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Clinical trial-site selection is often inefficient, leading to low enrolment,
poor participant diversity and costly delays. We developed DocTr, a cross-

modal deep learning framework to optimize this process. DocTr uniquely
integrates patient encounter data from medical claims, unstructured trial
documents and historical enrolment relationships from OpenPayments
datatorecommend clinicianinvestigators, specifically optimizing for
recommendation accuracy, demographic fairness and operational
efficiency. Evaluated on 24,984 clinicians and 5,210 trials, DocTr achieved
58% higher match similarity than leading baselines. A genetic optimization
algorithm further refines recommendations, improving fairness scores
related to patient race and ethnicity by up to 25% compared with the ground-
truth enrolment while minimizing competing trials to near zero. DocTr also
provides accurate recruitment cost estimations. By making site selection
substantially more efficient, accurate and fair, this model offers a powerful
method to accelerate patient access to new therapies.

Clinical trials are essential for medical advancement, but their success
depends on effective trial site and investigator selection, which signifi-
cantlyimpacts recruitment and outcomes. Identifying suitable clinicians
remains challenging'. Traditional manual recruitment methods are slow,
biased, geographically limited and often overlook optimal sites. This
inefficiency leads to poor enrolment (37% of sites under-enrol, 11% enrol
none) and costly delays (80% of trials miss timelines, costing $600,000
to $8 million daily)*’. A study analysing trial recruitment from 2007 to
2010 revealed that more than 60% of planned recruitmentsites enrolled
fewerthan100 patients, and nearly 15% failed to recruit any participants®*.

An artificial intelligence (Al) system matching clinicians to trials
using their patient data and trial criteria offers a promising solution.
Different from existing patient-trial matching methods that assess
individual eligibility>¢, we focus on clinician-level site recommenda-
tionbased on population characteristics. By aligning clinicians’ patient
populations with trial needs, such systems canimprove recruitment effi-
ciency, boostenrolmentsuccess, reduce screening failures and mitigate
bias. However, building this system faces challenges. On the datalevel,
acquiringlarge-scale, high-quality linked data (clinician history, patient
encounters, trial criteria, enrolment information) is hindered by data

silos, privacy regulations and integration complexity. Onthe task level,
effectively using diverse real-world data (free-text trial documents,
tabular patient and clinician data) requires cross-modal methods.
Recommendations must also balance multiple objectives: accuracy,
fairness, diversity and minimizing concurrent trial competition.

To address these challenges, we introduce DocTr, a cross-modal
deep learning model for clinician recommendation (Fig.1). Our contri-
butions are fourfold. First, we constructed alarge-scale linked trial-site
dataset by integrating public data sources such as trial documents,
patient claims, census data and clinician-trial payment relationships
from OpenPayments (https://openpaymentsdata.cms.gov/).Second,
DocTr demonstrates superior site recommendation performance. It
utilizes a cross-modal graph architecture with genetic optimization for
ranking and, when evaluated on 24,984 US clinicians and 5,210 trials,
achieved arecommendation similarity score of 0.6, which is 58% higher
thanleadingbaselines. This result highlights its strong zero-shot capa-
bility and robustness. Third, DocTr produces fair recommendations
while minimizing competing trials. A genetic optimization sub-module
enhances fairness, increasing race and ethnicity fairness entropy by 9%
and 25%, respectively, compared with the ground truth, and reduces
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Fig.1| Overview of the proposed DocTr model. The pretrained ClinicalBERT
processes the unstructured trial summary and criteria text, which are inputted
into a text semantic encoder to obtain summary and criteriaembeddings,
denoted as e;and e,, respectively. Patient encounter vectors, which include
counts of all ICD-10 codes, are processed through a code semantic encoder

to produce encounter embeddings, denoted as e.. The heterogeneous graph
convolutional network processes the enrolment graph between trials and
clinicians to generate structural-enriched trial embeddings g,and clinician
embeddings g.. All clinician and trial embeddings are merged to compute the

final matching score. Fairness scores are calculated based on sensitive features,
including geographic locations, race and ethnicity. These scores are then ranked
by agenetic algorithm to generate the final recommendation list for the trial. The
final recommendation performance is evaluated from different perspectives
including accuracy, fairness, competing trials and cost. GAT, Graph Attention
Network; NCTID, National Clinical Trial Identification Number; NPI, National
Provider Identifier. Clinical, medical term, USA and fairness icons from Freepik
(www.freepik.com); all other icons from Flaticon.com (www.flaticon.com).

the average number of competing trials to near zero. Finally, the model
provides practical cost estimations for both trials and specific clini-
cians, offering valuable financial insights for planning and budgeting.

Results
Here we report our dataset, task formulation and how DocTr sub-
stantially improves the accuracy of clinician recommendations

for clinical trials while simultaneously enhancing fairness and
operational efficiency.

The linked dataset and evaluation metrics

Tobuild amodel capable of effective clinician-trial matching, we con-
structed a unique linked dataset by integrating data from four pri-
mary sources. We sourced trial details, including eligibility criteriaand
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Table 1| Model performance under temporal split setting. Performance metrics are reported as mean (s.d.)

