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Abstract

The purpose of this paper is to systematically sort out and analyze the cutting-edge research on the eligibility criteria of
clinical trials. Eligibility criteria are important prerequisites for the success of clinical trials. It directly affects the final results
of the clinical trials. Inappropriate eligibility criteria will lead to insufficient recruitment, which is an important reason for
the eventual failure of many clinical trials. We have investigated the research status of eligibility criteria for clinical trials on
academic platforms such as arXiv and NIH. We have classified and sorted out all the papers we found, so that readers can
understand the frontier research in this field. Eligibility criteria are the most important part of a clinical trial study. The ulti-
mate goal of research in this field is to formulate more scientific and reasonable eligibility criteria and speed up the clinical
trial process. The global research on the eligibility criteria of clinical trials is mainly divided into four main aspects: natural
language processing, patient pre-screening, standard evaluation, and clinical trial query. Compared with the past, people are
now using new technologies to study eligibility criteria from a new perspective (big data). In the research process, complex
disease concepts, how to choose a suitable dataset, how to prove the validity and scientific of the research results, are chal-
lenges faced by researchers (especially for computer-related researchers). Future research will focus on the selection and
improvement of artificial intelligence algorithms related to clinical trials and related practical applications such as databases,
knowledge graphs, and dictionaries.

Keywords Clinical trial - Inclusion criteria - Exclusion criteria - Big data - Artificial intelligence - Machine learning

Introduction conducted research through retrospective research, issuing
questionnaires [2, 3], etc. Now, with the advent of the era
of big data and the dramatic increase in medical-related

electronic data such as electronic health records (EHR),

Clinical trials are the most important link in the marketing
cycle of new drugs. Eligibility criteria are the most impor-

tant part of clinical trials. The success of clinical trials
depends on the correct eligibility criteria. Clinical trials in
the past have often faced multiple problems including under-
recruitment, recruiting enough people but failing to dem-
onstrate the efficacy and safety of interventions, and unrea-
sonable experimental designs [1]. These issues are directly
or indirectly related to the eligibility criteria. In the second
half of the last century, to solve these problems, researchers
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researchers are turning to use artificial intelligence to pro-
cess the increasingly complex data. The urgency of this
action is further demonstrated by the emergence of COVID-
19. Take vaccine development as an example: In 2020, there
are more than 80 potential vaccine candidates being studied
[4], but only a few have finally started clinical trials and
entered production. The case of Covid-19 demonstrates the
need to change the way to run the clinical trials. Compared
with the complex, cumbersome and lengthy manual pro-
cesses, a set of rigorously tested artificial intelligence algo-
rithms has a good chance of replacing most of the manual
processes in clinical trials.
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Material and methods
Paper selection

The materials of this paper are various published and
unpublished papers. The main source of papers is
Google Scholar, arXiv, Nature, NIH (National Library of
medicine) and other academic related platforms. On these
paper platforms, we use keywords such as “Eligibility
Criteria” and “Clinical Trial” to query. After reading
these papers, we also study their reference papers and
incorporate them into our research.

Research methods

We focus on computer and clinical trials related papers
and collate the direction, purpose, object, data set,
results and shortcomings of these papers. We classify
these interdisciplinary papers according to their research
directions. We have studied the data sets used in these
papers and made a relevant table.

Results

From the beginning to the present, natural language
processing (NLP) has been an important research direc-
tion. Except the NLP, research on eligibility criteria also
includes many research directions such as patient match-
ing, clinical trial evaluation, and clinical trial inquiry.
Figure 1 shows the relationship between these research
directions.

Research hotspots
Natural language processing (NLP)

Natural language processing (NLP) is one of the important
foundations of eligibility criteria research. In NLP,
information extraction is the main research direction.
The role of information extraction is to convert “human
language” into “machine language.” It is to convert the
eligibility criteria and patient data in free text form into
structured data that can be recognized by computers. NLP is
the data source for all computer-related research in this field
and an important research basis. Most research focuses on
two components of NLP: entity name recognition (NER) and
relation extraction (NEL). Because NLP spans many fields,
the development and progress of NLP in the field of clinical
trials always comes from breakthroughs in other NLP fields.

