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Motivation Benchmark data

Restrictive eligibility criteria (EC) in clinical trials could limit
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participation, affecting the generalizability of trial Number of EC (%)

findings and health equity. ra s o )

There is a lack of an evaluation framework to assess the Averags mumber of EC per clinical trial 109+ 1ve

performance Of EC recommendatlon and generatlon models Length of EC in characters (mean + SD) 117.8 £70.7 123.7 +73.0

Table 1: Statistics of clinical trials and eligibility criteria (EC) used in this study

from a clinical perspective.

What did we do?

* Developing benchmark data for EC recommendation task
* Suggesting an automatic evaluation framework for evaluating EC
recommendation model from a clinical perspective

CReSE: Contrastive learning and Rephrasing-based
and Clinical Relevance-preserving Sentence Embedding

Original eligibility criteria (EC)

s > [exclusion] eGFR < 60 mL/min/1.73 m? (CKD-EPI) or requiring dialysis or after kidney-
transplantation.
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mL/min/1.73 m2 or higher, as determined by the CKD-EPI formula.
Projection layer [ Proiectionlave 2. Rephrasing without using a core clinical concept
A [exclusion] The patient has an established diagnosis of end-stage renal disease (ESRD), is on

Rephrasing EC to indicate similar clinical conditions based
on four different rephrasing prompts using LLMs

Contrastive learning using original-

Clinical trial information: Alpelisib in Pediatric Patients With Lymphatic Malformations rephrased EC pairs as positive pairs

Associated With a PIK3CA Mutation [SEP] <trial summary> [SEP] <design factors>

@ Formulated as binary classification (training) Introduce a task of

1. Simple rephrasing

[inclusion] Patients must have an estimated glomerular filtration rate (eGFR) of 60

EC: [exclusion] Systemic oral methylprednisolone or systemic oral methotrexate recommen d N g E( X fro m
treatment for another reason . . . . i Encoder(-) Encoder(-) Encoder(-) maintenance dialysis, or has received a renal transplant.
—> Yes (this EC was used in the clinical trial of that title) C I INIC al trl al N fO 'm atl on y 3. Suggesting olternutive EC
Original EC Rephrased EC Negative EC [exclusion] Documented history of stage 3 or higher chronic kidney disease, or currently on
Ranking EC USing matChing-SCO res (inference) i n C I u d i n g t r i al t i t I eS an d [exclusion] eGFR < 60 [exclusion] The patient has an [inclusion] Histologically and cytologically dialysis or post kidney-transplantation.
mL/min/1.73 m? (CKD-EPI) or established diagnosis of end-stage confirmed advanced pancreatic ductal . . . . . -
. ) requiring dialysis or after renal disease (ESRD), is on adenocarcinoma 4. Suggesting EC p OSSIny used in the same clinical trials
Cluster Cluster IDs of orlglnal EC kidney-transplantation maintenance dialysis, or has [exclusion] The patient has evidence of rapidly progressing disease or acute complications of

Ranking Recommended EC

e T e underlying malignancy requiring immediate intervention in the judgment of the investigator.

I as2128,47,54,77,97 provide an automatic

1 [exclusion] fever, axillary 54 Measuring recommendation ev al u atl on fram ewor k o

temperature >37.0 °C performances with EC clustering

[exclusion] any contraindication results via CResE (evaluation) — aS5SeSS the clinical validity of

2 to methylprednisolone or 23 - Precision@1: 43.0

methotrexate - MAP@5: 40.2 the recommendation mOdel

- P@ECnumori: 29.7

 Develop sentence embedding (CReSE) that preserve clinical relevance
through contrastive learning

« Use 4 different rephrasing prompts to obtain diverse original-rephrased
EC pairs

Key Insights

EC clustering performance of CReSE model Ablation study results on CReSE mode|

 Our model outperformed other biomedical LMs in EC clustering and
well represented semantics in the biomedical domain (BIOSSES).

« Utilizing multiple rephrasing prompts is important for training CReSE
model, rather than having a larger number of original-rephrase EC data.
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High-quality benchmark dataset for EC recommendation Baseline EC recommendation performance