Model CS@GT (1) CS@5 (1) CS@10 (1) CS@20 (1)
Ground Truth 014 (=) 0.30 (—) 0.21(—) 0.16 (—)
Random 0.05 (0.12) 0.01(0.18) 0.07 (0.23) -0.05 (0.30)
Popular 018 (—) 017 (=) 0.24 (—) 012 (=)
LightGCN 0.30(0.04) 0.27 (0.05) 0.25 (0.03) 0.26 (0.04)
ConvNCF 0.33(0.03) 0.34(0.02) 0.35(0.02) 0.35(0.04)
NCL 0.37(0.05) 0.38 (0.05) 0.37(0.04) 0.37(0.03)
Doc2Vec 0.30(0.02) 0.32(0.02) 0.32(0.03) 0.33(0.03)
FRAMM 0.35(0.03) 0.37(0.03) 0.37(0.02) 0.36 (0.04)
DocTr-semantic 0.42 (0.04) 0.43 (0.04) 0.43(0.03) 0.43 (0.03)
DocTr-structural 0.36 (0.03) 0.37(0.02) 0.36 (0.04) 0.35(0.04)
DocTr 0.60 (0.02)* 0.60 (0.02)* 0.60 (0.04)* 0.60 (0.03)*

*The performance difference is statistically significant (P<0.01). Bold numbers indicate best performance. We evaluate the performance of top K recommended clinicians, shown as CS@K.
CS@GT sets K to the actual number of clinicians who enrolled in each trial, thereby varying K across different trials.

summaries, from ClinicalTrials.gov (https://clinicaltrials.gov/). Patient
encounter records were derived from the large, de-identified IQVIA
medical claims database (https://www.iqvia.com/solutions/real-world-
evidence/real-world-data-and-insights), from which we profiled each
clinician using a five-year average (2016-2020) of their patient counts
across 1,718 distinct three-digit ICD-10 (The International Classifica-
tion of Diseases, 10th Revision) codes. We also incorporated regional
census data for subsequent fairness evaluations’. The final integrated
dataset used for this study encompasses 5,210 clinical trials and 24,984
clinicians across the USA.

Thecrucial link between these disparate datasets is the OpenPay-
ments database (https://openpaymentsdata.cms.gov/), administered
by the Centers for Medicare & Medicaid Services (CMS). This public
resource tracks payments from industry sponsors to healthcare pro-
viders. By matching trial National Clinical Trial Identification Number
from ClinicalTrials.gov and clinician National Provider Identifiers from
claims datawith the payment records in OpenPayments, we established
a historical connection between specific clinicians and the trials they
participated in. These documented payment relationships serve as
the ground truth for our model, representing a real-world proxy for a
clinician’s enrolmentin a given trial. This integrated dataset provides
a comprehensive view of clinician expertise, their access to relevant
patient populations and their historical trial engagement. The data
statistics about trials and clinicians used in this work are shown in
Supplementary Table 2.

Using this dataset, we formulate the site selection problem as a
clinician ranking task. The objective is to develop amodel that takes a
clinicaltrialand aclinicianasinput and computes amatchingscore. For
any giventrial, the model ranks a pool of candidate clinicians based on
their matchingscores, producing an ordered list of recommendations.

To benchmark our model, we compared it against a diverse set
of baselines, including naive methods (random selection, popular-
ity-based selection), general-purpose recommendation models (for
example, Light GCN®, NCL’ and ConvNCF"), and specialized clinical
trial models (Doc2Vec", FRAMM®). Furthermore, to isolate the con-
tributions of our model’s key components, we conducted an ablation
study by evaluating two variants: DocTr-semantic, which relies only
on semantic information from trial documents and patient data; and
DocTr-structural, which uses only structural information from the
historical enrolment graph.

Our primary evaluation metricis composite similarity (CS), which
measures the similarity between the profiles of recommended cli-
nicians and those of the ground truth clinicians who were actually
enrolledinatrial. Ahigher CSscoreindicates abetter match. Wereport

this metric for fixed-size recommendation lists with the top K highest
matchingscores, denoted as CS@K (for K=5,10,20), and for alist size
matchingthe actual number of enrolled clinicians in each trial, denoted
as CS@GT (Ground Truth). To assess fairness, we use entropy to meas-
ure the diversity of recommendations across sensitive attributes like
race and ethnicity, where higher entropy signifies greater diversity.
Finally, for cost and enrolment predictions, we evaluate accuracy
using the concordance correlation coefficient (CCC), where a value
oflindicates perfect agreement. A detailed description of all inputs,
models and metrics can be found in the Methods. The experiments
were designed to assess DocTr’s recommendation accuracy, its ability
to promote fairness while minimizing competing trials, and its utility
in practical financial planning.

The clinician recommendation performance for new unseen
clinical trials

This approach mimics the real-world scenario in which trial-site
managers are required to identify suitable clinicians from scratch
forupcomingtrials. To assess DocTr’s generalization and adaptability,
we evaluate it under a challenging temporal split setting, dividing
data 8:1:1 based on trial start times. This ensures test set trials (start-
ing 5 October 2020 to 31 December 2026) are entirely unseen during
training (10ctober 1989 to 3 October 2019) and validation (4 October
2019 to 5 October 2020), potentially including unseen clinicians. Of
the 3,767 unique clinicians in the test set, 1,027 (27.3%) were entirely
new to the model.

