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Abstract

We present a narrative review of recent ad-
vances in Natural Language Processing for au-
tomating patient pre-screening in clinical tri-
als. We review the state-of-the-art across three
core tasks: (1) automatic generation of eli-
gibility surveys from trial protocols, (2) ex-
traction of structured patient information from
electronic health records (EHRs) and (3) au-
tomatic patient-trial matching. We analyze re-
cent trends in using neural architectures, and
we highlight current bottlenecks in linguistic
variability, data interoperability and hallucina-
tion in generative systems. Our survey aims to
synthesize a fragmented landscape and provide
future directions towards clinical trials improve-
ment.

1 Introduction

The digitalisation of healthcare data transformed
the management of patient information, opening
opportunities to improve clinical trials and the pre-
screening process. However, this process remains
a challenge due to the complexities of determining
eligibility from the unstructured data contained in
EHRs. Identifying eligible patients for clinical
trials involves analysing inclusion and exclusion
criteria, a task conducted manually by healthcare
professionals. This approach is time consuming,
error prone, and limited by the resources available
at each healthcare institution.

In the matrix Table 2Appendix B, we synthe-
size works that contributed to the state-of-the-art
in biomedical NLP and EHR processing. Rows
represent the goals aimed by the studies, columns
the NLP tasks. Since the 1960s (Slack et al., 1966),
there has been a transition from manual processing
to more sophisticated, automated methods for man-
aging clinical data. Prototypes such as COSTAR
(Barnett et al., 1979) laid the groundwork for mod-
ern EHR systems (Embi et al., 2005). Improve-
ments in computational power, storage, and data

management systems have made widespread adop-
tion of EHRSs feasible, marking a shift toward their
use in research settings, including clinical trials.

NLP has emerged as an enabler in the automa-
tion of EHR interpretation. Clinical NLP systems
such as cTAKES (Savova et al., 2010) and Med-
CAT (Kraljevic et al., 2021) have been developed
to extract structured information—diagnoses, med-
ications and observations from free-text records.
Others like MedEX (Xu et al., 2010) based on se-
mantic taggers were developed to extract medica-
tion information from discharge summaries. These
capabilities are leveraged to identify trial-eligible
patients. However, the task remains difficult due
to linguistic variability, inconsistencies in clinical
documentation and limited interoperability across
EHR systems.

The landscape has been transformed by LLMs
and deep learning. Models such as BioBERT (Lee
et al., 2020), ClinicalBERT (Huang et al., 2019)
and GPT-4 have demonstrated performance in med-
ical text understanding and text generation. They
offer promise in automating clinical trial recruit-
ment process, from generating patient-facing eligi-
bility questions to matching structured EHR out-
puts.

Despite the advances, challenges remain. Lin-
guistic diversity within medical texts, including
synonyms, abbreviations... complicate the extrac-
tion of relevant information. Furthermore, the in-
teroperability of different healthcare systems re-
mains a barrier to data sharing and integration be-
tween institutions. Finally, maintaining data pri-
vacy and ensuring compliance with regulations
such as Health Insurance Portability and Account-
ability Act (HIPAA) adds complexity to the imple-
mentation of automated systems for clinical trial
recruitment (Zhang et al., 2020).

This narrative review synthesizes recent ad-
vances in automating patient pre-screening for clin-
ical trial. As a high-level review of existing sys-



tematic and narrative studies, it offers a compre-
hensive perspective on three key tasks: generat-
ing structured eligibility surveys from trial proto-
cols, extracting clinical information from EHRs
and matching patients to trials. We examine how
NLP approaches address persistent challenges in
recruitment, including linguistic variability, data
heterogeneity and decision accuracy.

The primary contributions of this review are as
follows:

» Comprehensive synthesis: we consolidate a
fragmented body of literature by comparing
rule-based, statistical and LLM-driven ap-
proaches across the clinical trial pre-screening
pipeline. The rule-based system is a determin-
istic automat that takes as input the feature
extracted from text mining.

* Critical analysis of challenges: we identify
and analyze barriers that hinder the real-world
deployment of NLP systems.

* Improvement with LLMs: we check the bene-
fits that language models provide to the task.

* Future research agenda: we outline promising
directions for advancing the field

2 Related works

Systematic literature reviews (SLRs), umbrella re-
views (UR) and narrative reviews play a vital role in
structuring knowledge in areas such as clinical NLP.
While SLRs and URs aim to answer defined ques-
tions through exhaustive evidence collection, narra-
tive reviews are closer to manual search overviews
where the position is based on qualitative literature
review.Table 1 in the appendix B summarizes the
most cited SLRs and umbrella reviews on NLP in
clinical domain.

Some SLRs and umbrella reviews traced the evo-
lution of patient-trial matching. (Meystre et al.,
2008; Uzuner, 2008) describe the challenges and
opportunities for extracting structured data from
clinical narratives. The development of tools like
cTAKES (Savova et al., 2010) marked a turning
point in domain-specific NLP pipelines becoming
a top-level software of Apache .

Early systems demonstrated gains in efficiency
(Ni et al., 2015) by targeting trial recruitment di-
rectly. Efforts toward automation of systematic

'"An integral part of Mayo’s clinical data management

infrastructure, processing more than 80 million clinical notes"
https://en.wikipedia.org/wiki/Apache_cTAKES

reviews emerged with (Beller et al., 2018), who
proposed coordination frameworks like ICASR
and (Ofori-Boateng et al., 2024), who synthesized
deep learning applications across literature reviews,
although neither focused on clinical trials. (Id-
nay et al., 2021)conducted the first systematic
review dedicated to NLP systems for eligibility
pre-screening, categorizing models and evaluat-
ing performance and (Panayi et al., 2023) demon-
strated how machine learning tools can support
semi-automated data extraction, yet their evalua-
tion was limited to literature review workflows. In
contrast, (Jin et al., 2024; Hamer et al., 2023) intro-
duced LLMs into trial-patient matching, highlight-
ing the potential of transformer-based models for
joint text understanding, though both lacked robust-
ness studies and real-world clinical deployment.
(Rahmanian et al., 2023) proposed a prompt-based
eligibility classification model with high adaptabil-
ity, but minimal attention to interoperability or eth-
ical constraints.

