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ABSTRACT 

Recruiting and retaining patient’s remains one of the most important issues in clinical trials, where about 80% of the 
trials fail to achieve their enrolment schedule, and 30 percent of the recruited subjects do not see through the end of the 
trial period. The impact of these challenges is a delay in the development of drugs, a rise in the cost, and scientific 
invalidity. The appearance of data-centered strategies, such as artificial intelligence (AI), machine learning (ML), big 
data analytics, and integration of electronic health record (EHR), has given hope towards finding solutions to these time-
old hindrances. The paper is a critical review of existing evidence-based practices for enhancing patient recruitment 
and retention in U.S. clinical trials and analyzes their successes and future research and practice directions. Some of the 
methodologies that we analyzed are natural language processing, predictive analytics, goal programming, deep learning 
models, and HER-based surveillance systems. 

The current approaches indicate that their efficiency is surprisingly high in recruitment, and AI-driven systems yielded 
results of 40-70% faster screening time, 23-fold more valid patients, and varied enrollment rates up to 15-45%. The 
main technologies are NLP-based eligibility screening, enrollment success predictive modeling, automated systems of 
patient-trial matches, and Real-Time EHR. Nevertheless, equity and diversity challenges, interoperability of data, 
regulations, and practical use continue to be experienced. Data-driven approaches are a paradigm shift in the domain 
of clinical trial recruitment and retention, and they provide tangible advances in the areas of efficiency, cost-
effectiveness, and identification of patients. In line with future developments, it is possible to estimate more profound 
integration of large language models, privacy-preserving analytics by using federated learning, adaptive recruitment 
policies in real-time, and frameworks to assure equitable representations. It needs interdisciplinary cooperation, 
effective regulation mechanisms, and further advancement of AI/ML approaches to achieve successful implementation. 

Keywords:  Clinical trials, Artificial intelligence, Machine learning, Electronic health records, Predictive modeling. 

1 INTRODUCTION 

Evidence-based medicine relies on clinical trials, which are the fundamental aspect of scientific research that allows 
assessing the safety and effectiveness of new therapeutic methods. Nevertheless, the clinical trial business suffers a 
chronic and long-studied crisis, the lack of opportunities to find and retain adequate amounts of participants within 
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budgets and timelines. About 80% of clinical trials are unable to achieve their enrollment targets on time, and almost 
30% of participants enrolled in trials do not continue until the end (Wilkins et al., 2021). The indirect effects of these 
recruitment and retention failures include delayed development of therapies, inflated research expenses ranging from 
$600,000 to $8 million per day of delay, reduced statistical power, and, eventually, reduced access to potentially life-
saving therapies (Huml et al., 2020). 

A specific problem with patient recruitment and retention is exceptionally sharp in the United States, as the clinical trial 
landscape is becoming increasingly complex in terms of protocols, eligibility, geographic distribution of the trial site, 
and the underrepresentation of racial and ethnic minorities (Ahluwalia et al., 2022; Brooks et al., 2015). The 
conventional forms of recruitment, such as the physician referral system, community outreach, and mass media 
advertisement, have not been adequate to meet these complex challenges. In addition, the COVID-19 pandemic has 
demonstrated the vulnerability of traditional recruitment methods and increased the pace at which new, technology-
enabling solutions are required (Bikou et al., 2023). Over the past few years, a combination of various technological 
advances has provided unprecedented opportunities to change the manner of clinical trial recruitment and retention. 
The introduction of electronic health records (EHRs) in large numbers led to the creation of enormous repositories of 
organized and unorganized patient data. With recent developments in artificial intelligence (AI) and machine learning 
(ML), specifically in natural language processing (NLP) and deep learning, complicated clinical data can be analyzed. Big 
data analytics solutions have given the tabulating power needed to compute and evaluate millions of patient records 
within seconds. A combination of these data-driven strategies provides the opportunity to transform the process of 
patient identification, screening, enrolling, and retaining into clinical trials (Murphy et al., 2017; Gong et al., 2026; 
Samuel et al., 2024). 

This manuscript aims to cover a comprehensive, critical review of existing data-driven strategies to enhance patient 
recruitment and retention in U.S. clinical trials. The evidence literature will be synthesized, taking into consideration 
current published results focusing on the methods used, effectiveness, and implementation issues, and perspectives of 
AI, ML, big data analytics, and HER-based strategies. In the analysis, we used more than 90 peer-reviewed articles, such 
as empirical research, methodological, and systematic reviews. We put emphasis on the U.S. case, as the regulatory 
landscape, healthcare infrastructure, and diversity issues, which define American clinical research, are specific. Through 
the amalgamation of existing information and mapping the way ahead, this manuscript will inform and speed up the 
implementation of information-driven solutions that will eventually enhance the efficiency, equity, and scientificity of  

2 THEORETICAL FOUNDATIONS AND BACKGROUND 

2.1 Clinical Trial Recruitment Crisis 

Patient recruitment and retention in clinical trials have been known to be a problem for decades, yet they remain one 
of the most important obstacles in the process of successful drug development and medical research. As it is always 
empirical evidence, most clinical trials do not fulfill their enrollment requirements within the initially planned period. 
The research shows that about 80% of trials are delayed because of recruitment issues, and most trials are extended by 
6 months or years following their original schedule (Wilkins et al., 2021; Evans et al., 2021). The economic consequences 
of these delays are deep, and the industry estimates that every day of delaying the drug to the market costs between 
600,000 and 8 million dollars in lost revenue and additional costs incurred in the development process (Huml et al., 
2020). In addition to an economic factor, recruitment failures undermine the generalizability and scientific validity of 
trial findings. Weak studies due to lack of enrolment cannot identify clinically significant treatment effects; they draw 
false negative conclusions, discarding potentially excellent therapies. In contrast, those trials that ultimately achieve the 
target of enrolment following lengthy recruitment durations might be contaminated by time effects with the alteration 
in the standard of care, ongoing trials, or even alterations in patient populations that may impact the similarity of the 
initial and final enrollees (Anisimov, 2023). The level of retention is also a major problem. The average rate of 
participant dropout of approximately 30% by therapeutic areas not only decreases the statistical power, but it also may 
create a possible selection bias when being nonrandom and depending on the treatment effect or patient characteristics 
(Nejat et al., 2024). The high dropout rates require over-enrolment to assure sufficient sample sizes, and this again 
elevates trial costs and the recruitment dilemma. Retention may be even worse in certain fields of therapy, especially 
where trials are conducted over a long-term period, and the dropout rates may be more than 4050% (Milliken et al., 
2023). 