Performance results (Table 1) show DocTr significantly outper-
forms all baselines. Compared with the best baseline, NCL, DocTr
achieves a 58%-62% higher CS score (0.60 versus 0.37 and 0.38). This
scorealso exceeds the ground truth CS, which measures the similarity
among clinicians actually enrolled in the trials. Both ablated versions
also outperform baselines but show a significant gap compared with
the full DocTr, indicating each model componentisimportant. As test
trials are new and absent from the training relationship graph, struc-
turalinformation provides less predictive power here compared with
the semantic model.

We also evaluated DocTr under regular settings, using a typical
random 8:1:1data split. Although the same clinicians and trials might
appear across sets, each unique clinician-trial enrolment relationship
is exclusive to one set. Results (Supplementary Table 1) show DocTr
significantly surpasses all baselines, achieving up to19% higher CS than
the best baseline FRAMM. When comparing performance between
regular and temporal settings (Supplementary Fig. 2), DocTr’s per-
formance declined only 12%, markedly less than the average baseline
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Table 2 | Entropies of fairness attributes in the
recommended clinicians.

Model CS@GT (1) Raceentropy Ethnicity Geographical
) entropy (1) entropy (1)
Ground Truth 014 (—) 0.43(—) 0.59 (—) 0.67(—)
Random 0.05(012)  0.42(0.06) 0.58 (0.05) 0.66 (0.02)
Popular 0.18(—) 0.36 (—) 0.61(—) 0.68(—)
LightGCN 0.30(0.04) 0.41(0.03) 0.61(0.04) 0.66 (0.02)
ConvNCF 0.33(0.03) 0.42(0.02) 0.59(0.03) 0.66(0.02)
NCL 0.37(0.05) 0.42(0.01) 0.58(0.03) 0.65(0.01)
Doc2Vec 0.30(0.02) 0.41(0.02) 0.58(0.03) 0.66(0.02)
FRAMM 0.35(0.03) 0.44(0.02) 0.63(0.04) 0.66(0.02)
DocTr-regular ~ 0.60(0.02) 0.43(0.03) 0.60(0.03) 0.66(0.02)
DocTr-genetic  0.61(0.02) 0.47(0.03)* (0.02)* 0.67(0.02)

The performance metrics are reported as mean (s.d.). *The performance difference is
statistically significant (P<0.01). Bold numbers indicate best performance.

drop of 43%. This smaller performance gap highlights DocTr’s stabil-
ity, stemming from its effective use of both semantic and structural
information when encountering unseen data. Furthermore, DocTr
consistently outperformed FRAMM across all clinical trial phases and
major disease categories evenin the challenging temporal split evalu-
ations (Supplementary Fig. 1).

Fairness and competing score of the clinician
recommendations

This section evaluates how our genetic algorithm enhances fairness and
reduces competing trials inrecommendations. The algorithm assigns
equal weight to sensitive attributes (race, ethnicity, geography). Fair-
nessis measured using entropy'?, where higher valuesindicate greater
diversity. As the genetic algorithm alters the recommendation results,
we also report the altered CS score. All results are from the temporal
split setting (Table 2).

We compare DocTr-genetic (optimized recommendations) with
DocTr-regular (based solely on matching scores). The genetic algo-
rithm significantly improved fairness without compromising perfor-
mance (composite similarity). Compared with the best baseline model,
DocTr-geneticincreased race and ethnicity fairness entropy by 7% and
17%, respectively. Geographical entropy showed no significant change,
potentially because of the initially wide USA-based candidate distribu-
tion; improvements might be more evident in geographically focused
searches. The ground-truth clinician fairness scores were higher than
most general recommenders, suggesting fairness considerations in
trial design. Figure 2a,b compares race and ethnicity distributions
for DocTr-genetic, the baseline FRAMM and the ground truth. Our
study focused on race and ethnicity as primary optimization targets
because of the profound and persistent disparities in these areas.
Although gender was also considered in our model, the gender distri-
butionisalready diversein the dataset. Therefore, baseline disparities
and subsequent improvements were less pronounced in our dataset
(entropy =0.999).

Figure 2c shows that DocTr-genetic reduced the average number
of competing trials per reccommended clinician to near zero (0.03),
a marked improvement over DocTr-regular (2.1 competing trials).
Thisreduction enhances operational efficiency. Traditional methods
might favour frequently chosen clinicians, increasing competition.
By contrast, the genetic algorithm explores diverse clinician combi-
nations, considering expertise, patient data, history and current trial
load, thereby improving diversity and reducing competition without
sacrificing relevance. This balanced approachis crucial for ethical and
practical aspects of clinical trial recruitment.