(Kuziemsky et al., 2024) propose an UR to de-
scribe Al in healthcare and describe a systematic re-
view protocol. Most recently, (Sharif and Rehman,
2025) conducted a systematic review comparing
LLM-based and classical approaches to eligibility
matching. While these studies provide insights,
LLM matching—there is no unified synthesis cov-
ering the entire clinical trial recruitment pipeline.
This work addresses that gap by synthesizing ap-
proaches across clinical trial questionnaire genera-
tion and automatic patient pre-screening.In the next
section, we describe our methodology to achieve
it.

3 Methodology

As it is a narrative review, the knowledge and liter-
ature gathering and absorption is unconventional.
It is based on a qualitative, non-systematic search
of the literature using Google Scholar, ACL An-
thology and PubMed, supplemented by iterative
queries to ChatGPT for cross-verification and ex-
ploratory surfacing of under-indexed works. The
use of ChatGPT instead of other commercial mod-
els is due to the fact that we are used to it and how
to engineer prompts so it does what it’s asked.

We first looked in Google Scholar for the key-
words historical, biomedical, NLP in the same
query. We used them to extract the most relevant
articles that match the topic. We opened the first 20
results of the search and kept the articles that men-



tioned NLP and a medical-related concept in the ti-
tle or the abstract. Then we combined the keywords
with EHR, criteria extraction, question generation,
patient pre-screening, patient-trial matching, LLM,
few-shot, zero-shot, filtering by the dates of 2001-
2010 to get an historic overview and from 2019 to
LM-related articles. As Google Scholar prioritises
cited articles, we used this method to search in the
ACL Anthology and PubMed.Whereas the ACL
Anthology search engine struggled to provide re-
sults, the PubMed provided bibliography that made
possible our work.

As for ChatGPT, using the model 40 (Shahriar
et al., 2024) we instructed it with prompts, which 3
of them are available in the Appendix A. ChatGPT
was useful regarding the search of recent overviews
and surveys. We doubled-checked all the refer-
ences provided by the tool,and forced it to search
in NLP conference proceedings as well as medi-
cal databases. As we did not conduct a rigorous
evaluation of its hallucination rate, around 80% of
the references actually existed. The remaining 20%
where either invented or did not correspond to the
same article as the output claimed. However, the
systematic reviews described in the Section 2 have
been found by ChatGPT. Besides, the search is eas-
ier to customize in natural language than in Google
Scholar. We were able to instruct it to look for spe-
cial venues: LREC for resources and evaluation,
TALN and SEPLN for linguistics-related topics.

In the next two sections, we discuss about ques-
tionnaire generation state-of-the-art and techniques
to realize automatic patient pre-screening.

4 Questionnaire generation from
eligibility criteria

According to the literature, the transformation of
clinical trial eligibility criteria into patient-directed
questionnaires can be implemented through two pri-
mary approaches: (1) a modular pipeline in which
criteria are first structured into formal representa-
tions before being converted into questions and (2)
an end-to-end generative approach in which models
produce questions from free-text eligibility state-
ments using LLMs. The most famous clinical trials
database is clinicaltrial.gov?, mentioned in Section
5.3.2, where the trial description is written in natu-
ral language, with a distinction between inclusion
and exclusion criteria (Zarin and Keselman, 2007).

Figure 1 illustrates a question generation

*https://clinicaltrials.gov/
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Figure 1: Questionnaire generation scheme: on top
is the criteria extraction phase and on the bottom the
questionnaire generation.

pipeline. The upper section represents the crite-
ria extraction phase where, after an manual anno-
tation phase, a named entity recognizer (NER) is
trained to detect entities in the criteria (see matrix
in Table 2 in Appendix B). Recent studies show
that few-shot learning approaches (Naguib et al.,
2024) reach similar accuracy than fully supervised
NER, as well as zero-shot learning (Wornow et al.,
2025) and even prompt-tuning-based systems such
as Autocriteria (Datta et al., 2024). The lower sec-
tion represents the questionnaire generation model
training, that takes as input the clinical trials and
examples of human generated questionnaires (Lei
et al., 2024). Few-shot (Izacard et al., 2022), zero-
shot (Zeng et al., 2023) and LLM-based solutions
were also implemented. Depending on whether it
is strategy (1) or (2), the generation model takes as
input the extracted criteria (Dhomse, 2024).



4.1 Criteria extraction and question
generation

This initial step involves transforming unstructured
eligibility criteria texts into structured, computable
representations. Systems such as MedSpaCy (Eyre
et al., 2021) implement rule-based or hybrid meth-
ods that link clinical entities to controlled vocab-
ularies (UMLS, SNOMED...). These structured
outputs facilitate subsequent automated reasoning
or question generation tasks.

However, these methods require extensive man-
ual annotation, ontological grounding and prede-
fined rule sets, limiting their adaptability and scal-
ability to heterogeneous criteria texts (Tian et al.,
2023). Recent approaches addressing these limita-
tions incorporate neural-based strategies, such as
BioBERT and zero-shot methods leveraging pre-
trained transformer models for entity extraction
(Averly and Ning, 2025).

Nevertheless, limitations remain significant,
including semantic ambiguity, domain speci-
ficity, negation handling and temporal reasoning
(Mehrabi et al., 2015). Errors in the extraction stage
propagate downstream, potentially compromising
questionnaire accuracy, clinical relevance and over-
all system performance (Olex and MclInnes, 2021).

