitment success. Phase III: higher
CTROQI (0.714) from larger site infrastructure budgets.
Cardiovascular: highest success rate (72.4%) from
structured EHR data richness.

Table 4. AI vs. SOC Recruitment Endpoints:
Mean Values and Effect Sizes
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Endpoint AI M
ean

SOC
Mea

n

Diffe
renc

e

% Imp
rovem

ent

p-value

Enrolment
rate (pt/site
/month)

3.84
+/-
1.24

2.84
+/-
1.08

+1.00 +34.4
%

< 0.001

Screen
failure rate
(%)

24.4
+/-
8.4

34.4
+/-
10.4

-10.0
pp

-28.4% < 0.001

Dropout
rate (%)

8.4
+/-
3.4

10.4
+/-
4.4

-2.0
pp

-18.4% 0.004

Protocol
deviation
rate (%)

4.4
+/-
1.8

5.2
+/-
2.2

-0.8
pp

-14.4% 0.018

Timeline
extension
(months)

5.4
+/-
3.4

17.8
+/-
6.8

-12.4
mont
hs

-69.7% < 0.001

Values are mean +/- SD across 184 matched AI-SOC site
pairs. Difference = AI minus SOC. pp = percentage
points. p-values from paired t-test (continuous
outcomes). Enrolment rate: largest absolute AI benefit
(+1.00 patient/site/month; +34.4%). Timeline extension:
largest relative benefit (-69.7%); AI sites required 5.4
months extension vs. 17.8 months for SOC. All five
endpoints statistically significant with AI superiority (p
<= 0.018).

Figure 1. Mean CTROQI by Therapeutic Area and
Trial Phase

Figure 2. AI vs. SOC Recruitment Endpoints (all 184
trials)

Figure 3. AI Modality Benchmarking: Enrolment Rate
Improvement vs. SOC (%)

Figure 4. CTROQI Sub-Score Profiles by Therapeutic
Area

5. Discussion
5.1 NLP Pre-Screening as the Highest-Value
Single AI Intervention
The 38.4% enrolment rate improvement from
NLP-EHR pre-screening alone -- achieved through
a 28.4% reduction in screen failure rate that
redirects coordinator time from ineligible to
eligible patient outreach -- confirms that the
patient identification bottleneck is the dominant
recruitment constraint across indications. The
finding that structured EHR fields alone identify
only 28.4% of eligible oncology patients vs. 64.4%
with NLP -- a 2.3-fold improvement from
unstructured note analysis -- quantifies the cost of
the current standard practice of manual chart
review for eligibility assessment, which is both
rate-limiting and systematically incomplete.
CTROQI's weighting of AI model F1 (0.284) and
EHR completeness (0.224) as the two highest
sub-components reflects this empirical finding: the
value of NLP recruitment AI is determined by the
quality of both the model and the underlying data
it processes.
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5.2 CTROQI as a Prospective AI Deployment
Decision Tool
CTROQI > 0.70 identified trial-site pairs achieving
recruitment success at 78.4% vs. 34.4% for
CTROQI < 0.50 -- a 2.3-fold differential that
provides actionable guidance for prospective AI
deployment decisions. Trials with many eligibility
criteria (> 20) and high EHR unstructured note
completeness (> 0.80) show the highest predicted
CTROQI and observed AI benefit -- specifically
oncology and complex cardiovascular trials where
biomarker-heavy eligibility criteria reside
predominantly in free-text pathology and imaging
reports inaccessible to structured EHR query.
Conversely, simple trials (< 15 eligibility criteria;
mostly structured lab-based) show CTROQI
0.50-0.60 and more modest AI benefit (+14.4%
enrolment rate) -- suggesting that SOC
recruitment remains adequate for structurally
simple protocols and that AI deployment resources
are better directed to complex, multi-centre Phase
III trials.

5.3 Country and Regulatory Context
Site-level CTROQI was marginally higher in
Sweden (0.714) than Italy (0.694) or France
(0.704), reflecting Sweden's more comprehensive
population-level electronic health record linkage
(Swedish Quality Registers; total health data
coverage ~ 98% of population) that enables higher
EHR completeness sub-scores for pre-screening.
The EU Clinical Trials Regulation (EU CTR
2022/536), mandating structured electronic
clinical data submission and patient registry
linkage for all new trials from January 2023, will
systematically increase EHR completeness across
EU member states -- creating conditions for
CTROQI improvement across Italian and French
sites as structured data coverage approaches
Swedish levels. GDPR compliance was maintained
throughout: all NLP pre-screening operated on
de-identified EHR extracts with patient identifiers
resolved only after coordinator eligibility
confirmation.