Estimating recruitment costs and enrolments for trials and
clinicians

Estimating trial recruitment costs and enrolments is crucial for opti-
mizing financial planning and operational efficiency. Accurate pre-
dictions enable better resource allocation and minimize financial
waste. DocTr utilizes its cross-modal embeddings to achieve precise
estimations by identifying similarities with existing trials and clini-
cians. We evaluate accuracy at both trial and clinician levels (Fig. 3).
In the trial-level estimation, for a test trial, we identify the top three
closest trial embeddings via cosine distance. The average costs and
enrolments from these similar trials (sourced from payment data and
trialdocuments) provide the estimate. Inthe clinician-level estimation,
for a target clinician, we find the top three closest clinician embed-
dings. Their average recruitment costs (from payment data) estimate
the target clinician’s cost. As ground truth enrolment per clinician is
unavailable, we use payment amounts as a proxy, assuming enrolment
is proportional to payment.

As shown in Table 3, the model demonstrated strong predictive
accuracy across multiple financial and enrolment metrics. The esti-
mation of total cost per trial achieved a CCC of 0.83, indicating a high
degree of agreement between predicted and actual costs. Similarly,
at the clinician level, DocTr accurately estimated the total cost per
clinician (CCC=0.75) and the average cost per enrolment per clinician
(CCC=0.84). Although the prediction for total enrolment per trial
was more moderate (CCC = 0.57), the strong performance on cost-
related metrics reflects the precision of DocTr’s learned embeddings.
These results show the efficacy of the joint embeddings in capturing
latent financial and operational patterns. This foresight can facilitate
strategic decision-making, such as selecting cost-effective recruit-
ment strategies and prioritizing trials based on financial feasibility,
thereby helping to balance cost management with the advancement
of medical research.

Discussion

Inthis study, weintroduced DocTr, a cross-modal deep learning recom-
mendation model designed to effectively match clinicians with clinical
trials. DocTrintegrates diverse datasources—clinical trial documents,
patient encounter claims and clinician-trial payment relationships—
creating comprehensive embeddings enriched with semantic and
structural insights from historical enrolment data. Tested rigorously
on a large-scale dataset (24,984 clinicians, 5,210 trials) using regular
and temporal splits, DocTr demonstrated superior performance. It
achieved 58% higher similarity in clinician recommendations compared
with the best baseline when evaluated on unseen, newly proposed tri-
als. DocTr also showed robustness and versatility across all trial phases
and disease categories.

Beyond matching accuracy, a key advancement of our work is
the integration of a genetic optimization algorithm to enhance rec-
ommendation fairness and operational efficiency. This component
significantly enhanced recommendation fairness regarding ethnicity,
race and geography. DocTr also effectively minimized competing trials
among recommended clinicians to near zero,acommon recruitment
challenge. Furthermore, the model provided accurate recruitment cost
estimates, aiding budget management and planning. Race and ethnic-
ity are not used in any part of the primary matching score calculation.
Instead, demographic data are used exclusively as a post-processing
optimization factor within the genetic algorithm. The categories for
race and ethnicity are drawn directly from the US Census Bureau to
align with national standards. Although DocTr cannot address ineq-
uities embedded within the protocol’s text”, it is designed to address
inequities in the site selection process. By identifying a broad pool of
qualified clinicians beyond the usual networks and then using a genetic
algorithm to explicitly optimize for geographic and demographic
diversity among the recommended sites, DocTr works to mitigate the
systemic biases that occur during recruitment.
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truth distribution. b, Ethnicity distribution of the clinician listis
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of ongoing competing trials in the recommended clinicians. DocTr-genetic
improves the recommendation results to near-zero competing trials.
Barsrepresent the meanand error barsindicate +s.d. The sample size,
n=>5independent model evaluations, was performed using different
random seeds.

Although our model focuses on data-driven factors, we recognize
that real-world site selection is also influenced by strategic consid-
erations, particularly the involvement of key opinion leaders (KOLs).
Pharmaceutical sponsors may prioritize engaging KOLs to enhance a
trial’s credibility, facilitate adoption of the new therapy upon approval
and guide the trial’s scientific direction. DocTr, by design, focuses on
optimizing for recruitment potential by matching trial criteria to cli-
nician practice patterns and enrolment history. It does not explicitly
model a clinician’s influence or reputation, because these qualitative
attributes are not captured in claims or payment data. Therefore, we
see DocTrnotas areplacement for strategic planning, but as a powerful
complementary tool. It canbe used to generate arobust, data-validated
list of high-potential sites, which trial managers can then refine based
on strategic priorities like KOL inclusion. It is worth noting, however,
that the OpenPayments data used to build our enrolment graph may be
correlated with KOL status, because influential clinicians often receive
higher payments for trial leadership and consulting roles. This suggests
animplicit signal of influence may already be captured in the model’s
structural component. Future research could explore incorporating
proxies for KOL status, such as publication records or grant awards, to
create an even more comprehensive recommendation system.

Akey distinction of our work s its focus on clinician-level site rec-
ommendation, which differs fundamentally from existing patient-trial
matching approaches®** focused onindividual eligibility (a classifica-
tion task requiring granular electronic health records). By operating
upstream to identify optimal sites before individual recruitment,
DocTr complements patient-matching systems, enhancing outreach
efficiency and maximizing population-level recruitment probability.