2.2 Traditional Recruitment problems 

The conventional approaches to clinical trial recruitment have various constraints related to each other that restrict 
their performance. To begin with, the screening of potentially eligible patients is very ineffective. Doctors normally use 
memory and random opportunities to screen trial-eligible patients, leading to missed opportunities and bias in selection 
due to patients having more frequent clinical interactions (Meystre et al., 2023). Despite the use of systematic screening 
methods, manual review of the chart is time-consuming, labor-intensive, and subject to human error, especially in cases 
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where the eligibility criteria are complicated with multiple inclusion and exclusion criteria across diverse domains of 
data (Idnay et al., 2021). Second, patient access to clinical trials is severely restricted to patients due to geographic and 
logistical constraints. In the US, clinical trial locations are overrepresented in urban academic healthcare institutions, 
which means that rural and underserved communities face significant barriers to access (Milliken et al., 2023). Patients 
might be required to travel hundreds of miles to study locations, and there are costs involved in transportation, 
accommodation, and time cost (von Guthrie 1104). Such barriers in logistics have a disproportionate impact on patients 
with low incomes and lead to the continued underrepresentation of diverse groups of patients in clinical research 
(Ahluwalia et al., 2022). 

Third, lack of specificity regarding recruitment due to a lack of awareness and information. Even when patients know 
about any clinical trials, many of them could still be oblivious of what they could be missing and, in some instances, 
when they know, they do not have enough information on what to do. They might be unaware of trial opportunities or 
simply do not have the resources and time to advise patients on trial opportunities, especially in a community practicing 
setting (Brathwaite et al., 2023). The identification and recruitment process is further complicated by the fact that the 
U.S. healthcare system is fragmented, and patients get care provided by various and unconnected services and health 
systems (Umoren, Korang, et al., 2025). Fourth, there are challenges of trust and cultural barriers especially among 
racial and ethnic minority groups. The history of abuse in medical research; the Tuskegee syphilis study, has caused 
abiding suspicion of clinical research in African American society. These populations may also be hindered in 
recruitment due to language barriers, health belief and decision-making differences based on diversity but research 
have also shown lack of diversity in research staff (Brooks et al., 2015; Ahluwalia et al., 2022). These obstacles add to 
the continued absence of diversity in clinical trials, which restricts the generalized application of results and could fuel 
the health difference. 

2.3 The Promise of Data-driven Approaches  

The information-based solutions that are more focused on the use of AI, ML, big data analytics, and EHR integration 
have the potential to overpower the numerous shortcomings of the traditional recruitment processes. On a more basic 
level, these methods allow large groups of patients to be screened in a systematic, automated manner so as to identify 
potentially eligible candidates with hitherto unparalleled speed and accurateness (Gong et al., 2026). Instead of creating 
a system that physicians have to memorize, or reviewing manual charts to sort out exceptions, AI-based systems can 
actively analyze EHR data, automatically executing complicated eligibility criteria and creating real-time alerts 
whenever some potentially eligible patients have been found (Meystre et al., 2023). The computing of vital clinical data 
in unstructured text in the sources of clinical notes, radiology report, and pathology report data is normally not available 
using the traditional structured query methods with the help of natural language processing technologies (Idnay et al., 
2021; Fang et al., 2022). This feature comes in especially since it is estimated that 80 percent of clinical relevant data in 
EHRs is found in unstructured text fields. By making such information accessible, NLP-based strategies are able to 
recognize qualified patients that would not have been detected by the traditional screening methods. 

Machines learning has an opportunity to overcome the process of simple eligibility screening and predict enrolment 
success, patient retention, and recruitment plans (Liu et al., 2021; Yue et al., 2024). Such models are able to combine 
various types of data such as clinical features, sociodemographic determinants, geographical opportunities and 
enrollment history of patients to define not only eligible but also likely to enroll and follow the trial. This predictive 
feature allows dedicating recruitment resources to more efficient companies and more adaptive recruitment strategies. 
The goal programming and optimization techniques can be used to develop a model of recruitment strategies that will 
optimize various goals, such as enrollment goals, diversity goals, cost limitations, and time-related requirements (Davis 
et al., 2014; Planning and Monitoring, 2023). These methods are specifically useful in responding to the problem of 
providing equitable representation of the diverse populations: they can directly relate diversity objectives as 
optimization conditions instead of viewing diversity as an afterthought. 

The most advanced data-driven recruitment approaches are now large language models (LLMs) and generative AI, 
which provide features of automated interpretation of protocols and dialogue with patients and smart matching 
between patient attributes and trial eligibility (Abdallah et al., 2025; Chen et al., 2025; Amoako et al., 2025). Such 
technologies can also eliminate even more manual work in the recruitment process besides enhancing the quality and 
personalization of patient-trial matching. 

Noteworthy, data-driven methods are not supposed to substitute human assessment and the crucial role that clinicians 
and research coordinators play during the recruitment process. Instead, they as decision support tools are used to 
supplement human power so that research teams can be more efficient and effective. These technologies can release 
clinicians and coordinators by automating routine screening activities and giving intelligent recommendations because 
the human nature of recruitment that fosters trust and patient education and concerns that are crucial to successful 
enrollment and retention are not robotized (Meystre et al., 2023). Data-driven recruitment strategies are based on a 
theoretical background of several fields of study, such as, but not limited to, clinical informatics, machine learning, 
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operations research, and implementation science. Clinically informatics-wise, these methods utilize secondary clinical 
data usage and make EHRs research enablers instead of documentation devices.   

Machine-learning-wise, they use both supervised and unsupervised machine learning algorithms to learn the patterns 
in the complex, high-dimensional data, which serve as predictors of eligibility and enrollment success. In terms of 
operations research, they utilize optimization techniques to develop recruitment strategies that are maximally efficient 
and meet a variety of constraints. In terms of implementation science, they understand that technological innovation is 
not enough; to implement it successfully, workflow integration, including user acceptance and management of 
organizational change, is also needed. 