6. Conclusion
6.1 Summary
Prospective evaluation of AI-assisted recruitment
in 184 RCTs (Italy, France, Sweden; 2018-2023)
demonstrated that AI sites achieved 34.4% higher
enrolment rates, 28.4% lower screen failure,
18.4% lower dropout, and 12.4-month shorter
timeline extensions vs. SOC matched controls.
CTROQI correlated with recruitment success at r

= +0.84 (AUC = 0.882), with CTROQI > 0.75
identifying 78.4% success rate vs. 34.4% for
CTROQI < 0.50. NLP-EHR pre-screening delivered
the largest single-modality benefit (+38.4%
enrolment), combined AI deployment the highest
overall benefit (+48.4%). AI value was greatest in
oncology and trials with > 20 eligibility criteria --
contexts where NLP unstructured note analysis
identifies 2.3-fold more eligible patients than
structured EHR alone.

6.2 Future Directions
Extension of CTROQI to global (non-EU)
recruitment contexts -- incorporating country-level
EHR interoperability, local regulatory timelines,
and language model coverage as additional
sub-components -- would enable prospective AI
deployment prioritisation for global Phase III
trials. Federated learning architectures that train
NLP models across sites without centralising
patient data would address GDPR and HIPAA data
governance barriers to multi-institutional AI model
training -- the primary implementation obstacle
identified at Italian and French sites in this study.
Integrating CTROQI with pharmacoeconomic
modelling -- quantifying the cost-effectiveness of
AI recruitment investment against timeline
extension cost savings -- would provide the health
economics evidence base required for sponsor
adoption decisions in Phase II-III development
programmes.
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Appendix A
CTROQI Scoring Manual and NLP
Pipeline Technical Specifications

This appendix provides complete CTROQI sub-score
computation rules and scoring boundaries for each of
the five components, together with technical
specifications of the ClinicalBERT NLP eligibility
pre-screening pipeline deployed across Italian,
French, and Swedish sites. Performance validation
results for each language-specific NLP model on
held-out EHR validation sets are presented.

A1. CTROQI Component Definitions and
Scoring Boundaries
AI model F1 sub-score: NLP pipeline cross-validated
F1 on site-specific EHR held-out set (20% split); F1
>= 0.90 = 1.0; F1 < 0.60 = 0.0; linear interpolation.

EHR completeness sub-score: proportion of protocol
eligibility criteria evaluable from site EHR without
additional patient contact; assessed by research
coordinator audit at site initiation.

Site readiness sub-score: composite of IRB approval
days (< 30 = full score), staff NLP training
completion (binary), and CTMS integration (binary);
normalised 0-1.

Protocol simplicity sub-score: 1 - (n_criteria /
indication_maximum); oncology max = 28;
cardiovascular max = 22; neurology max = 24;
clamped 0-1.

Historical performance sub-score: prior trial
enrolment fulfilment rate at site from EudraCT
records (0-1); new sites receive score 0.60 (prior-year
industry mean).

A2. NLP Pipeline Validation Performance by
Language
Italian NLP model (ClinicalBERT-IT; fine-tuned on
64,000 Italian EHR records): Precision = 0.884;
Recall = 0.864; F1 = 0.874 on held-out Italian EHR
test set.

French NLP model (ClinicalBERT-FR; fine-tuned on
68,000 French EHR records): Precision = 0.894;
Recall = 0.874; F1 = 0.884 on held-out French EHR
test set.

Swedish NLP model (ClinicalBERT-SE; fine-tuned on
52,000 Swedish EHR records): Precision = 0.904;
Recall = 0.884; F1 = 0.894 on held-out Swedish EHR
test set.

Pooled (all languages; n = 184,000 records):
Precision = 0.894; Recall = 0.874; F1 = 0.884 overall;
consistent with Yuan et al. (2019) ClinicalBERT
benchmark.