Despite these strengths, This research has certain limitations.
Cost estimation accuracy may be affected by biases or ambiguities in
OpenPayments data (for example, unclear payment purposes, under-
representation of non-industry trials, shared payments). Using ICD-10
codes as input might introduce bias, because they are primarily bill-
ing codes potentially influenced by reimbursement factors. This is
particularly relevantin highly subspecialized fields like oncology and
cardiology, in which our model showed slightly lower performance.
An analysis of our data confirmed that clinicians in these fields have
significantly sparser patient encounter vectors (average LO norm of
0.4 versus 0.6 for other domains). When a clinician’s practice is highly
focused on a narrow set of conditions (for example, a specific cancer
type), the sparsity in clinician vectors will have a larger effect on the
cosine similarity, which leads to worse performance. Using more com-
prehensive clinician information beyond ICD codes could mitigate
thisissue in future work. However, our results show they provide suf-
ficient signal for population-level matching. Similarly, our approach
to evaluating fairness relies on using the clinician’s practice zip code
and census data as a proxy for their patients’ demographic distribu-
tion. Thisisanotable simplification, because the actual demographic
makeup of a clinician’s patient panel can differ substantially from that
of the surrounding area, especially for specialists who draw patients
fromawider region. This approximation was necessary because of the
absence of patient-level demographic datain our claims dataset, but it
should be considered a key constraint when interpreting our fairness
entropy scores. Moreover, the concept of diversity in clinical trials is
multi-faceted, encompassing not only race, ethnicity, and geogra-
phy, but also other critical factors like age, gender, socio-economic
status and disability, as expertly detailed in recent literature™ . The
exclusion of these fairness metrics is a decision necessitated by the
absence of reliable patient-level datain our source claims dataset and
the inadequacy of geographical census data as a proxy for these vari-
ables. Another limitation is the model’s geographical scope, which is
currently limited to US clinicians because of data constraints.

Furthermore, the accuracy of the cost estimation results is con-
strained by assumptions. The OpenPayments data do not specify
whether payments are directly for recruitment versus other activities
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Table 3 | Accuracy of the recruitment cost and enrolment
estimation for clinical trials and clinicians

Recruitment cost cccC (1)

Total cost per trial 0.83(0.03)
Total enrolment per trial 0.57(0.03)
Average cost per enrolment per trial 0.54(0.02)
Total cost per clinician 0.75 (0.03)
Total enrolment per clinician 0.82 (0.03)
Average cost per enrolment per clinician 0.84 (0.02)

(for example, consulting), and they represent only a fraction of total
trial costs, most of which are paid to institutions rather thanindividu-
als. Our assumption that payments are proportional to enrolment is
anecessary proxy, not a reflection of complex real-world financial
arrangements. Therefore, the cost estimations should be interpreted
asdirectional financial insights rather than comprehensive budgetary
predictions. The challenge of disambiguating payments linked to mul-
tiple clinicians also persists. Lastly, our use of ClinicalBERT with mean
pooling to generate sentence embeddings, although effective, could
potentially be improved by using dedicated sentence transformer
models™, which are specifically optimized for semantic retrieval and
may offer enhanced performance. Future work could address these
limitations by incorporating richer datasets (institutional informa-
tion, detailed enrolment history, structured electronic health records,
clinical notes, recruitment status and indications for competing trials
calculation), extending or testing DocTr globally, and conducting pub-
licengagement, especially in diverse and hard-to-reach populations.

Methods

This section details our methodology for recommending clinical
trial sites, integrating NLP, graph-based learning and fairness-aware
optimization. It comprises three key components: (1) generating
semantic-enriched embeddings from trial and patient data; (2) cre-
ating structural-enriched embeddings from enrolment history; and
(3) amatching algorithm balancing accuracy, fairness and practical
constraints. All patient datain this study are statistically de-identified
and certified as compliant with the Health Insurance Portability and
Accountability Act. Because this study utilized fully anonymized,

pre-existing data, it was considered non-human subjects research,
and thus a waiver of consent and specific institutional review board
approval for this secondary analysis were not required.

Task formulation
Formally, in this paper, Ny represents the number of trials and N.and
denotes the number of clinicians. The model utilizes the distribution
of patients across various disease codes as a proxy for the encounter
capabilities of clinicians. The distribution of patients across disease
codes in a clinician’s practice provides a quantifiable representation
of their clinical focus and expertise domains. This distribution reflects
boththeclinician’s expertise and their access to relevant patient popu-
lations—two critical factors for successful trial recruitment.
Tomodel trials, we incorporate trial document information such
asinclusion criteria, research summaries, disease categories and trial
phases. The model is trained to generate ranked lists of clinicians
for each trial. We outline the model inputs and the matching task as
detailed below.

Input 1 (clinician data). The patient encounter vector for a clinician
¢ € RMisthe patient counts categorized under N, different ICD-10 codes
associated with the clinician, aggregated to three digits. This vector is
derived from patient-level claims records by clinicians’ ID (National
Provider Identifier) using IQVIA's real-world claims dataset (https:/www.
iqvia.com/solutions/real-world-evidence/real-world-data-and-insights).
We compute the annual total of patient counts and then calculate the
five-year average from2016 t0 2020 to derive c. To capture both thescale
ofaclinician’s practice and their area of specialization, thisinput vector
is constructed by concatenating two components: (1) the raw five-year
average patient counts for eachICD-10 code, and (2) anormalized vector
representing the percentage distribution of these counts.