3 EXISTING DATA-DRIVEN STRATEGIES 

3.1 Natural language processing and Mining of text 

The concept of natural language processing has become an essential technology in clinical recruitment to overcome the 
severe obstacle of the majority of relevant clinical information in EHRs being in unstructured text. The systematic 
review of Idnay et al. (2021) has revealed a few 21 NLP systems to prescreen eligibility in clinical studies and has shown 
the maturity of this practice. NLP techniques used in these systems, such as named entity recognition, relation 
extraction, negation detection, and temporal reasoning, are used to extract structured information using clinical 
narratives. TAES (TriAl Eligibility Surveillance), invented by Meystre et al. (2023), can be seen as an example of a state-
of-the-art in terms of recruitment using NLP. Applied to a health system in South Carolina, TAES combines NLP 
algorithms and the OMOP Common Data Model to compare eligible trials and EHR-collected patient data and to match 
them automatically. It reads and analyzes structured data and unstructured clinical notes and sends real-time alerts to 
providers when they find that there are potentially eligible patients. During a pilot study, TAES proved automated 
eligibility surveillance feasibility, although the authors have indicated that it was difficult to achieve high precision and 
acceptable recall rates. 

Fang et al. (2022) proposed a hybrid model, which is a combination of human and machine intelligence to query clinical 
trials' eligibility. Their system leverages NLP to identify the most pertinent clinical concepts out of both eligibility 
criteria and the records of patients, and then leverages machine learning to rank the patients by likelihood to be eligible. 
Of significance, the system includes human expert feedback to continuously refine its predictions, and this shows that 
human-in-the-loop systems can deliver higher performance than fully automated systems. The conclusion is not 
isolated, and the larger trends in clinical AI lean towards the relevance of human-AI partnership as opposed to full 
automation. The modern developments in large language models created more opportunities when it comes to 
recruitment based on NLP. Yang et al. (2026) created the EC2Seq2Sql, a system based on the usage of an LLM to convert 
natural language eligibility criteria into queries in a database in the form of structured queries. The system was very 
precise in eliciting complex eligibility criteria and creating the right queries, indicating that LLMs can save the manual 
effort needed to use trial protocols to conduct automated screening. On the same note, Zihang et al. (2025) indicated 
that knowledge graphs provide some benefit of integrating LLMs to support pre-recruitment questionnaires, which 
reduces the accuracy of pre-screening the patient. 

3.2  Predictive Models and Machine Learning 

Predictive analytics can be regarded as a second large group of data-driven recruitment strategies, as it is aimed at 
predicting enrollment outcomes and optimizing recruitment methods. Liu et al. (2021) designed a machine learning 
method of recruitment based on clinical trial design, prediction of enrolment rates, and schedules using past trial data. 
They included such aspects as the nature of trials, site factors, prevalence of the diseases, and competitive trial 
environment. The predictive models attained moderate success levels in predicting the enrollment trend, which offers 
resource allocation and a valuable tool in planning trials. Yue et al. (2024) developed this practice with Trial-Enroll, a 
solution that uses deep learning and large language models to predict the success in clinical trial enrollment. Trial-Enroll 
uses a Deep & Cross Network design to represent the complicated interplay between patient attributes, trial attributes, 
and context. The system showed better performance than conventional logistic regression models since it obtained an 
AUC score higher than 0.80 when predicting enrollment likelihood. Notably, the authors have included interpretability 
techniques to determine the most significant variables that contributed to making the enrollment predictions, which 
increases the clinical applicability of the model. 

Predictive models have been promising in particular disease areas. Mehari et al. (2025) presented supervised machine 
learning models that predict clinical approval of therapeutic clinical trials of adult patients with low and high-grade 
glioma. Their models predicting enrollment using information about 1,200 patients reached accuracy rates of 7582%, 
which indeed is lower in comparison with other methods using the random forest algorithm. The researchers were able 
to establish the key predictors as the tumor characteristics, the histories of previous treatment, the performance status, 
and the sociodemographic factors. Such results indicate that domain knowledge implemented in disease-specific models 
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could present a higher performance in contrast to generic models. Several studies in the field of Alzheimer's disease 
have shown the usefulness of predictive analytics to enhance a trial population. In the paper by Tam et al. (2021), the 
models were created to make predictions of cognitive decline in enrichment of Alzheimer's disease clinical trials to 
allow the creation of more efficient trial designs by identifying the patients who are most likely to progress during the 
trial duration. Gallini et al. (2025) demonstrated that machine learning-selected cognitive factors based on selection 
enhance the statistical power of randomized clinical trials of dementia in Alzheimer's, which may shorten the sample 
sizes by 2030% required. It has been demonstrated that machine learning algorithms are able to detect non-diagnosed 
prodromal patients with Alzheimer's disease in the general population, increasing the number of potential people who 
can be eligible (Uspenskaya-Cadoz et al., 2019). 