From more than ten years ago to the present, in the field
of clinical medicine, NLP models have undergone a long
development process: early semi-automatic methods based
on pattern matching and rules: such as the pattern matching
and rule-based method proposed by Tu [5] in 2010, object-
oriented model such as Elixir proposed by Weng [6] in
2011; various models related to mid-term and machine
learning: Criteria2Query model proposed by Yuan [7],
which combines machine learning and rule-based methods,
which is of great significance for later generations (although
this is only a small part of his research); then to the later
deep learning period: after the launch of word2vec, the
Facebook research team led by Tseo [8] applied it to entity
recognition in clinical trials, Pandey [9] proposed a BILSTM
and attention mechanism based on Encoder—Decoder model;
and in recent years, after Google proposed two well-known
pre-training models for migration learning: Transformer
model and Bert model, researchers proposed BioBert [10],
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Fig. 1 Relationship between research directions of eligibility criteria
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BioELECTRA [11], BioALBERT [12], CT-BERT [13],
BLURB [14] and other pre-trained models suitable for
biomedicine, and incorporate them into the field of clinical
trials. The development of NLP in the field of clinical trials
has been combined with the state-of-the-art at the time.
Regarding clinical trial NLP, there is another organization
that must be mentioned: n2c2 (National NLP Clinical
Challenges), which publishes a series of clinical trial NLP
challenges every year. In addition to having access to large
datasets, n2c2 produces a large number of high-quality
papers every year [15, 16].

In addition to the various studies mentioned above,
there are many systematic summaries of the applications
of NLP in medicine and biology. For example: Udo [17]
surveyed the fundamental methodological paradigm shift
of medical Information Extraction (IE) from standard
Machine Learning (ML) to Deep Neural Networks (DNN).
Seyedmostafa [18] studied the development and uptake of
NLP methods applied to clinical notes related to chronic
diseases. Surabhi [19] presented a review of clinical NLP
literature for cancer.

Except researching higher-accuracy and more general-
purpose NLP models, another important part of NLP
research is corpora. Since NLP research requires a large
amount of data (this is more important for models based on
supervised learning), corpora are needed to provide building
applications and training models. And clinical trials are no
exception. The data sources of the clinical trial corpus are
mainly those texts that are included in the eligibility criteria.
But here's the problem: Entity name recognition in NLP
requires an already defined entity type. Therefore, when
building a corpus, it is necessary to label important features
in the data, which is very time consuming. How to mark
these contents is a problem that researchers must consider.
As the medical profession is involved, the help of medical
professionals is indispensable. Although researchers can
also refer to authoritative lexicons such as UMLS [20] when
annotating texts and use various professional annotation
tools (such as BRAT [21]) to speed up annotation, different
understandings and different purposes lead to different
annotation mode. This eventually led to the birth of various
corpora with different uses and different volumes and
contents. Researchers usually build corpora according to
their needs when conducting NLP research. For example,
Mary [22] built a small corpus when they were studying the
semantic annotation framework EliXRTIME. Tian [23] also
built the corresponding ElilE corpus while developing the
inclusion and exclusion criteria for clinical trials (Although
its content is limited to Alzheimer's disease, and its dataset
is small) and the supporting corpus of BRAT mentioned
earlier. There are also researchers who specifically develop
corpora that can be used as shared benchmarks by other
studies, such as the SUTIME corpus [24] specifically for

identifying and normalizing temporal expressions, Chia
corpus for machine learning, rule-based or hybrid methods
proposed by Fabricio [25], and the LCT corpus [26] recently
proposed by Nicholas J.