Performance evaluation in two-step approaches
involves distinct metrics for each stage. For criteria
extraction, metrics include precision, recall and
F1-score, benchmarked on datasets such as n2c2
shared tasks (Mahajan et al., 2023).

The second phase converts structured represen-
tations derived in the first step into natural lan-
guage questions. Traditional generation methods
rely on template-based approaches, where prede-
fined linguistic templates map structured slots to
surface-level question forms (Yuan et al., 2019). Al-
though these approaches are straightforward and in-
terpretable, they lack flexibility when criteria com-
plexity increases or novel expressions appear.

Recent studies employ neural generation mod-
els trained on aligned datasets of structured crite-
ria and human-authored questions. Such methods
demonstrate greater fluency, adaptability and lin-
guistic variability. These methods are analogous to
machine translation tasks, where encoder-decoder
architectures have been used to transform input
texts into semantically equivalent target languages
or formats (Ma et al., 2022). Nevertheless, these
neural approaches face issues regarding logical con-
sistency, semantic fidelity, and clinical appropri-

ateness, requiring rigorous human validation and
specialized evaluation frameworks.

BLEU (Papineni et al., 2001), METEOR (Baner-
jee and Lavie, 2005), ROUGE (Lin, 2004) and
BERTScore (Zhang et al., 2019) are used to evalu-
ate surface fluency and lexical overlap, but they
fail to capture semantic equivalence or clinical
soundness, prompting recent calls for domain-
specific validation metrics such as expert scoring
or scenario-based evaluation. Moreover, these met-
rics assess surface-level linguistic fluency rather
than clinical accuracy or logical consistency. Con-
sequently, recent reviews mentioned in Section 2
advocate for more clinically-oriented evaluation-
sto more accurately measure real-world utility and
robustness of generated questions.

4.2 End-to-end questionnaire generation

Unlike modular approaches, end-to-end methods
map raw, free-text clinical trial eligibility criteria to
patient-facing questions, eliminating explicit inter-
mediate structuring steps. Leveraging advances
in LLMs, these approaches formulate the ques-
tionnaire generation task as a single sequence-to-
sequence problem (Brown et al., 2020). The un-
derlying hypothesis is that LLMs can implicitly
learn internal representations capable of capturing
linguistic, logical, and semantic complexities with-
out separate structuring modules. These methods
improve scalability, adaptability to new medical
domains and flexibility for heterogeneous criteria
(Frayling et al., 2024).

Recent studies investigate few-shot learning: us-
ing a limited set of criteria-question examples,
these methods demonstrate generalization to new
criteria without substantial domain-specific annota-
tions (Lin et al., 2024; Poon et al., 2024). Zero-shot
and prompt-based learning were also experimented:
leveraging pretrained LLMs through specialized
task prompts eliminating fine-tuning entirely (Elsa-
har et al., 2018).

End-to-end methods simplify the pipeline by
modeling eligibility criteria-to-question mappings,
thus avoiding cascading errors inherent to mod-
ular approaches (Ferber et al., 2024). Addition-
ally, LLMs capture linguistic complexity, provid-
ing scalability across diverse medical contexts with-
out explicit rule engineering or ontology mapping
(Bohra et al., 2023; Wong et al., 2023). However,
they suffer from logical inconsistencies and seman-
tic inaccuracies, including omissions and halluci-
nations, compromising clinical reliability (Wang
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Figure 2: Automatic patient-trial matching scheme

et al., 2024a). Furthermore, their limited inter-
pretability and reliance on high-quality training
data pose challenges for clinical validation, trust-
worthiness and generalization (Singh et al., 2024).

The question that arises now is how this question
generation can be used to fulfill the patient-trial
matching task. We first discuss the challenges in
EHR parsing and the solutions to tackle them as
well as for patient pre-screening.

5 Automatic patient-trial matching

This section describes the challenges we face when
trying to solve the criteria extraction task from
EHR. It also presents methods and tools aimed at
achieving the automatic pre-screening of patients.
It can be summarized by: if a patient meets all in-
clusion criteria and none of the exclusion criteria,
they are eligible; otherwise, they are not.

A diagram is provided to illustrate a possible
workflow pipeline in Figure 2, which distinguishes
between the extraction process of criteria from
EHR medical reports. It uses a NER model similar
to that described in Section 4 and the mapping pro-
cess between the extracted eligibility criteria and
the patients’ pathological and molecular character-
istics.

5.1 Challenges in extracting inclusion and
exclusion criteria

The extraction eligibility criteria presents chal-
lenges due to linguistic variability, both diachronic
(evolution of word meaning through time) and syn-
chronic (different usage of the same word in the
same time period). Additionally, clinical reports
may be written in different languages, introducing
complexity when aiming to extract features.

One challenge is terminological variability (Co-
hen and Elhadad, 2013), including synonyms and
technical jargonFurthermore, complex grammati-
cal structures (Lonsdale et al., 2008) and the pres-
ence of conditional expressions (Ross et al., 2010)
demand advanced syntactic analysis techniques to
avoid misinterpretations. Added to this is semantic
ambiguity (Amosa et al., 2023), since many med-
ical terms are polysemous and require contextual
understanding. Expressions like “patients with a
history of cardiovascular disease” can be ambigu-
ous if the term “history” is not defined.

Regarding diachronic issues, the evolution of
medical terminology over time can make interpret-
ing older texts difficult, as terms may have changed
or acquired new meanings. Meanwhile, synchronic
problems arise from the coexistence of multiple
ways to refer to the same concept in a given period,
requiring extraction systems to recognize these vari-
ations. Dialectal differences also play a role, like
in the USA that possesses a huge hispanic commu-
nity. To address this, resources like the Diccionario
panhispdnico de términos médicos® have been de-
veloped to promote a shared medical vocabulary
and improve interoperability in Spanish-speaking
contexts.