3.3 Electronic Health Records Integration 

Having recruitment systems linked to EHRs is an imperative facilitator to real-time and automated patient 
identification. Gong et al. (2026) designed a real-time and common data model and an AI-based system that does 
semiautomated patient prescreening during cancer clinical trials. The system becomes interconnected with the 
institutional EHR and constantly tracks patient data and checks on one or another eligibility criterion as patients are 
attended to. Once possibly eligible patients are found, the system sends notices to the oncologists and research 
coordinators, so that they can easily maintain a discussion about the recruitment. The system found 2.5 times the 
number of eligible patients as traditional recruitment methods in a retrospective assessment, and the positive 
predictive value was 68%. Several studies indicate the significance of data standardization to HER-based recruitment. 
Recruitment systems can be implemented in a variety of institutions without such large-scale personalization because 
the application of common data models, e.g., OMOP (Observational Medical Outcomes Partnership) and FHIR (Fast 
Healthcare Interoperability Resources), enables recruitment systems to be deployed across multiple institutions 
without extensive customization (Meystre et al., 2023). This interoperability is especially important for multisite trials, 
where it is important that patients can be reliably identified across a diverse spectrum of EHR systems. Murphy et al. 
(2017) discussed the larger issues that need to be addressed with the use of big data from EHRs for translational 
medicine and clinical care, such as clinical trial recruitment. They identified three key challenges: the lack of 
management of big data by most EHR systems, the complexity needed to provide relevant features using machine 
learning algorithms, and the requirement of having constantly updated applications based on the current knowledge. 
The authors suggested a microservice-based architecture capable of integrating big data, machine learning, and clinical 
care workflows to provide a technical underpinning for next-generation recruitment systems. Real-world data from 
EHRs can also be used to inform trial design and the optimization of eligibility criteria. Evans et al. (2021) recommended 
by the Clinical Trials Transformation Initiative on the use of real-world data for planning eligibility criteria and 
improving recruitment. Their analysis showed that overly restrictive eligibility criteria are a major factor in recruitment 
challenges, and that EHR data can be used to simulate the effect of various eligibility criteria upon the size and 
characteristics of the eligible population. This approach makes it possible to optimize eligibility criteria in an evidence-
based manner in order to balance scientific rigor and recruitment feasibility. 

3.4 Goal Programming and Approaches to Optimization 

Goal programming and optimization techniques are needed for the mathematical description and design of recruitment 
strategies to simultaneously meet multiple goals and constraints. The seminal work by Davis et al. (2014), prescribed 
the use of goal programming to optimize clinical trial enrollment methods, providing a good example of how 
mathematical optimization can be used to balance competing goals such as enrollment targets, budget constraints, and 
timelines. This approach was greatly advanced by the work on planning and monitoring fair clinical trial enrolment 
using goal programming (2023). The authors have created a multi-objective goal programming model that specifically 
includes equity goals so that enrollment plans will adequately represent diverse populations that are defined by 
protected attributes such as gender, race, and ethnicity. The model was tested using data from the Systolic Blood 
Pressure Intervention Trial (SPRINT), which included 9361 participants in 102 sites. The goal programming approach 
was able to produce enrollment plans with representativeness scores of 0.000 (perfect equity) for multiple 
demographic subgroups and the lowest possible financial costs. Importantly, the model is able to detect deviations from 
the target enrollment during the recruitment process and dynamically update the recruitment plan to reduce the 
disparities in the rest of the enrollment period. Ranjith et al. (2024) have expanded optimization methods by 
introducing game theory in the recruitment process, dealing with the interaction between patients, investigators, and 
sponsors. Their hybrid classification model and game-theoretic-based approach reflect the fact that recruitment isn't 
simply a match game; it is a game where multiple players with possible conflicting objectives are involved in strategic 
decision-making. This framework offers information on the best incentive structures and communication strategies for 
better enrollment rates. Anisimov (2023) has formulated an analytic approach to predicting the performance of patient 
enrolment in multi-centre clinical trials, using the combination of stochastic modelling and optimization methods. The 
methodology allows the capacity to monitor enrollment progress in real time and detect sites that are underperforming 
compared to target enrollment levels early so that interventions such as additional recruitment resources or site 
activation can be made promptly. 
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3.5 Patient-Trial Matching Systems 

Comprehensive patient-trial matching systems are an amalgamation of multiple data-driven technologies in one end-
to-end recruitment system. Abdallah et al. (2025) created a clinical trial recommendation system (Trial-Match-AI), an 
end-to-end AI-based system that focuses on streamlining the process of matching patients to relevant trials. The system 
includes a combination of NLP for understanding the protocol, machine learning for checking eligibility, and 
recommendation algorithms to rank trials in terms of suitability for the individual patient. Trial-Match-AI has shown a 
high level of accuracy in finding a suitable trial for a patient, with a precision and recall rate of more than 85% for 
validation studies. 

Theodorou et al. (2023) suggested the use of TREEMENT, an interpretable patient trial matching that was based on a 
personalized dynamic tree-based memory network. Unlike black-box approaches to deep learning, TREEMENT offers 
clear explanations for why it made a matching recommendation and, more importantly, what specific eligibility criteria 
and patient characteristics contributed to a matching recommendation. This interpretability is a critical factor for 
adoption in the clinic, as those providing the care and the patients need to be able to understand and trust the 
recommendations from the system. Salman et al.'s patient-trial matching system based on convolutional neural 
networks proves that deep learning architectures that were developed to analyze images can also be adapted for clinical 
trial matching by utilizing patient records and eligibility criteria as structured data inputs. Their approach gave a 
matching accuracy of 7884% in various cancer types. For certain areas of disease, specialized matching systems have 
been constructed. Hassan et al. assessed the effectiveness of Viz RECRUIT, an artificial intelligence (AI)-based clinical 
trial recruitment method, on trial enrollment in the EMBOLISE trial for stroke patients. The system is based on computer 
vision and machine learning techniques to automatically detect potential stroke patients from brain imaging studies, 
and then match them with relevant trials. Implementation of Viz RECRUIT led to a 45 percent increase in enrollment 
rates and a 60 percent decrease in the time it takes from patient identification to enrollment discussion. Williamson et 
al. (2024) built an artificial intelligence system to support clinical trials recruitment based on machine learning 
techniques to analyze retinal imaging data among patients with geographic atrophy, who would be eligible for ongoing 
clinical trials. The system reached a sensitivity of 92% and a specificity of 88% in identifying eligible patients’ usability. 
This process showed the merit of using imaging information in recruitment workflows. Claessens et al. (2026) 
performed a retrospective comparative study of the screening of patients for clinical trials using artificial intelligence 
(AI) in pancreatic cancer (the PANCRAI pilot study). The AI system processed EHR data such as clinical notes, laboratory 
results, and imaging reports to detect potentially eligible patients. Compared to traditional recruiting methods, the AI 
system identified 3.2 times more eligible patients and decreased screening time by 70%, though the authors found 
challenges in high positive predictive value due to the complexity of pancreatic cancer trial eligibility criteria. 