Patient pre-screening

When a clinical trial faces many participants, manual
screening is time-consuming and error prone. Early
electronic screening methods were mainly semi-automatic
methods, such as developing professional software using the
CDSS system of electronic health records, alerting clinicians
by e-mail when potential patients are found [27, 28]; using
data query to find databases with the assistance of MED
software potential patients in and then have the physician
manually confirm [29], etc. These methods are still quite
time consuming. But with the development of machine
learning and the help of artificial intelligence, efficiency
will be greatly improved. In Minnesota, for example, in a
pilot study at its Mayo Clinic in Rochester, IBM's Watson
clinical trial matching system increased the average monthly
enrollment in breast cancer trials by 80 percent. How to use
computer to quickly and accurately determine patients who
meet the inclusion and exclusion criteria is an important
direction for the current clinical trial eligibility criteria
research.

Patient-trial automatic matching is based on a success-
ful application of natural language processing (NLP). The
current patient matching research is mainly divided into
two categories: project and system. The patient matching
project of a clinical trial is divided into two parts in the
overall structure: text extraction of patient electronic medi-
cal record text clinical trial inclusion and exclusion criteria
text; data matching and labeling after extraction is com-
pleted. The specific structure is shown in Fig. 2. For cur-
rent researchers, there are two main technical problems: (1)
How to obtain from clinical trial records and patient data.
(2) Design a high-precision, high-efficiency data matching
model. For the former, clinical trial information extraction
has been well developed. Although extracting useful infor-
mation from patients' electronic medical records remains
problematic. Like the eligibility criteria for clinical trials,
the content of electronic medical records includes unstruc-
tured narrative text and structured coded data [30]. This
also means that new annotation standards and new cor-
pora need to be constructed. The latter means that it will
be closely linked to various algorithms. For the latter, like
NLP, patient matching has gone through a process from
machine learning to deep learning to now transfer learn-
ing. Kalya [31] proposed a rule-based approach to compare
and match structured patient data with a list of eligibility
criteria, and Ni [32] used an automated ES algorithm [33]
to pre-screen pediatric oncology patients, saving physicians
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Fig. 2 Basic structure of patient pre-screening (screening)

85-90% workload. Compose and DeepEnroll proposed in
recent years are one of the applications of transfer learning.
DeepEnroll [34] uses a pre-trained model (BERT) to process
test texts, uses a hierarchical embedding model to represent
patients’ electronic health records, and the aforementioned
Criteria2Query Compared with the accuracy, the accuracy
is 7% higher; while Compose [35] uses BERT and CNN for
word embedding and semantic acquisition, respectively, and
uses multi-granularity medical concept embedding based on
learning taxonomy to achieve dynamic patient-trial match-
ing. The final accuracy is as high as 98%. The specific struc-
tures of Compose and DeepEnroll are shown in Fig. 3 and
Fig. 4. In addition to using EHR data for matching with
clinical trials, studies have also been conducted on EMR
data. Houssein [36] proposed the medical big data platform
EMR2vec, which allows users to match, correlate and query
EMR data and clinical trials. Like the NLP in the previous

article, there are competitions that release questions related
to patient matching every year. For example, the predeces-
sor of n2¢2 mentioned above: i2b2 [37], and the TREC text
retrieval conference [38].

In addition to patient-matching programs that have been
put to the test, websites that automatically match patients
to clinical trials are already in use, such as PatientsLikeMe,
which requires patients to register and enter relevant
information to match clinical trials. In addition, many
medical companies have developed their own clinical trial
patient matching solutions and put them into the market,
such as Circlebase's ACTM solution based on natural
language processing and machine learning, CARIS's Caris
RIT research system. Unfortunately, it is difficult to know
the exact technical details of these solutions because they
are commercial products.
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Fig. 3 Compose model structure
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Eligibility criteria evaluation