Lastly, in multilingual settings, the translation of
eligibility criteria must be not only linguistically
accurate but also culturally appropriate. Studies
in bilingual regions show that switching languages
during medical consultations can enhance doctor-
patient communication. Moreover, research has
found that the quality of online health informa-
tion varies by language, reinforcing the need for
adaptation when translating these criteria to ensure
medical communication across diverse populations
(Fefer et al., 2020; Schlicht et al., 2025). Let us
discuss some methods to tackle these challenges.

5.2 Manual methods for extracting criteria
from patient reports

The extraction of eligibility criteria for clinical tri-
als relies on an analysis of patients’ medical records
to identify those who meet the requirements. This
process involves a review of clinical history to de-
tect evidence matching the established criteria.

A key step is the disambiguation of medical
terms (Jonnalagadda et al., 2017), as many con-
cepts may have multiple meanings. To resolve
these ambiguities, medical dictionaries and special-

*https://dptm.es/



ized ontologies are used, considering the clinical
context in which terms appear to ensure interpreta-
tion.

Another is information extraction (Adupa et al.,
2016), organizing it into categories such as demo-
graphic data, medical conditions, treatments and re-
sults. The information structuring relies on linguis-
tic norms to interpret relationships between clinical
concepts and maintain a representation of the in-
formation. Validation of the information (Kraljevic
et al., 2021) is essential to ensure its reliability.
This involves checking consistency between the
extracted data and the patient’s medical history and
consulting specialists to confirm the findings. This
methodological approach, supported by scientific
literature, ensures that the extracted data is trust-
worthy and suitable for determining patient partici-
pation. We present now some methods that aim to
reproduce this criteria extraction process.

5.3 Automation of criteria extraction from
medical reports

5.3.1 Methods and models

The automation of eligibility criteria extraction for
clinical trials from EHRs has advanced thanks to a
range of methodologies and models:

* Apache cTAKES (Savova et al., 2010): an
open-source NLP system based on OpenNLP*
and designed to extract clinical information
from unstructured EHR text.

* MedCAT (Medical Concept Annotation
Toolkit) (Kraljevic et al., 2021): based on the
spaCy framework, MedCAT combines rule-
based and machine learning methods to pro-
cess clinical texts.

¢ Linguamatics I2E (Rath et al., 2023): used to
extract information from clinical and biomed-
ical texts based on rules.

* GPT-4 (Datta et al., 2024): a large-scale lan-
guage model developed by OpenAl. GPT-4
has shown advanced capabilities in under-
standing and generating text.

* GatorTron (Yang et al., 2022): a large-scale
clinical language model trained on over 90
billion words to process unstructured EHRs.

*https://opennlp.apache.org/

* Text Nailing (Kartoun, 2017): a hybrid
method that combines human input with NLP
techniques to extract structured information
from unstructured documents.

* DICE (Ma et al., 2023): the DICE model
automates the extraction of relevant clinical
events from medical records, facilitating pa-
tient pre-screening for clinical trials. DICE
employs a conditional generation strategy and
contrastive learning to define medical men-
tions.

5.3.2 Datasets

The automation of eligibility criteria extraction for
clinical trials relies on datasets used to train and
evaluate NLP pipelines:

* ClinicalTrials.gov (Stergiopoulos et al.,,
2019): a public database providing informa-
tion on registered clinical trials, including eli-
gibility criteria, interventions, and outcomes.
It is useful for developing models based on
real-world clinical trial data.

* MIMIC-III (Johnson et al., 2016): a publicly
available clinical dataset containing informa-
tion from patients admitted to intensive care
units. It includes several detailed data about
patients’ condition.

* FAERS (FDA Adverse Event Reporting
System) (Polepalli Ramesh et al., 2014): a
database containing reports of adverse events
and drug reactions. It is valuable for adverse
event detection and pharmacovigilance.

* AIDS Clinical Trials Group Study 175 (Fu,
2024): contains health statistics and categor-
ical information for patients diagnosed with
AIDS. Its primary task is to predict whether a
patient died within a given time frame.

* i2b2 Clinical Notes Dataset (Eguia et al.,
2024): a collection of annotated clinical notes
used in clinical information extraction chal-
lenges.

* DermatES (Torre et al., 2024): a dataset con-
sisting of dermatological clinical reports in
Spanish, collected from various healthcare
centers in Spain.

These datasets are essential in advancing the au-
tomation of eligibility criteria extraction in clinical



trials. They support the development of NLP mod-
els capable of transforming unstructured clinical
text into structured data, improving the efficiency
and accuracy of patient identification for clinical
trials. Table 3 in Appendix B summarizes the char-
acteristics of each of them.

5.3.3 Methods benchmark

A comparative table of key models used for the au-
tomated extraction of eligibility criteria in clinical
trials is presented in Table 4 in Appendix B, includ-
ing their evaluation metrics and datasets used.

To assess the performance of models in the task
of automatic patient pre-screening, a variety of met-
rics are employed. One study explored the use of
InstructGPT (Ouyang et al., 2022) to assist physi-
cians in determining patient eligibility based on
summarized medical profiles. The study measured
the model’s ability to identify eligibility criteria and
classify patient suitability, finding that the LLM
could reduce physicians’ workload by filtering out
non-applicable criteria (Hamer et al., 2023).

Furthermore, the QUEST framework was pro-
posed for the human evaluation of LLMs in health-
care applications. This framework encompasses
five key principles: information quality, under-
standing and reasoning, expression and persona,
safety and harm, and trust. While not focused
on patient pre-screening, QUEST offers a struc-
tured guide to assess the effectiveness and safety
of LLMs in clinical contexts (Tam et al., 2024).