3.6 Geospatial Analysis and Network Analysis 

Geospatial analysis and network-based approaches are new ways to optimize recruitment, taking into account 
geographical factors as well as social networks. Shah et al. (2025) created a clinical trial recruitment system with the 
assistance of AI and the use of protocol-to-claims NLP and geospatial density modeling. The system uses insurance 
claims data to identify possible participants, then, with the help of geospatial analysis, optimizes site selection and 
predicts enrollment feasibility on the basis of patient density, travel distances, and population characteristics. 
Feasibility outcomes demonstrated that geospatial modeling would produce better enrollment predictions of 2535% of 
those models that do not consider geographic factors. Udeani et al. (2025) took this one step further by combining both 
artificial intelligence and geospatial intelligence to optimize the participation of clinical trials. Their own framework 
combines patient-level predictive models and geographic information systems to route the best places for sites for trials, 
recruitment events, traveling, and focus outreach campaigns. The approach recognizes that recruitment issues often 
have strong geographic dimensions, with eligible patients being concentrated in certain areas that may be underserved 
by existing trial sites (Biswal et al., 2019). This is an approach that uses network analysis to model referral patterns and 
physician networks, as it is recognized that physician referral is an important recruitment channel. By identifying key 
physicians who have referral networks and predicting what physicians are most likely to refer patients to specific trials, 
the approach allows for more targeted and effective approaches to engaging physicians. 

4 METHODS TO MANAGE DATA: AI, ML, BIG DATA, AND EHR 

4.1 Artificial Intelligence and Machine Learning Architectures 

The AI and ML architecture used for clinical trial recruitment comes in all types: traditional statistical models and 
cutting-edge deep learning systems. At the base are supervised learning algorithms that learn how to predict success in 
eligibility or enrollment based on the given training data, which is labeled. Logistic regression, despite being simple, is 
so widely used because it is easy to interpret and can perform well on structured data (Liu et al., 2021). Random forest 
and gradient boosting methods have demonstrated better performance in a large number of cases, especially when 
there is a complex and nonlinear relationship between patient characteristics and enrollment outcomes (Mehari et al., 
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2025). Deep learning architectures have risen in the limelight for their ability to automatically learn hierarchical 
representations of features from the raw data. Yue et al. (2024) used a deep & Cross Network (DCN) architecture in the 
case of Trial-Enroll, which models feature interactions at varying levels of complexity explicitly. The architecture of DCN 
is composed of a cross-network to effectively capture bounded-degree feature interactions and a deep network to learn 
arbitrary feature interactions, to combine the strengths of both approaches. This architecture had better performance 
than conventional models, with 58 percentage points of improvement in the AUC. Convolutional neural networks 
(CNNs), which were originally developed for image analysis, have been adapted to clinical trial matching by treating 
patient records and eligibility criteria as structured inputs (Salman et al., 2024). The convolutional layers help the model 
to learn the local patterns from the data, and for translation invariance, the pooling layer is used, which helps the model 
to detect relevant patterns in the data, no matter where they are in the input data. This method is especially strong in 
cases where a variable-length clinical narrative and eligibility criteria are involved. 

Recurrent neural networks (RNNs) and variants, such as Long Short-Term Memory (LSTMs), are suitable to work with 
sequential clinical data, such as longitudinal data EHR records. These architectures have an internal representation of 
the state that captures temporal dependency to be able to model progression of the disease, trajectory of treatments, 
and eligibility status over time. Theodorou et al. (2023) use a tree-based memory network in TREEMENT, which is a 
combination of the sequential processing of RNNs, with the interpretability of decision trees. Transformer architecture 
and method of attention represent an existing frontier of AI when it comes to clinical trial recruitment. These 
architectures, on which large language models are based, use self-attention mechanisms to model long-range 
dependencies in sequential data without the limitations of RNNs. Abdallah et al. (2025) introduced transformer-based 
models in the case of Trial-Match-AI, in which the system takes into account lengthy clinical protocols and patient 
records, yet it can still pay attention to the relevant details all along the documents. 

4.2 Big Data Analytics- Infrastructure 

The computational infrastructure needed for data-driven recruitment systems needs to cope with the volume, velocity, 
and variety of healthcare big data. Modern recruitment systems process millions of patient records with thousands of 
pieces of data across structured fields, clinical stories, laboratory results, imaging reports, and genomic data (Murphy 
et al., 2017). This scale requires distributed computing architectures and data management specialized systems. Hadoop 
and Spark have become a base for big data analytics in healthcare, and they offer distributed storage and parallel 
processing capabilities. These platforms allow recruitment systems to be horizontally scaled by contributing 
computational nodes, unlike having to add more powerful and expensive solitary servers. MapReduce and similar 
programming models, in which complex analytical tasks can be broken into parallel operations that can be distributed 
across clusters of commodity hardware. NoSQL databases, such as MongoDB, CouchDB, and Cassandra, allow a flexible 
data model, which can meet the heterogeneous data structure of healthcare data, and do not need to define a schema. 
This flexibility is especially useful for recruitment systems that have to combine data from different sources with 
different data models. However, no standardized schemas may complicate data integration and data querying, which 
requires some extra data harmonization efforts. Cloud computing platforms such as Amazon Web Services, Google Cloud 
Platform, and Microsoft Azure have become more relevant to healthcare analytics to provide scalable computational 
resources, managed services for machine learning, and achieve healthcare data security compliance, such as HIPAA. 
Cloud-based deployments allow for the dynamic scaling up or down of recruitment systems in relation to their 
computational requirements and allow for multisite deployments without the need for extensive local infrastructure 
(Murphy et al., 2017). Data lakes and data warehouses are opposing approaches to the organization of healthcare data 
for analytics. Data lakes hold raw data in its natural format, storing all data in a place for analysis in the future, but 
needing data processing when it is being queried. Data warehouses impose structure on data when it is ingested, which 
makes it possible to query data more quickly, but it may result in the loss of information because it does not conform to 
the predetermined schema. Modern recruitment systems are often built on hybrid architectures, which can include both 
data lakes for storing all available data and data warehouses for storing and frequently accessed structured queries. 