Input 2 (trial data). Each trial tincludes a trial summary s, inclusion
criteria r and trial condition category codes d. This information is
extracted from ClinicalTrials.gov (https://clinicaltrials.gov/). Both s
andr consist of free text. We exclusively focus on the inclusion criteria
because exclusion criteriado not directly assist in selecting clinicians
or trial sites and it is extremely difficult to reliably model the absence
of a condition from claims data. The condition category code d cor-
responds to ICD-10 and shares the same dimensions as the patient
encounter vector c.
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Input 3 (clinician-trial relationships). We use the payment records
from clinical trials to clinicians as a proxy for historical trial enrol-
ment patterns. The data are sourced from the OpenPayments dataset
(https://openpaymentsdata.cms.gov/). The clinician-trial relation-
ships consist of a list of pairs (¢, t, m). Each pair represents a payment
record to the clinician cassociated with the trial tidentified by the trial’s
National Clinical Trial Identification Number. The value mindicates the
payment amount in USD and is utilized in our cost evaluation.

Task (clinician-trial recommendation). The clinician-trial recom-
mendation task is framed as a ranking task. Given a clinical trial t and
aclinician c, the model calculates the matching score y = ¢(t, ¢). Fora
given clinical trial t and a set of N clinicians (c,, €,,..., ¢y,), the final
matchingresultisalist of clinicians ordered by their matching scores

(yl!er'-w YNC)-

Learning semantic-enriched embeddings from trial summary,
eligibility criteria and patient encounter information

We generate embeddings from diverse data sources (disease codes,
trial summaries, eligibility criteria) into a unified latent space using
different modules.

Learning semantic embeddings using trial documents and patient
encounters. Trial summaries and inclusion criteria (extracted viathe
trial parser'®) from ClinicalTrials.gov are embedded using Clinical-
BERT®. Formally, using ClinicalBERT, we obtain embeddings for all
summary and criteria sentences[s;,s,, ...,S,]and [, r,, ..., 1,]. We then
compute the trial summary embedding e, and the eligibility criteria
embedding e, by applying mean pooling to all sentences, as follows:

s = MeanPooling([s,,S;, -.-,Sp]) O
1

r = MeanPooling([ry, 15, ..., T,])

In addition, we derive embeddings for each clinician. Directly
using disease code vectors (that is, high-dimensional binary vectors)
asembeddings areimpractical because of the sparse and high-dimen-
sional nature of the ICD codes. Hence, we use another encoder, param-
eterized by ¢, compressing the high-dimensional disease codes into
lower-dimensional latent vectors e.. We use different encoders to gen-
erate semantic embeddings for the clinicians, criteriaand sentences as:

€. = @c(C), &5 = Py(s), e, = P,(r) ()

These capture medical conceptrelationships, improving similarity
calculations between clinicians and trials.

Enriching semantic embeddings using enrolment history. We also
leverage enrolment history of individual clinicians to enhance the
clinician’s semantic embeddings. To achieve this, we generate the enrol-
ment history embeddings for each clinician by consolidating the crite-
riar and summary s embeddings from the trials they have historically
enrolledin. The aggregation for the ith clinician is defined as follows:

@ 1 K @ 1 K
— k — k
e = D = 350 &)
here h” and hgi) arethe aggregated criteriaand trial summary embed-
dings of historical trials enrolled by the ith clinician, respectively. r®,
s® indicates the criteria and summary embeddings of the kth trial
where the ith clinician has enrolled.

Structural-enriched embeddings for clinical trials and
clinicians

Semantic similarity alone is limited, struggling with new trials and
ignoring latent preferences. We introduce structural embeddings,
incorporating enrolment history via agraph neural network.

Constructing the heterogeneous trial-clinician graph. To construct
the heterogeneous trial-clinician graph G(V, A), we start by defining
trial-clinician relationships pairs (c, t, m), where cis a clinician, tis a
trialand mindicates the paymentamount for clinician crunning trial t.
Theundirected graph comprisesanodeset Vthatincludes two distinct
types: clinicians cand trials t:

V=V, UV,
Vc = {Vc,l’ e Vc,Nc} (4)

Ve={Ve1, -, Ven

where v, represents the ith clinician node, and v, represents the jth
trialnode. We use the clinician data cas node embeddings for clinician
nodes and trial criteria embeddings t for trial nodes. The adjacency
matrix A denotes the graphedges, where eachentry A; = lindicatesan
edge between clinician node v,,;and trial node v, ;whenever thereis a
record (¢, t;, m) inthe trial-clinician pairs data.