5.4 Patient-trial automatic matching

As we mentioned in Section 1, automatic pa-
tient—trial matching entails aligning a patient’s med-
ical profile with a trial’s eligibility criteria through
a dedicated matching system. Recent NLP research
has introduced LLMs and inference architectures
to tackle this task. (Aguiar et al., 2025) built
NLI4PR, a natural language inference approach
where patients describe their profiles in everyday
language. (Jin et al., 2024) propose TrialGPT, a
zero-shot LLM framework that retrieves candidate
trials, evaluates criterion-level eligibility, and ag-
gregates results into trial-level scores and (Gupta
et al., 2024) created OncoLLLM, a language model
that outperforms GPT 4 in an empirical evaluation
of clinical trial matching using real-world EHRs.
As for cohort selection, (Dasgupta et al., 2020)
implemented a co-training-based model to select
patient cohorts automatically, outperforming fully
supervised pipelines. (Wornow et al., 2025) report

a zero-shot LLM-based matching system reach-
ing state-of-the-art performance on the n2c2 2018
cohort screening benchmark. Additionally, (Shi
et al., 2025) introduce MAKAR, a multi-agent
knowledge-augmented reasoning system that in-
tegrates domain knowledge. Finally, a multimodal
LLM-powered pipeline by (Callies et al., 2025) out-
performs manual review times with a minimal drop
in accuracy.

Despite strong performance, current systems
face unresolved challenges: generalizing across
medical specialties, handling complex multi-
criteria logic, scaling to large trial sets and ensuring
explainable, auditable decisions. Research must
prioritize multi-site validation, transparent failure
analysis, and user-centered design in deployment
environments. We detailed them in the next section.

6 Ethical, technical and ecological
limitations

6.1 Technical challenges

Clinical notes are unstructured, with inconsistent
formats, sections and notation standards (Tang
et al., 2019). Semantic interoperability remains
a challenge: different systems use distinct termi-
nologies and data models, complicating data in-
tegration (Torab-Miandoab et al., 2023; Ademola
et al., 2024). Moreover, medical narratives con-
tain domain-specific abbreviations, typographical
errors, and hedge language. For example, BERT-
based clinical text models still struggle with resolv-
ing negations (“no evidence of metastasis”), tempo-
ral cues (“6 months prior”) and jargon-heavy con-
structions (“SOB on exertion”) (Liu et al., 2023).
LLMs trained on general medical corpora re-
quire fine-tuning to handle specialty domains such
as oncology or mental health triage. Studies
show that domain-specific pretraining improves
performance but demands substantial annotated in-
domain data (Kerner, 2024). Finally, EHR texts
include typos, shorthand, markup remnants and
section headers, reducing text mining accuracy.

6.2 Ethical issues

The use of LLMs for clinical trial pre-screening
raises ethical and legal concerns in the domain of
clinical NLP (Suster et al., 2017). One issue is
privacy and data access: efforts highlight how ac-
cess to large-scale clinical text is restricted by data
protection policies, necessitating the use of privacy-
preserving NLP approaches and secure data han-



dling to comply with regulations such as GDPR
and HIPAA.

Another concern is algorithmic bias and health
equity. Clinical embeddings have been shown to
carry gender and race-based biases which can per-
petuate disparities in care (Shah et al., 2020; So-
gancioglu et al., 2022). Further, the clinical NLP
field is moving toward greater interpretability and
explainability (Huang et al., 2024). Models that
lack traceability present risks if deployed in patient-
facing settings, as chatbots have demonstrated con-
cerns over reproducing racially biased output, rais-
ing questions about model validation and developer
liability>.

6.3 Ecological impact

LLMs deployed for clinical-trial pre-screening con-
sume substantial computational resources during
both training and inference, raising environmen-
tal concerns (Hershcovich et al., 2022). The NLP
community has begun to acknowledge this impact.
(Strubell et al., 2019; Wang et al., 2023) highlight
that large transformer models require immense en-
ergy to train and deploy.

More recent work benchmarks inference energy
within NLP tasks (Morrison et al., 2025). (Liu
et al., 2025) introduce “functional unit” analysis
for prompt-based LLM deployment, revealing that
even a single query to GPT-style models may emit
more carbon dioxide than certain web searches.
Lightweight transformer variants targeted to reduce
model complexity and decoding cost without per-
formance loss, have been demonstrated effective in
clinical text-processing tasks, offering a direction
toward sustainable deployments (Bannour et al.,
2021).

7 Conclusion and future works

In this work, we successfully connected two close
fields of NLP for bio-informatics: questionnaire
generation for clinical trials and automatic patient
pre-screening. By searching literature of both
fields, we were able to conduct a narrative review
that outlines recent progress for these two tasks
and current limitations as well as the links between
them. We showed that automation of patient pre-
screening for clinical trials through NLP has shown
significant progress. The combination of LLMs and
specialized tools, such as MedSpaCy, has improved

Shttps://apnews.com/article/ai-chatbots-racist-medicine-
chatgpt-bard-6f2a330086acd0alf8955ac995bdde4d

the extraction of eligibility criteria from clinical
trial documents and EHRs. We also highlighted
that the generation of clinical questionnaires based
on extracted trial criteria has demonstrated consid-
erable potential to streamline the patient screening
process, enhancing accuracy and reducing recruit-
ment time.

However, our review also reveals several chal-
lenges. The heterogeneity of clinical data, the lack
of standardization in EHRs, and the limitations of
NLP tools in handling unstructured data are ma-
jor barriers to large-scale implementation. For fu-
ture work, several areas need to be addressed: data
interoperability across platforms, improving the
accuracy of NLP models in clinical contexts and
increasing the volume of annotated clinical data.
Implementing hybrid methods that combine super-
vised and unsupervised learning could enhance the
extraction of clinical events and the classification
of eligibility criteria in real-world environments.
Likewise, the development of continuous feedback
systems (integrating real-time data from clinical
practice) is emerging as a direction to optimize
model accuracy and adaptability.