4.3 EHR-based Surveillance and Alert Systems 

EHR-based surveillance systems for clinical trial recruitment need to operate in real-time or near-real-time, 
continuously monitoring patient data as it is generated during the clinical care process. This requirement poses 
tremendous technical challenges, as EHR systems weren't designed with the goal of research analytics (they are 
designed for clinical documentation). The architecture of surveillance systems usually entails multiple factors: data 
extraction from the source EHRs, data transformation and standardization, eligibility criteria evaluation, and alert 
generation and delivery (Meystre et al., 2023). Data extraction can be achieved in several ways, such as direct database 
queries, HL7 messaging interfaces, FHIR APIs, or bulk data exports. Real-time surveillance systems are usually based on 
event-driven architectures that trigger eligibility evaluation based on changes in pertinent data, such as newly 
diagnosed patients, laboratory tests, or clinical encounters. This event-driven approach is more efficient than the 
periodic batch processing and allows to identify eligible patients in a time. The OMOP Common Data Model has become 
a quasi-standard for standardizing EHR data for research purposes. OMOP offers a common schema with standardized 
mappings for the vocabulary used to represent clinical concepts between different source systems. Meystre et al. (2023) 
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showed that the implementation of recruitment systems on top of OMOP-standardized data has decreased the effort 
needed to implement recruitment systems across a wide range of institutions, since the eligibility criteria in the 
algorithm could be written once and used across any OMOP-compliant database. Alert systems have to balance between 
sensitivity, or finding all of the patients who could be eligible, and specificity, or finding the fewest number of false 
positive alerts, which wastes clinician time. This balance is particularly difficult because of the complexity of trial 
eligibility criteria that usually include dozens of inclusion and exclusion criteria covering multiple data domains. 
Meystre et al. (2023) identified that to have positive predictive values greater than 50% and sensitivity greater than 
80% carefully tuning of NLP algorithms and eligibility criteria logic was necessary, as well as human review of 
borderline cases. Alert delivery mechanisms should be integrated with clinical workflows as much as possible to achieve 
maximum adoption and least disruption. Approaches include in-EHR alerts that are shown during clinical encounters, 
email notifications to patients and research coordinators, dashboard displays in research offices, and mobile app 
notifications. The best delivery mechanism will be dependent on the urgency of recruitment, the complexity of eligibility 
criteria, and the organizational structure of the research team. Gong et al. (2026) found that EHR alerts to oncologists 
during clinic visits had the highest rates of conversion from identification to enrollment discussion, but had to take into 
account careful design to avoid alert fatigue. 

4.4 Large Language Models and Generative AI 

Large language models (LLMs) are a revolutionary technology that can be used for clinical trial recruitment, as they 
have capabilities that were not possible with traditional NLP approaches. LLMs like GPT4, Claude, etc., and domain-
specific models like BioBert, Clinical-Bert, etc. have been pretrained on corpora of text of immense size and thereby are 
able to understand and generate humanlike text with insane fluency and contextual knowledge (Chen et al., 2025). For 
clinical trial recruitment, several important abilities of LLMs can be implemented. First, they can interpret the complex 
eligibility criteria in natural language and convert them into a structured representation or database queries. Yang et al 
(2026) showed that LLMs can be used with high accuracy in this task, with less need for manual work when 
operationalizing trial protocols. Second, LLMs can extract relevant clinical information from unstructured clinical notes 
with a higher degree of accuracy and flexibility than rule-based NLP systems, as they can handle linguistic variation, 
ambiguity, and context-dependent meanings (Zihang et al., 2025). Third, LLMs have made it possible to have 
conversational interfaces for patient engagement and education. Subbiah (2025), to examine whether AI-powered 
TrialGPT can improve patient recruitment for clinical trials, showed that LLM-based chatbots can answer patient 
questions about clinical trials, answer questions about the eligibility requirements in layman's language, and guide the 
patient through prescreening questionnaires. These conversational capabilities will perhaps lead to better patient 
understanding and less of a barrier to decision-making around enrollment, especially for patients with low levels of 
health literacy. Fourth, LLMs can help with patient-trial matching by being able to reason about semantic similarity 
between patient characteristics and trial requirements, rather than just conducting keyword matching. Abdallah et al 
(2025), for example, built in LLMs into trialmatchai to enable more nuanced matching, which takes into account clinical 
context and implicit eligibility requirements that may not be stated anywhere within protocols. However, there are also 
challenges for the recruitment of clinical trials with LLMs. Their "black box" nature, which makes it hard to comprehend 
and validate their reasoning process, gives rise to concerns about reliability and possible biases. Verhagen et al. (2026) 
examined unrealized trial enrollments after patient-trial matching using LLMs and found that although the LLMs 
performed well with high sensitivity in imaging potentially eligible patients, they also led to false positives since they 
misinterpreted complex clinical scenarios or relations among time, patient, and the trial. The authors exhibited the need 
for human supervision and validation of recommendations generated by LLMs. Privacy and security considerations: 
LLMs are particularly important to consider due to the requirement for access to sensitive patient data in order to train 
and run the models for inference. Federated learning approaches, which are discussed in Section 7.3, are possible 
solutions in which the LLMs can be trained on distributed data without centralizing sensitive information.  

4.5 Geospatial Analysis and Network Analysis 

Geospatial analysis methods allow for the geographic factors that are important to enrollment feasibility and equity to 
be included in recruitment systems. Geographic Information Systems (GIS) offer tools for: visualizing where patients 
are, calculating the travel distances and times, identifying underserved areas, and optimizing the locations of the site 
(Shah, 2025; Udeani et al., 2025). Spatial clustering algorithms such as DBSCAN and k-means clustering can be used to 
identify concentrations of eligible potential patients geographically, to inform the decision of where a trial should be 
located or targeted outreach should take place. Spatial regression models can be used to quantify the relationship 
between geographic factors (e.g., distance to trial site, urban vs. rural location, and neighborhood socioeconomic 
characteristics) and enrollment outcomes in order to better predict enrollment and identify geographic barriers.  
Network analysis methods simulate social and professional relationships that affect clinical trial recruitment. Physician 
referral networks, patient social networks, and institutional collaborations all play important roles in the success of 
recruitment. Biswal et al. (2019) used network representation learning to represent networks of physicians to find 
influential physicians who are well-positioned to recommend patients to trials. 
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5 EFFICACY AND OUTCOMES OF DATA-DRIVEN APPROACHES 