Standard evaluation is to study the influence of the
eligibility criteria of clinical trials on the final results,
which is consistent with the purpose of earlier research on
the content of inclusion and exclusion criteria. The main
purpose of the study is to (1) broaden the eligibility criteria,
avoid unnecessary exclusions, and benefit more patients (2)
develop qualified inclusion and exclusion criteria [39], so
that participants in clinical trials can be more in line with
the trail, while ensuring safety and efficacy. The impact of
eligibility criteria on clinical trials is mainly shown as the
number of people recruited to the trial, as well as various
parameters used in medicine to evaluate clinical trial
results, such as the trial-controlled hazard ratio (HR). In
addition to the above two, some people also put forward
their own views through their own research, such as the
SICE effect proposed by Ma [40], which is suitable for
large-scale confirmatory clinical trials, and the GIST2.0
multi-trait metric proposed by Anando [41], which can
compute the priori generalizability based on the population
representativeness of a clinical study. Early research on
eligibility criteria mainly relied on manual comparison and
summary. In 2014, when both EHR and NLP in the field
of clinical trials became increasingly popular, the research
team led by Weng [42] proposed to apply EHR data to the
study of clinical trial and eligibility criteria. They used
clinical trial data from ClinicalTrials.gov and electronic
health records from Columbia University Medical Center
of NewYork Presbyterian Hospital to study the differences
between the target population of clinical trial and the real-
world population. After that, more and more people began
to use electronic data resources to analyze clinical trials and
eligibility criteria. Nowadays, researchers often need to test
the impact of eligibility criteria under different conditions on
the results by means of simulation experiments. Since this
process needs to be carried out by computer simulations,

Outcome
evaluation
patient-trial
matching
Outcome
prediction
(optional)

testing with synthetic data becomes a possible option. But as
aresearch field closely related to evidence-based medicine,
real clinical data are very important. At present, researchers
in the field of clinical trials mainly use patient data in real-
world data (RWD) as research data sources, such as Chen
[43] research on Oppenheimer's disease clinical trials, Kim
[44] research on COVID-19 clinical trials and Li [45]
research on colorectal cancer clinical trials, Li's research
also demonstrated the feasibility of using RWD to assess
clinical outcomes in patients. In addition to the above
studies, others have focused on the optimization of eligibility
criteria for clinical trials: Liu [46] from Stanford University
developed an open-source artificial intelligence tool called
TrialPathfinder that uses EHR data to simulate clinical trials
according to different eligibility criteria. Their findings were
also striking: Several common inclusion criteria, such as
blood pressure, lymphocyte counts, had little effect on trial
hazard ratios. However, if it is restricted, it will greatly
affect the final number of recruits. Similarly, Liu [47], who
proposed the AICO framework, came to similar conclusions
when studying several different experimental cases. By
widening the thresholds of clinical variables, the coverage
of clinical trials can be effectively expanded.

Clinical trial query

The goal of eligibility criteria studies in most clinical trials
is to recruit enough patients who meet the trial criteria. To
achieve this goal, we need to think from the perspectives
of researchers and patients: researchers need to design a
reasonable clinical trial plan, and patients need to choose
the correct clinical trial. Both steps involve finding a clinical
trial that meets the users’ needs from a large amount of past
or present clinical trial data.

From the researcher’s point of view, when designing
a new clinical trial protocol, the researcher may need to
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refer to some previous similar cases. To reduce the time
and energy spent by researchers in this process, it is obvi-
ously a good idea to integrate past clinical trial protocols
into a database for systematic review. Such databases would
include an NLP model to process the raw textual data, and
a user interface (usually a web-based user interface) for the
user to use [48]. In addition to data retrieval, knowledge
graph is also an important derivative direction. Visualizing
the data in the database to the user can speed up the user’s
information retrieval, such as the COVID-19 clinical trial
knowledge map developed by Jingcheng [49], and the eligi-
bility criteria database with a knowledge map visualization
platform developed by Milian [50]. The downside of such
databases is that their data accuracy is entirely dependent
on the NLP model they use. To ensure a higher level of data
accuracy and reusability, extensive testing in collaboration
with experienced reviewers and clinicians is required.