Another line of future work concerns issues re-
lated to the generation of questions. In particular,
the standardization of generated questions is es-
sential. In the medical field, it is common to use
acronyms or initialisms, which may appear in either
their abbreviated or expanded forms. Standardiz-
ing these formats will allow for faster and more
reusable patient assessments.

It is worth noting the importance of analyzing
the correspondence between eligibility criteria and
generated questions. Although the most common
scenario is a one-on-one correspondence between
criterion and question, there are cases where a sin-
gle criterion must generate multiple questions. Con-
versely, multiple criteria may lead to a single ques-
tion. An example of each case is provided in the
Table 5 from Appendix B. Therefore, designing
a procedure to determine such correspondences
could improve the accuracy of these systems.

The use of current state-of-the-art LLMs in com-
bination with models capable of extracting relevant
information from the original text appears to be a
promising approach. Supplying this extracted in-
formation through the model’s prompt provides an
additional layer that could help improve the quality
of the generated output compared to cases where
such information is not included.



Limitations

Although the authors did their best to cover the
extensive literature about automatic patient pre-
screening, this work presents several limitations,
due to it’s own goal or to the current state-of-the-

art:

Systematic literature review and text mining:
the authors argue that this work is a narra-
tive overview that completes a SLR or an UR.
However it lacks the rigor and the statistical
work of the former that select all the articles
that mention in the title or in the abstract the
current subject. Besides, all the linguistics
difficulties mentioned over the sections of this
work are based on literature and not corrob-
orated by a real experiment, or a text mining
pipeline that could demonstrate them.

Absence of state-of-the-art benchmark: many
models, techniques and methods are men-
tioned all along this article. Despite this ex-
tensive list and explanation, there is no real
comparison between them, nor a proper bench-
mark that could justify the strengths and weak-
nesses of each of them.

Ethical issues limitation: several ethical,
gender-bias, hallucination and explainability
issues have been outlined in the work. The
authors do not propose any solution other
than manual supervision to tackle them, which
could either be consider as a future work, or a
limitation.

Ecological impact: most studies mentioned
by the authors about the ecological damaged
provoked by LLMs are based on carbon foot-
print. However they do not take into account
other issues like production of the material to
pre-train the models or the electrical consum-
ing thus the financial cost for any deployment
of a LLM-based solution. A more specific
work must be made in order to measure the
real ecological impact of the automation of
patient pre-screening in clinical trials.

Interoperability and explainable Al: regard-
ing semantic interoperability, some standards
are being designed to tackle this challenge.
We can cite Fast Healthcare Interoperability
Resources (FHIR) that aim to ease the imple-
mentation and usage of clinical workflows and

the Observational Medical Outcomes Partner-
ship (OMOP) whose purpose is to normal-
ize healthcare data for research and analysis
(Wang et al., 2024b; Tabari et al., 2024). The
integration of one or both of them into an
NLP pipeline could solve the interoperability
challenge but we did not focus on it. As for
explainable Al and hallucinations, recent ap-
proaches leverage grounded generation tech-
niques that condition LLMs on structured in-
puts (e.g., EHR or knowledge bases), improv-
ing factual consistency (Lewis et al., 2020).
Additionally, rationale-enhanced models gen-
erate explicit natural language explanations
to improve transparency and support clinical
validation (Rajani et al., 2019). However this
work does not get deeper into this exploratory
leads.

Baseline benchmark: the lack of a concise
benchmark summary in the article makes it
harder to identify which technique is state-of-
the-art or under which conditions a method
works best for patient-trial matching. How-
ever, to our knowledge there is no benchmark
that compares the question generation plus
patient pre-screening double task.

Al-assisted literature search: we mention sev-
eral databases as information source for this
narrative review. We do say we use a genera-
tive model-based like ChatGPT to conduct the
rest of the search and complete it. However,
we do not compare it with other commercial
generative models such as Gemini (Saab et al.,
2024), Claude (Jiang et al., 2025), Le Chat®
or QWen’ nor with open-source models such
as LLaMa® or DeepSeek (DeepSeek-Al et al.,
2025) . Moreover, some Al-based tools are
built to assist academic research, such as Scis-
pace (Tozuka et al., 2025) or NotebookLM
(Jain et al., 2024). One improvement could be
comparing the paper search evaluating both
the quality of the search (hallucination rate, ar-
ticles pertinence) and the time spent to gather
the literature.

®https://chat.mistral.ai/chat

"https://chat.qwen.ai/
8https://www.llama.com/docs/model-cards-and-prompt-

formats/llama3_3/
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A ChatGPT prompts

In this section, the following list gives 3 examples
of prompts that were used to instruct ChatGPT in
searching for references.

1. When it was about the related works we
prompted: any other related works or um-
brellas review to enrich this section ?

(a) Reply: Ai Quality Standards (2025) con-
ducted a rapid umbrella review exam-
ining quality benchmarks across health-
care Al, revealing inconsistent reporting
and evaluation practices in systematic
reviews ChatGPT in Consumer Health
(2025) reviewed existing systematic re-
views on ChatGPT in healthcare, em-
phasizing strengths in accessibility but
noting weak evaluation frameworks and
scarce primary clinical studies . Al in
Vaccine Research (2025) deployed an
umbrella review to consolidate findings
on Al applications in antigen discovery,
trial design, and supply chains, under-
scoring a consistent over-reliance on
machine learning lagging behind deep
learning and system integration.

(b) Reply: In contrast, existing reviews in

patient pre-screening (see Table 1) focus

narrowly on specific tasks: Meystre et
al. (2008) and Uzuner (2008) defined
foundational methods in EHR extraction;

cTAKES (Savova et al., 2010) delivered a

modular pipeline;Ni et al. (2015) piloted
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rule-based recruitment tools; Beller et
al. (2018) and Ofori-Boateng et al.
(2021) broadened scope to systematic
reviews; Idnay et al. (2022) systemat-
ically reviewed NLP systems for eligibil-
ity screening; Panayi et al. (2023) ex-
plored semi-automated data extraction;
Jin et al. (2023), Hamer et al. (2023),
Rahmanian et al. (2024), and Sharif
and Rehman (2025) introduced and eval-
uated LLM-based matching and prompt-
based learning systems.