Learning structural-enriched embeddings using heterogeneous
LightGCN. To derive structurally enriched embeddings from the trial
and clinician data, we use the a heterogeneous graph neural network
framework. In particular, we apply LightGCN®. The graph convolution
operationin LightGCN is defined as:

VR = VK
. . . (O]
A=D:AD:
where V¥ is the node embedding matrix at the kth layer, A is the sym-
metrically normalized adjacency matrix, and Dis the diagonal degree
matrix with D; = 2Ai-

Giventhe graph’s heterogeneity—where each trialnode connects
directly to clinician nodes and vice versa—it is essential to align the
trial and clinician node embeddings within the same latent space. This
alignmentisintegrated into the node embedding aggregation process:

Vlc(+1 = AIT[(Vf)

) (6)
VR = Amy(VE)

where . and i, are two mapping functions that adjust trial or clinician
node embeddings to the same space, respectively.

Thefinalnode embeddings are obtained by averaging the embed-
dings across all layers:

1 K
G=> Vb @
K&

where Kis the total number of layers. The structural-enriched embed-
dings forasingle trialand clinicianare denoted asg,and g, respectively.

Calculating matching scores and optimizing the fairness of
recommendations

We combine embeddings to calculate matching scores and use a
genetic algorithm to generate a final recommendation list optimized
for accuracy, fairness and minimal competition.

Calculating matching scores and model loss. The final matching
score between a trial and a clinician consists of two components: the
semantic matching score and the structural matchingscore.

Giventhe semantic-enriched trial summary embeddingse,, crite-
riaembeddingse,, clinicianembeddings e.and historical trial embed-
dings h,and h,, the semantic matchingscoreis calculated using the dot
product between the trial and clinician embeddings:

ﬁs = (Wlesl.e]) « (Wc[eclhr‘hs]) ®
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where [-|-] denotes vector concatenation, and W, and W, are
weight matrices that transform the concatenated vectors to the
same dimension.

Similarly, the structural matching score s calculated as:

V=88 9

where g, and g are structural-enriched summary embeddings and
criteriaembeddings, respectively.

The overall final matching score is then calculated by combining
these two scores:

y=Y;+ay, (10)
where ais alearnable parameter adjusted adaptatively to balance the
importance of semantic and structural information in the matching
process. Sorting the matching scores from highest to lowest, we can
identify the top K clinicians as the final recommendations.

To enhance the ranking results of our matching scores, we utilize
the Bayesian Personalized Ranking (BPR) loss™. The BPR loss is designed
to optimize pairwise ranking, making it particularly suitable for situa-
tionsin which we aim to maximize the relative score between positive
and negative pairs. Specifically, for each trial-clinician pair (denoted
as i) we randomly select another clinician from the candidate set
(denoted asj) to act as a negative example. The objective is to ensure
that the model assigns a higher score to the positive trial-clinician pair
Y;thanto the randomly selected negative pair y;. Mathematically, the
BPRlossis formulated as:

£ ==Y, log(oy, -y +Alel’ 1)

where gis the sigmoid function, and 1)@ %is aregularization term that
helps to prevent overfitting by penalizing large weights in the model.
The modelis optimized by minimizing this loss function, which effec-
tively maximizes the margin between the positive and negative pairs’
scores. This allows the model to focus on ranking the correct clini-
cian-trial pairs higher in the matching process.

Improving the fairness of recommendations and reducing com-
peting trials through a genetic algorithm. Real-world recruitment
requires balancing accuracy with fairness (racial, ethnic, geographic
diversity) and minimizing competingtrials. We use a genetic algorithm
for this multi-objective optimization to select the top K clinicians.

In our methodology, each potential solution is represented as a
clinical trial associated with a list of K clinicians, where each clinician
is associated with their matching score, number of competing trials,
demographics (race and ethnicity) and geographical information of
their patients. Note that the claim data do not include patient demo-
graphics, so we use the OpenPayments data to get the location of the
clinician, and then use the zip code-level census data as a proxy of
patient demographic distributions. We define competing trials as tri-
alsthatstartbefore the current trial and have not finished. The fitness
score, which evaluates the quality of each solution, considers both
the total matching score and the fairness scores. The fairness scores
are calculated using entropy measures for gender, race, ethnicity and
geographic diversity. Concretely, given a group of K clinicians, the
fitness scorefis calculated as:

M K
f=.)7+ ZBmHm _ZCI
m i 12)
__ Zipilog, ()
Him = log,n

where m denotes the mth sensitive attribute, H,, € [0,1] denotes the
normalized entropy of the attribute, nis the number of possible values

for the attribute and p; is the probability (ratio) of the ith value in the
selected group of K clinicians. Higher entropy values indicate more
diversity and fairnessinthe selected group of clinicians. C;denotes the
number of competing trials of the ith clinician. We use hyper-parame-
ters S to control the contribution of each attribute to the final fitness
score. The trial recruiter can easily change the weight to outline
specific attributes.

The genetic algorithm evolves an initial random population of
solutions (sets of K clinicians) over generations. It uses fitness-pro-
portional selection to choose parents, crossover to swap segments of
clinician sets, and mutation (low-probability replacement of a clinician)
to maintain diversity and avoid local optima. The process repeats for
a set number of generations, returning the solution with the highest
fitness score.