From the perspective of patients, it is worth thinking
about how to make those patients who are interested in
finding a clinical trial that suits their own situation smoothly.
With the rapid development of the Internet, today’s patients
are more inclined to use the Internet to inquire about clinical
trials that may be of interest to them. The conventional query
method is to use search engines to search for keywords,
and some people have already started research in this area:
using FastText, CNN, SVM, KNN and other deep learning
networks to test the classification effect of the eligibility
criteria [51], identified and classified eligibility criteria
in clinical trials by latent Dirichlet allocation (LDA) and
logistic regression models in the absence of annotated
data [52], or an automated method developed for similar
eligibility standard clustering test [53]. Although a search
engine that integrates high-precision search methods can
make it easier for patients to search, patients may still be
faced with finding from hundreds of possible options. This
method is time-consuming and labor-intensive, and it is
not always possible to find a clinical trial protocol that is
suitable for the patient. This situation is very similar to the
development of recommendation algorithms and systems.
Through unsupervised data mining, Riccardo [54] looks for
highly general “labels” from the inclusion and exclusion
criteria of clinical trials. On this basis, they proposed the
eTACTS system [55]. Targeted at patients and researchers,
eTACTS helps users quickly find the clinical trials they
need by narrowing down their search by selecting tags from
a “tag cloud.” In addition to the static method of tagging,
some researchers also consider it from a dynamic point of
view such as developing a system that dynamically generates
survey questions based on an existing database and then,
generates questions based on user responses [56]. These
systems greatly save users time, while also making it more
likely that clinical trials will recruit eligible patients.

@ Springer

Others

As people increasingly focus on the application of artificial
intelligence in clinical trials. There are also many people
who are still focusing on some other aspects of research,
such as the text specification of eligibility criteria. As early
as 2009, when the electronic medical record EHR gradually
became popular, Wang [57] studied the standardization of
the eligibility criteria. The research lays a solid foundation
for future follow-up research. Then, in 2013, the NIH Health
Care System Collaborative Laboratories offered their own
take on the next generation of clinical trial phenotypic
electronic health records [58]: EHR data do not reflect the
“real” situation of the patient but reflects the relationship
between the patient and the environment, medical care
interactions between systems. The same is true for various
encoded data in the EHR. Although computers need to
convert unstructured sentences into structured sentences,
this does not mean that unstructured data are useless.
Raghavan [59] studied the importance of unstructured data
in clinical trial recruitment. Research on existing disease
data shows that structured data alone are not sufficient to
address clinical trial recruitment. Structured data need to be
further combined with unstructured data to further increase
its coverage. Similar to the fact that EHR sometimes fails
to reflect the real situation of patients, the eligibility criteria
also exist limitations. Averitt [60] studied the eligibility
criteria for randomized controlled trials. By comparing the
data reported by RCT with the real data of electronic health
records of large academic medical centers planned according
to RCT qualification criteria, they found that in randomized
controlled trials, the qualification criteria may not be
sufficient to identify applicable real-world populations.

Dataset When investigating issues related to clinical trial
eligibility criteria, the required datasets fall into two broad
categories: clinical trial data and patient data. Researchers
obtain eligibility criteria from clinical trial data, and many
clinical trials have published their trial content on the Inter-
net. For patient data, due to the extensive development of
medical informatization and electronicization, researchers
can obtain the required patient data through the patient's
electronic health record (EHR).

The sources of clinical trial data used in papers mainly
come from the clinicaltrials.gov website, a clinical trial data-
base run by the US National Library of Medicine (NLM) and
the US Food and Drug Administration (FDA) and affiliated
with the National Institutes of Health (NIH). It is the largest
clinical trials registry in the world. The sources of patient
EHR data are relatively complex. Except for undisclosed
specific sources and data sets provided by conferences or
competitions, most of them come from commercial websites
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or corporate cooperation. For example, Raghavan obtained
data from 100 clinical trials, including chronic lymphocytic
leukemia and prostate cancer, from the Clinical Trials web-
site. They obtained medical records including 2060 chronic
lymphocytic leukemia patients and 1808 prostate cancer
patients from The Ohio State University Wexner Medical
Center. Table 1 shows the dataset sources for the rest of the
reference papers in this paper.

Notably, DeepEnroll researchers have also proposed an
automated patient data generator written in Python that
can automatically generate patients in batches to meet
testing needs. Of course, real patient data are still a must
to demonstrate the scientific validity and validity of the
findings.