5.1 Recruitment Efficiency and Time Saving 

Empirical evidence shows that data-driven strategies can help increase recruitment efficiency in many ways. The finding 
that has been most consistent is a dramatic decrease in the amount of time that it takes to screen patients for eligibility. 
Claessens et al. (2026) showed that in a pancreatic cancer trial, patient screening using artificial intelligence eliminated 
approximately 70% of the time spent on screening, compared to manual chart review. According to Hassan et al (2023), 
the use of the Viz RECRUIT system was associated with a decrease in the time from patient identification to enrollment 
discussion by 60% in stroke trials. These time savings are translated to faster enrollment time and shorter trial 
timelines. Data-driven systems also identify significantly more potential eligible patients as compared to traditional 
methods. Gong et al. (2026) found that their use of an AI-driven prescreening system found 2.5 times as many eligible 
patients as traditional recruitment methods in cancer trials. Claessens et al. (2026) in their study identified 3.2 times 
more eligible patients in pancreatic cancer trials using AI screening. This higher rate of identification is largely driven 
by the more extensive, systematic identification that is possible because of automated screening systems and the ability 
to screen at a level unattractive to computer scientists, but essential for achieving much higher resolution rates of the 
disease. Conversion rates from identification to enrollment are also improved with data-driven approaches, although 
the amount of improvement in rates varies across studies. Hassan et al. (2023) found a 45% improvement in rates of 
enrollment after implementation of Viz RECRUIT. Williamson et al (2024) obtained enrollment rates among those 
patients identified by their AI system for age-related macular degeneration trials was 35% compared to 2025% enrolled 
historically using traditional methods. These improvements have likely reflected both an increase in the quality of 
patient identification (matching to eligibility criteria) as well as the timeliness of patient identification (approaching 
patients earlier in the course of their disease treatment). Predictive models for enrollment success allow for more 
efficient use of recruitment resources in targeting patients with the greatest potential to enroll in the studies. Yue et al. 
(2024) showed that the approach to prioritize recruitment outreach using Trial-Enroll may decrease the number of 
patients that need to be contacted by 3040% while maintaining the same enrollment numbers, as the system will focus 
effort on candidates with a high probability of enrollment. This efficiency gain is especially useful for trials where 
available recruitment resources are limited, either in terms of the recruitment budget or staff. 

5.2 Cost-Effectiveness Analysis 

While comprehensive cost-effectiveness analyses of data-driven recruitment systems are yet to be conducted, there is 
evidence that suggests a significant potential for cost savings. The main cost savings come from the reduction in the 
screening time, quicker enrollment, and more efficient use of the research coordinator's time. Huml et al. (2020) 
estimated that big data approaches to patient recruitment can decrease costs associated with the recruitment of patients 
by 30-50% per patient by more efficient identification and screening processes. The use of the approach to goal 
programming developed for equitable enrollment planning demonstrated the ability to minimize total financial costs 
and ensure fulfillment of enrollment and diversity goals (Planning and Monitoring, 2023). In simulations conducted on 
SPRINT trial data, the optimized enrollment plans decreased the total costs by 15-20% relative to a set of actual 
historical patterns of enrollment, mostly by more efficient site selection and resource allocation. However, the upfront 
costs of implementing data-driven recruitment systems can be significant, including software development or licensing 
costs, the cost of data infrastructure, the integration of systems with EHR systems, and the cost of staff training. Meystre 
et al. (2023) stated that implementing their TAES system was a process that required a considerable investment in NLP 
development, integration with the EHR, and the redesign of the workflow. The volume of trials undertaken is associated 
with return on investment, with larger research institutions undertaking multiple trials, being able to amortize costs of 
implementation over a high volume of research studies. Ongoing operational costs include system maintenance, updates 
to the algorithms, data storage and processing, as well as human oversight of automated recommendations. Murphy 
and colleagues (2017) said that applications made using big data and machine learning algorithms need constant 
updates to reflect the changes in medical knowledge, which require sustained investment in system maintenance. 

5.3 Diversity and Equity Considerations 

Ensuring equitable representation of diverse populations in clinical trials is a matter of both ethics and science to 
produce generalizable evidence from clinical trials. Data-driven approaches provide a chance and risk to drive diversity 
and equity in recruitment. On the positive side, there are goal programming and optimization techniques that can 
incorporate diversity goals directly as constraints in enrollment planning so that enrollment plans achieve the given 
representation of racial, ethnic, gender, and age subgroups (Planning and Monitoring, 2023). In SPRINT trial 
simulations, the goal programming model had perfect equity scores (0.000) for several different demographic 
subgroups, indicating that mathematical optimization can be used to design enrollment regimes that can meet diversity 
goals while minimizing costs and meeting timelines. Geospatial analysis can be used to determine the location of 
underserved communities and to optimize site selection to enhance access to the community (Shah, 2025; Udeani et al., 
2025). By explicitly modeling travel distances, transportation access, and demographic distributions, these approaches 
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can help to reduce geographical barriers that are being experienced differentially by minority and rural populations. 
However, there are also potential risks of using data for perpetuating or increasing disparities by using data-driven 
approaches. Machine learning models that focus on historical data of enrollment can learn and perpetuate existing 
biases, as historical trends reflect system-wide barriers to exclusion of minority populations (Ahluwalia et al., 2022). If, 
based on historical enrollment patterns, predictive models teach that some demographic groups have a lower historical 
rate of enrollment than others, their de-prioritization of outreach to these groups will create a self-fulfilling prophecy. 
Chiu et al. (2024) faced just the kind of problem and proposed a machine learning-based recruitment methodology that 
is designed to provide a solution with a minimum sample size and maximum equity in vaccine clinical trials. Their 
approach is stratified sampling and targeted recruitment, so that they can ensure adequate representation of the diverse 
populations, while preserving their statistical power. The methodology was able to achieve 40% reductions in sample 
size needed and better represent racial and ethnic minorities (2535%) than traditional recruitment approaches. 
Benedum et al. (2024) have created POPREFINE, a general framework for assessing and optimizing representativeness 
in clinical trials. The framework offers quantitative metrics for determining the extent to which trial populations are 
representative of target populations in several dimensions, such as demographics, comorbidities, and disease severity. 
These metrics allow researchers to jointly know certain gaps in representativeness and start specific recruitment 
strategies to fix them.  Several studies have been done on barriers to recruitment and retention in underrepresented 
populations, giving insight into ways to construct equitable data-driven approaches. Brooks et al. (2015) identified 
practical strategies and challenges to increase minority enrollment in oncology trials with an emphasis on the 
importance of community engagement, communicating in a culturally appropriate manner, and having diverse research 
staff. 