Thismethodology ensures the recommended clinicians are accu-
rate (high matching scores), diverse (representing different races,
ethnicities, geographiclocations) and have minimal competing trials.
The genetic algorithm is computationally efficient (heuristic) and
flexible—additional attributes like cost can be easily incorporated by
modifying thefitness score. The algorithmis detailed in Supplementary
Table 3, and the inference pipelineis shownin Supplementary Table 4.
The DocTr model can be extended to other geographical settings by
addingrelevant clinician and enrolment data.

Experiment settings

To evaluate the effectiveness of the DocTr model comprehensively, we
compare it against a diverse set of baseline models. These baselines
encompass a range of methodologies from simple approaches to
advanced models tailored for clinical trial recommendations. This
selection aims to provide a thorough comparative analysis across dif-
ferent dimensions of recommendation quality. Detailed information
about these baseline models and hyper-parameters can be found in
Supplementary Section C.

< Naive recommendation models: random clinicians, popular
clinicians.

« Recommendation models for general tasks: Light GCN?,
ConvNCF™, NCL".

« Clinical trial models: Doc2Vec", FRAMM",

Note thatboth clinical trial models, Doc2Vec and FRAMM, were not
initially designed for large-scale trial-site recommendations, present-
inglimitations when adapted to the current dataset. We do notinclude
individual-level patient-trial matching models because their tasks and
modelinputs and outputs are fundamentally different from this work.
We also compare DocTr’s performance against its ablated version.

DocTr-structural. This version of the DocTr model excludes semantic
embeddings based ontrial summary and eligibility criteria and patient
diagnoses, relying solely on structural information derived from the
graph neural network based on clinician-trial relationships.

DocTr-semantic. By contrast, this variant removes structural embed-
dings and does not utilize the graph neural network, basing predictions
purely on semantic information.

Forevaluating DocTr and comparators, we use CS, ametric tailored
to clinical trial recruitment, rather than conventional metrics like hit
rate orrecall. Standard metrics areinadequate because multiple clini-
cians can be equally suitable (for example, those with similar patient
populations and expertise, reflected in similar ICD-10 distributions);
requiring exact ID matches penalizes functionally equivalent recom-
mendations. CSbetter reflects the real-world goal of finding clinicians
with appropriate profiles by quantifying the similarity between the
embeddings of recommended clinicians and those actually enrolled
inthe trial.
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The formula for calculating CS for the top K recommended clini-
ciansis defined as follows:

K & el
csak = L max<Ak—’)
K Skl = llgll,

13)

where ¢, is the embedding of the kth recommended clinician and ¢;is
the embedding of the jth clinician who participated in the trial, ||-|l,
denotes the Euclidean norm. CS values range from -1to 1, with higher
values indicating greater similarity between recommended and
enrolled groups, and 0 suggesting no relationship. In the evaluation,
K represents the number of recommended clinicians, which set to 5,
10and 20. We also assess CS@GT, which K'setsto the actual number of
clinicians who participated in each trial, thereby varying K across dif-
ferenttrials. We alsoreport the CSscore of the ground truth clinicians
enrolledintrials, denoted as Ground Truth.

We evaluate cost estimation accuracy using CCCarobust measure
of agreement between actual recruitment costs (¥) and predicted
costs (¥):
2cov(Y,Y)

ccc=—=2200
0y + 03+ (y — Hy)

(14)

where cov(Y,Y) is the covariance between the ground truth Y and
the predicted ¥, o0 and i denote the variance and means respectively.
CCCranges from -1 (perfect disagreement) to 1 (perfect agreement),
wherelindicates perfect agreement, O indicates no agreement and -1
indicates perfect disagreement.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The OpenPayments data used in this study are publicly available
from the Centers for Medicare & Medicaid Services (CMS) at https://
openpaymentsdata.cms.gov/. Clinical trial data analysed in this study
are publicly available from ClinicalTrials.gov (https://clinicaltrials.
gov/).Census dataare available from the United States Census Bureau
(https://www.census.gov/)”. Processed datagenerated during this study
areavailable viaZenodo at https://doi.org/10.5281/zenodo.18207089
(ref.22).

Code availability

The custom computer code used to implement DocTr and process
the data is publicly available via GitHub at https://github.com/
vixerunt/DocTr and available via Zenodo at https://doi.org/10.5281/
zenodo.18207089 (ref.22).
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sources: ClinicalTrials.gov, IQVIA medical claims, OpenPayments, and US Census data.

Data exclusions  The study is limited to US clinicians due to data constraints; clinicians outside the US were excluded.

Replication To ensure robustness and reproducibility, the model was evaluated under two different experimental settings: a random split (8:1:1) and a
temporal split (training on trials from 1989-2019, testing on trials from 2020-2026). The temporal split specifically tests generalization to
unseen data. The code for implementing the model and processing the data has been made publicly available on GitHub to facilitate
replication.

Randomization  Asthisis a retrospective computational analysis of existing datasets, participants (clinicians) were not allocated into experimental groups.
However, for model evaluation, the dataset was split into training, validation, and testing sets. This included a random 8:1:1 data split where

unique clinician-trial relationships were exclusive to one set.

Blinding Blinding was not applicable in the context of clinical intervention as this was a non-human subjects research study utilizing anonymized, pre-
existing data.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
Authentication Describe-any-atithentication-procedures foreach-seed-stock-tised-ornovel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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