In the early stage of patient data, there was no unified
norm and standard, so patient data with complex sources
appeared. In recent years, patient data have been gradually
unified and standardized. The emergence of large
professional databases such as OPTUM and Flatiron has
greatly facilitated researchers. At the same time, connecting
with these databases has also become one of the ultimate
goals of many research projects.

Discussion
Challenges

From the end of the last century to the present, the research
on the eligibility criteria of clinical trials has also faced
many problems and challenges. During the research
process, researchers mainly face three types of problems:
interdisciplinary research, research data acquisition and
large-scale testing. Since research in this field is closely
related to medical clinical trials, understanding, and
mastering relevant medical expertise, using scientific and
reliable experimental data, and finally conducting a large
number of rigorous tests are challenges that must be solved.

Conceptual issues

Before conducting related research work, researchers should
understand and be familiar with relevant professional
knowledge and concepts of clinical trials, such as
interventions, experimental groups and control groups, risk
ratios, random blinding, and placebo. The current problem is
that many researchers are not fully familiar with the relevant
concepts of clinical trials and eligibility criteria when
conducting research, which leads to various problems in data
processing such as text recognition and text classification,
which seriously affects the research.

In addition to the related concepts of clinical trials,
the medical concepts themselves are easily confused.

Take “osteoporosis” and “osteomalacia” as examples.
Osteoporosis is caused by the proportional reduction in
bone matrix and bone minerals, and bone resorption is
greater than bone formation, which results decrease in
bone mass and increase in bone fragility. Osteomalacia
refers to no change in the bone matrix due to the decrease
in bone mineral mineralization. Many medical terms are
not very different in words, but in reality, they are different.
Confusion of medical concepts and lack of relevant disease
expertise are major problems in the current clinical trials
inclusion and exclusion criteria studies.

Dataset problems

The datasets used in the study of eligibility criteria fall into
two categories: clinical trial data (ER) and patient electronic
medical records (EHR). Patient data are difficult to obtain
compared to clinical trial data available from clinicaltrials.
gov. Due to personal privacy concerns, it is difficult to obtain
free, reliable, open-source patient datasets with a certain
sample size on the Internet, except in cooperation with
professional institutions. This is the question and challenge
that all researchers face.

Another problem with datasets is the uniformity of data
specification. Electronic health records may vary from
country to country, region to region, or even between
departments within the same hospital [61]. Since many
papers today involve the study of medical data, how
to integrate these data is a problem that must be solved.
Although large-scale patient datasets have been widely
used and popularized in recent years, and many papers and
studies have also begun to actively integrate with these
databases. The compatibility of cutting-edge research with
different databases has been a new problem, which affects
the scalability of research.

Test problems

Whether it is the various clinical trial databases mentioned
above or the network questionnaire system. Although they
were all tested and released to the public, the main problem
they faced was that the number of people who participated
in the test was too small, resulting in the findings themselves
being very one-sided. While these are helpful for patients
who are actively seeking out clinical studies, but not
recruiting enough testers remains a serious problem. Only
10 out of 100 trial applicants end up participating in the
trial is the normalcy for many clinical trials [62]. From a
physician's perspective, the main barriers to clinical trial
recruitment are time constraints and the inability of eligible
patients to participate in trials for various reasons [3]. It
is not only the clinical trial itself that affects the number
of recruits, but also economic factors, policy factors, and
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information asymmetry between the trial and the patients
[63]. If the number of participants is not enough, then there
will be no practical significance to conduct more studies
around the eligibility criteria. The public's attitude toward
clinical research is also one of the problems faced by this
field. Research in this field, especially those related to
clinical trial network platforms and data systems, needs to
involve the public in the testing process in addition to real
patient data (RWD). In the context of big data, many related
studies of artificial intelligence in clinical trials currently
lack rigorous large-scale experiments. How to prove that
these studies improve clinical trials is one of the major
challenges in the field today.

Future outlook

Research in the field of eligibility criteria for clinical trials
began as early as the second half of the last century and
formed a number of research directions based on natural
language recognition.