2. About enhancing the list about criteria extrac-

tion:

any NLP ref I haven’t mentioned?

Criteria2Query (2019) — Introduced a
hybrid NLP pipeline to parse free-text
eligibility criteria into structured, ex-
ecutable cohort queries. The system
achieved F1 scores of approximately
0.80 for entity and relation extraction
and supports interactive, human-in-the-
loop query refinement.

DeepEnroll (2020) — Proposed a cross-
modal deep learning model that embeds
eligibility criteria and longitudinal EHR
data into a shared latent space, incor-
porating a numerical entailment module
— outperforming baseline matching sys-
tems by up to 12.4% F1.
Criteria2Query 3.0 / TrialGPT (2024)
— Upgraded the original Criteria2Query
pipeline with GPT-3.5/GPT-4 to enhance
concept extraction, SQL generation, and
reasoning explanation—marked by a sig-
nificant leap in usability and accuracy.

PRISM (2024) — A deep neural net-
work system that directly embeds pa-
tient records and trial criteria to com-
pute match scores, with special handling
for unstructured oncology data and real-
world note streams.

Entity-Extraction + Neural Re-ranking
(2023) — A two-stage pipeline combin-
ing NER-enabled lexical retrieval with
Transformer-based re-rankers, boost-
ing precision by approximately 15%
compared to traditional retrieval ap-
proaches.

LLM Distillation for Matching (2023)
— Benchmarked GPT-3.5/4 and open-


https://arxiv.org/abs/1904.09675
https://arxiv.org/abs/1904.09675
https://arxiv.org/abs/1904.09675
https://arxiv.org/abs/2403.09226
https://arxiv.org/abs/2403.09226
https://arxiv.org/abs/2403.09226
https://arxiv.org/abs/2403.09226
https://arxiv.org/abs/2403.09226
https://arxiv.org/abs/2403.09226
https://arxiv.org/abs/2403.09226

source LLaMA models for patient—trial
matching. Through fine-tuning, it
showed that lightweight LLMs can rival
proprietary models in accuracy.

o Zero-Shot LLM Matching (2024) -
Demonstrated how zero-shot prompting
with GPT variants achieves state-of-
the-art results on n2c2 cohort selection
benchmarks, also generating coherent,
clinician-readable explanations.

3. I need a last reference list about patient-trial
automatic matching, it must really be patient
EHR, clinical trial and a matching system. it
must contain new references from NLP confer-
ences, performance limitation and metrics.

(a) Reply 1:

e Savova et al. (2010) — cTAKES: Clin-
ical Text Analysis and Knowledge Ex-
traction System

* Kraljevic et al. (2021) — MedCAT:
Medical Concept Annotation Toolkit

* Neumann et al. (2021) — MedSpacy:
A Clinical Text Processing Toolkit

* Luo et al. (2022) — Challenges in
NLP for Clinical Trials

e Lee et al. (2020) — BioBERT: Pre-
trained Biomedical Language Repre-
sentation Model for Biomedical Text
Mining

e Liu et al. (2021) — Zero-shot Biomed-
ical Entity Recognition with GPT-
style Models

e Rahmanian et al. (2024) — Autocri-
teria: Prompt-tuned Criteria Extrac-
tion for Clinical Trials

* Mehrabi et al. (2015) — Handling
Negation and Uncertainty in Clinical
Text

e Weng et al. (2019) — Criteria2Query:
Converting Eligibility Criteria into
Computable Queries

* Choi et al. (2022) — Error Propaga-
tion in Clinical NLP Pipelines

* Johnson et al. (2021) — Temporal
Reasoning and Ambiguity in EHR
Criteria Extraction

(b) Reply 2 after adding “give me the URL
of each of them”:

e Savova et al. (2010) — cTAKES
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* Kraljevic et al. (2021) — MedCAT

* Neumann et al. (2021) — MedSpacy
e Lee et al. (2020) — BioBERT

e Liu et al. (2021) — Zero-shot NER

with GPT

¢ Rahmanian et al. (2024) — Autocrite-
ria

* Mehrabi et al. (2015) — DeepEN
Negation

* Weng et al. (2019) — Criteria2Query

* Choi et al. (2022) — No public URL
available (secondary citation)

e Johnson et al. (2021) — No direct
URL found

B Complementary information

In this section, complementary information is given.
Table 1 shows the chronological list of all system-
atic literature and umbrella reviews about NLP
tasks and research applied to biomedical topics.
Table 2 provides a mapping between EHR features
and associated NLP/AI techniques. Table 3 is a
summary of the datasets used for training and eval-
uating NLP models in eligibility criteria extraction.
Table 4 shows performance comparison of models
for automated eligibility criteria extraction. Table 5
shows three examples of correspondence between
the number of criteria and questions to be gener-
ated.
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Year | Title

2008 | Extracting information from textual documents
in EHR (Meystre et al., 2008)

2008 | The i2b2 2008 workshop (Uzuner, 2008)

2010 | Clinical Text Analysis and Knowledge Extrac-
tion System (Savova et al., 2010)

2015 | Automated clinical trial eligibility prescreening
(Ni et al., 2015)

2018 | ICASR (Beller et al., 2018)

2021 | Automation of systematic reviews (Ofori-
Boateng et al., 2024)

2021 | Systematic review of NLP systems for eligibility
pre-screening (Idnay et al., 2021)

2023 | Evaluation of a prototype ML tool for literature
reviews (Panayi et al., 2023)

2023 | Improving patient pre-screening with LLMs
(Hamer et al., 2023)