P@1 MAP@S5 P@ECnumori

 Based on expertise in clinical trials, we processed clinical trials and

Input type Binary classification EC recommendation S
I I A Precisi Recall Fl P@1 MAP P@E ' May 2002 - Dec 2009  25.0 (8.6)  20.8 (8.9) 18.2 (9.0)
ECs intended for use in benchmark data to ensure that the EC , ccuracy Precision Reca 2 O MO e v a0 %468 1069
_ _ ] ] ] ] ] title only 81.6 80.3 83.8 82.0 37.0 29.5 23.7 COVID -May 2023 59.0(8.9) 486(9.3)  33.4(9.3)
recommendation task is defined within a consistent context, leading to title + summary 03.1 926 937 931 470 412 300 Therpeuticarea L oa 708
h . f I . d I .. I d . - title + design factors 92.2 01.8 927 922 46.0 40.4 31.5 Neurology 520(9.0) 38689  29.0(9.0)
£ : Metabolic di 49.0(9.1) 44.8(9.0) 33.1(8.8)
t e p Fovision or a vall ciinical advice. ; title + summary 03 1 9.6 937 03l 49.0 449 0.6 C;r;io‘;olgy 15ease 706D S@2  277ED
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) = 2.01 : Pulmonol 28.0(8.5) 26.6(9.7) 29.5 (8.8)
+ Data preprocessing Els recommendation [6.0,19.0] [8.3,15.0] [10.1,13.6] Gastroenterology 210(89) 232(90) 206 (9.1)
- Clinical trial selection 5
1) trials where trial information was uploaded between March 2002 and May 2023 § 107 0% ot top 35 topic clusters 055t top 210
2) trials categorized as interventional 305 o
3) trials where 'brief summary' information and 'official title' are available ‘:E 0o S— {to::';:::;ers} 07 Protecting patient safety 07 Clearly defining study population ° Th e EC reC O m m en d atl O n m O d el
4) trials with at least two eligibility criteria reported ‘ g T . | mean difference: 0.450 | mean difference: 0.638
5) trials where the intervention is classified as 'Drug’ or 'Biological' (excluding trials on medical Figure 7: Frequency distribution of BC usage within clinieal trials across BC clusters. p-value: 0.035 0-61 p-value: 0.006 d emon St r at ed an accu raCy Of U p to
devices and behavioral therapies) Common EC Type Definitions and Examples > 0.5 0.5 A1
Used as a templat ti All age restrictions, about patient sex, weight, or BMI @ .
e e | exviction without cimeal Josfcation, 5 0.4- 0.4 90% and a P @ 1 close to 50% In
- EC preprocessing e tluion] g 18, o] e v ¢ 03] 03 _ o
1) Exclude too short or too long EC from training data (3 or more characters, 353 or less) ;ngk?/,}igu netusion] Body Mass Index (BMD 18> Ky ar E 0.5 /_/ - b | n ary C I aS S | fl C atl O n an d
2) Define common ECs and develop a classification model to exclude them from training data Infant/Child Protection To protect infant and child from the investigational drug (mostly : .
3 ) ) ] . ) exclusion f:nterla): pregnancy, breast-feeding, willing to take 0.1 - 0.1 . .
) Try to improve the quality of negative EC-title pairs contraceptives. recommen d atl OoONn S ettl N g S
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Ex) “[Exclusion] excessive alcohol, opiate, or barbiturate use;
history of drug abuse or dependence”

- generated negative EC-title pairs basically by random sampling of EC and trial titles

- Since an identical or similar EC are used in different clinical trials, simply applying random
sampling to obtain a negative sample cause a quality issue

07 Avoiding overly restrictive 07 Clinically valid and reliable g reat I y S u rp a.SS | n g th e p erfo r m an C e

0.6 - mean difference: 0.325 mean difference: 0.675

P S /\ of ChatGPT and GPT-4.
\ « However, In physician evaluation, the

Table 15: (continued) Types of common EC and their definitions and examples p-value: 0.114

Binary classification performances (%)

- two steps to obtain a quality negative sample: Model name —
1) selected trials where the number of ECs exceeds a predefined threshold (i.e., 8) to ensure the Accuracy Precision Recall F1 E 0.3 0.3 1
quality of EC reporting BERT-base 89.30 83.56 9385 83.41 3 02- 02 full EC sets recommended by our
2) cr_eated an EQ-titIe negative §ample bylrandomlv sampling EC whose clusters do not overlap BioClinicalBERT 05.99 08.36 02.31 05.24 0.1 0.1 - .. .
with EC used in a selected trial (clustering was based on the CReSE model) BioBERT 97.32 9541 05.38 06.88 0o 1 | | D:G | | m O d el Were n Ot C I | n | C al Iy Val | d an d
BioLinkBERT 97.99 98.51  97.06 97.78 ! 2 > ) > 1 2 3 4 ° i ' '
Evaluati valuation score I n n r I n f n I I k
ELECTRA 8261 8626 7688 8129 R oletonseores did not ensure patient safety, u c

XLM-RoBERT2 8528 7949 8230 80.87 ~ Orfainal EC - Ourmodel + ChatGPT those used In real clinical trials.
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Table 9: Performances of common eligibility criteria classifiers