The current research hotspot in this field—text
recognition and information extraction is still an important
research direction in the future. As an important foundation
for research in the entire field, NLP models with good
accuracy are an important prerequisite for most research in
this field to be carried out smoothly. In the context of the
rapid development of new artificial intelligence technologies
such as deep learning and transfer learning, research in the
direction of natural language processing (NLP) will continue
to be hot. Building NLP suitable for clinical trials based on
pre-trained NLP models, building a large corpus sufficient
to support other NLP research, and connecting with large
clinical databases are all important development directions
of NLP in the field of clinical trials in the future. As for
patient matching and eligibility criteria evaluation, many
projects of the former have now been commercialized
and are undergoing trial operation or formal operation in
many hospitals and medical institutions and will continue
to expand in the future. The latter is not only closely
related to the retrospective study of clinical trials, but also
closely related to the design of clinical trial qualification
standards and personalized medicine. For clinical trial
qualification design, in fact, as early as 1999, Daniel [64]
have proposed a new tool to write the qualification criteria
for clinical trials, but due to the limitations of the times and
technology, the research and development in this direction
has been in a slower speed. Until recently, the development
of various applications and algorithms such as large clinical
trial databases, clinical trial data retrieval, provided new
possibilities for development in this direction. A large
amount of clinical trial data enable people to develop a
clinical trial recommendation algorithm in the same way
as a commodity recommendation system. If the physician
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inputs some necessary trial-related data, the system can
automatically recommend relevant clinical trials to him
as a reference, which helps the physician design eligibility
criteria and directly generate relevant templates based
on similar cases in the past. For personalized medicine,
the development of artificial intelligence in clinical trials
has brought new opportunities for it. Data collected
in randomized clinical trials can be used to construct
individualized treatment rules (ITRs), which can be
facilitated by the development of various data management
techniques. In the past, building ITRs from large amounts
of data was time-consuming and laborious. Today, with
the development of artificial intelligence, some researchers
are applying active learning to personalized medicine [65,
66]. It reduces the learning cost of ITR and provides more
possibilities for the future. In addition to the above two,
there will be more large-scale, cross-domain professional
clinical trial data platforms in the future. Data visualization,
knowledge graphs, and search engines, these calculations
closely related to big data will also be closely integrated
with clinical trial research and applied.

In addition to the above two categories, there will be more
large-scale, cross-disciplinary professional clinical trial data
platforms in the future. Building a database for multiple
diseases and medical standards is an important research
direction in the future. In addition, data visualization,
knowledge graphs, search engines, and other technical
applications supporting databases are also new research
directions.

In short, new research directions will continue to focus
on the ultimate goal of “how to help clinical trials.” The
“how to help” approach is very diverse and can be any part
(or whole) of the clinical trial chain. For researchers, they
first need to determine which part of a clinical trial they are
studying and how their research will help the clinical trial.
The researchers then select the relevant technology and the
corresponding data set, and finally conduct the research.

Researchers must collaborate with relevant professional
departments in order to obtain valid “real world data.”
Although there are many difficulties, the lack of previous
research also brings more research directions and research
potential.

Conclusion

In summary, this paper systematically analyzes and sorts
out the status of studies in clinical trial eligibility criteria.
We have selected and studied more than 60 research papers
and divided them into four categories: natural language
processing, patient matching, evaluation of eligibility
criteria, and clinical trial query. The research contents,
research methods and research results of these papers are
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analyzed. The datasets used in each research paper were
systematically combed. Models proposed in some computer
papers are analyzed. The problems faced in this field are
expounded from three perspectives of cross-domain, data
acquisition and testing.

The development of this field is closely related to
artificial intelligence technology. In the context of the
emergence of electronic medical data, machine learning
and deep learning allow researchers to process and analyze
data more efficiently. In the future, the focus of work
will be on practical applications in this field. In addition
to the original patient matching and standard evaluation,
large-scale applications such as clinical trial personalized
medicine, clinical trial database management platform,
clinical trial knowledge map, clinical trial retrieval system,
and clinical trial recommendation system will be important
research objects. We will continue to research how computer
technologies, led by artificial intelligence, can impact
clinical trials in real life.
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