2023 | Prompt-based learning for efficient clinical trial
recruitment (Rahmanian et al., 2023)

2024 | Matching patients to clinical trials with LLMs
(Jin et al., 2024)

2024 | Al Quality Standards in HealthCare: rapid um-
brella review (Kuziemsky et al., 2024)

2025 | Systematic review on clinical trial eligibility

matching (Sharif and Rehman, 2025)

Table 1: Chronological summary of key works on NLP for clinical trial recruitment and eligibility screening

EHR Feature

Document
validation

Knowledge
representation

Content
structuring

NLU

Person

Big Data

Named entity

Semantic web

Semantic role

Speech to text

“Complete” medical recognition . .. | Categorization (Yao . Information retrieval
. . . (Karami and Rahimi, labeling (Zhang (Deshmukh and .
information (Arar;gi(é)et al., 2019) etal., 2019) etal. 2016) Pacharaney, 2025) (Joulin et al., 2017)
Information Automatic Normalization Text minin,
Avoid loss of . Ontologies (Torre formatting Chatbot (Hindelang s
o . extraction (Alphonse . (Castano et al., (Apostolova et al.,
information etal., 2024) (Hirschman et al., etal., 2024)
et al., 2006) 1976) 2016) 2019)

Registered in an
understandable way

Template mapping
(Kersloot et al.,
2020)

Normalization
(Pradhan et al.,
2015)

Classification
(Garcia Adeva et al.,
2014)

Sentiment analysis
(Deng et al., 2014)

Speech to text (Pirtle
etal., 2018)

Semantic similarity
(Xiong et al., 2023)

So that the
professional reading
the record can
understand it

Entity linking
(Alekseev et al.,
2022)

Ontologies (Tao
etal., 2011)

Topic modelling
(Sarioglu et al.,
2013)

Question answering
(Mutabazi et al.,
2021)

Task oriented dialog
system
(Campillos Llanos
etal., 2015)

Retrieval augmented
generation (Xiong
etal., 2024)

Minimize time spent

Active learning
(Skeppstedt, 2013)

Code switching
(Lépez—Ubeda etal.,

Speech to text
(Pellecchia, 2024)

Virtual assistant
(Tiwari et al., 2022)

2020)
Lo Automatic . . . .
Mz'nntam the Emotion detection Chatbot (Seitz et al., summarization Sentiment analysis Virtual assistant
patient-doctor (Huang et al., 2023) 2022) (Lopez Espejel (Demner-Fushman (Jorgenson et al.,
relationship getal, Pz(‘) h 9)}’ el et al., 2009) 2024)
Information retrieval
Information . . Decision support / Retrieval
contained in a large Ter_nplate mapping Knovaledge graph KeyWO{d extraction Pattern recognition system augmented
. (Rajeshkumar et al., (Arsenyan et al., (Deléger et al., X . . S
number of medical 2023) 2023) 2010) (Asgari et al., 2019) | (Ravichandran et al., generation (Ziletti
records - - 2024) and D’ Ambrosi,
2024)
Automatic Named entity Coreference Semantic similarity
Accurate and I recognition Classification . Speech to text < N
concise recording summarization (Campos et al (Brisimi et al., 2018) resolution (Uzuner (Le-Duc et al., 2024) (Lépez Espejel,
(Liang et al., 2019) 2012) - - etal., 2012) ” 2019)
Table 2: Mapping between EHR features and associated NLP/AI techniques.
Dataset Language Annotations Type Size Access
ClinicalTrials.gov’ English No Protocols, trial outcomes  Over 400,000 studies Public
MIMIC-III!? English Yes Clinical notes, ICU data  Over 40,000 patients Requires access
g p q
FAERS!! English No Adverse event reports Over 10 million reports Public
g P P
AIDS CTG Study 1752 English Yes Clinical notes 2,139 participants Public
y g p p
i2b213 English Yes Annotated clinical notes  ~1,500 notes Requires access
g q
DermatES!* Spanish Yes Dermatological reports 8,800 dermatology EHRs Public
p g p gy

Table 3: Summary of datasets used for training and evaluating NLP models in eligibility criteria extraction.

19




Model Main Metric Value Dataset(s) Used Reference
AutoCriteria F1-Score 89.42 ClinicalTrials.gov (Datta et al., 2024)
DICE F1-Score 70.46-75.22 | MACCROBAT-EE Ma et al., 2023)
GPT-4 (C2Q 3.0) | F1-Score 89.1 ClinicalTrials.gov (Yuan et al., 2019)
GPT-4 (C2Q 3.0) | F1-Score 64.8-72.5 | Oncology clinical trials | (Yuan et al., 2019)

Table 4: Comparison of models in automated extraction of eligibility criteria for clinical trials.

1 criterion 1 question

Is the patient’s predicted life expectancy > 3

Predicted life expectancy > 3 months months?

1 criterion 4 questions

Has the patient had any other previous or

Previous or current malignancies of other ;
current malignancy?

histologies within the last 2 years, except for in
situ carcinoma of the cervix, and adequately | Is that malignancy an in situ carcinoma of the

treated basal cell or squamous cell carcinoma cervix?
of the skin

Is that malignancy an adequately treated
non-melanoma skin cancer?

Has there been evidence of that malignancy
within the last 2 years?

4 criteria 1 question

Three cohorts of subjects are defined in this

prospective multicenter study: Has the patient been diagnosed with: (1) triple

Cohort 1: Triple-negative breast cancer negative breast cancer? (2) HER 2 positive
(TNBC) breast cancer? (3) Non-small cell lung cancer?
Cohort 2: HER 2 positive breast cancer
(HER2+ BC)

Cohort 3: Non-small cell lung cancer (NSCLC)

Table 5: Examples of correspondence between the number of criteria and questions to be generated. The criteria are
extracted from the clinical trial NCT05278975. The questions are generated by the authors of this article
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