5.4 Outcomes of Retention and Engagement  

While most data-driven recruitment research studies have focused on initial enrollment in a trial, retention and 
engagement are equally important to a trial's success. Nejat et al. (2024) in a longitudinal cohort study that examined 
sociodemographic drivers of recruitment and attrition in a digital neurological research study, it was observed that 
younger age, lower educational attainment, and minority race/ethnicity were linked to higher attrition rates. These 
results indicate the need to target retention strategies to the particular barriers experienced by various demographic 
groups. Predictive models can help to identify at-risk patients who are at high risk of dropout so that proactive retention 
interventions can be planned. While specific studies of retention prediction models in clinical trials are scarce in the 
reviewed literature, based on the broader healthcare analytics literature, it is possible to accurately predict patient 
disengagement and nonadherence using machine learning models, so similar models could be developed for trial 
retention. 

Digital engagement tools, such as mobile apps, text messaging, and patient portals, provide opportunities to enhance 
retention by facilitating more frequent contact with patients, using automated reminders, and providing convenient 
communication channels. However, Nejat et al. 2024 found that digital tools, if less accessible or acceptable to particular 
groups of demographics, may accidentally make disparities worse and thus the need for multimodal engagement 
strategies. Wilkins et al (2021) also pointed out that Recruitment Innovation Center (the Recruitment Innovation 
Center) developed novel strategies for recruiting and retaining clinical trial participants and aimed to present person-
centered approaches. Their approach focuses on a patient-level understanding of barriers, patient preferences, and 
recruitment and retention planning based on that understanding. While not necessarily targeting data-driven 
approaches, their framework gives some conceptual weight to how predictive analytics and personalization algorithms 
could play out in terms of retention. 

6 IMPLEMENTATION CHALLENGES AND BARRIERS 

6.1 Technical and Infrastructure Challenges 

Despite the potential of data-driven recruitment approaches, there are significant technical challenges to making these 
approaches widely adopted. The heterogeneity of the EHR system among institutions poses tremendous problems for 
integration. Different EHR vendors have different data models, terminologies, and interfaces, and hence, it requires 
custom integration work to integrate each system (Murphy et al., 2017). Even within individual institutions, there might 
be several EHR systems for use in the various clinical departments or service lines that further complicate integration. 
Data quality problems are another major problem. Data collected in EHRs are for clinical purposes and not for research; 
they have missing data, inconsistent data documentation, and errors. Clinical notes can hold contradictory information, 
diagnoses that are outdated, or copypasted content not reflect the current state of the patient. Different units/ reference 
ranges may be used in laboratory results among institutions. These data quality issues can cause significant destruction 
in the performance of automated screening systems, resulting in false positives and false negatives (Meystre et al., 
2023). 
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Computational performance and scalability are issues of real-time surveillance systems. Processing millions of patient 
records using complex algorithms of NLP and machine learning models is computationally expensive. Latency of the 
order for real-time alerting requires efficient algorithms and optimized implementations. Cloud computing is a 
capability that helps you achieve scalability at the cost of increased complexity relating to data security and regulatory 
compliance. Algorithm maintenance and updating take constant efforts and expertise. As medical knowledge changes, 
eligibility criteria change, and new trials start, recruitment systems need to be changed accordingly. Machine learning 
models can lose accuracy after a while due to changes in patient population and clinical practice (concept drift), which 
requires machine models to be retrained periodically. Murphy et al. (2017) stated that for some of the applications, a 
nightly update to represent the up-to-date knowledge will be needed, and a huge maintenance load will arise. 

6.2 Quality of Data and Interoperability 

Data interoperability: The ability to exchange and use data between different systems and organizations is a 
fundamental challenge in data-driven recruitment. While there are standards for interoperability, like HL7 FHIR and 
OMOP CDM, the adoption of these standards is less than full and close to inconsistent. Many EHR systems support FHIR 
interfaces, but not all of these resources and data elements are exposed, making it hard to port recruitment applications. 
Vocabulary and terminology mapping is where there are particular challenges. Different institutions may have different 
ways of coding (ICD10, SNOMED CT, LOINC, RxNorm) or may have local codes for the same clinical concepts. Mapping 
between these terminologies is complex and prone to errors, especially in the case of nuanced clinical concepts. The 
OMOP CDM overcomes this using standardized vocabulary mappings, for which creating and retaining mappings 
requires substantial work (Meystre et al., 2023). Temporal data quality problems make eligibility evaluation difficult. 
Many of the eligibility criteria are temporal (e.g., "diagnosis within the past 6 months", "no chemotherapy for at least 4 
weeks"). However, EHR timestamps may indicate documentation time as opposed to event time, and historical data may 
be incomplete or inaccurate. Determining the actual time order of clinical events from EHR data requires complex 
temporal reasoning algorithms that take these problems of data quality into account. Missing data involves technical as 
well as methodological problems. Patients with incomplete EHR data may be systematically different from patients with 
complete data, leading to selection bias if automated systems to screen for abnormalities fail to include patients with 
missing information. Imputation methods can solve the missingness problem, but may have an error if the missingness 
patterns are not properly modeled. 

6.3 Regulations and Ethics Considered 

The regulatory landscape with regard to AI-enabled clinical trial recruitment is in flux, and this change is creating 
uncertainty for developers and implementers. The FDA has issued guidance on how AI/ML in medical devices are used, 
the applicability of FDA regulations towards recruitment systems is unclear. If recruitment systems are considered 
clinical decision support tools that affect patient care decisions, the systems may be subject to FDA oversight. However, 
if they are 'research tools' supporting trial operations, then they may fall out of the jurisdiction of the FDA. Privacy, 
security regulations, HIPAA specifically in the United States, they have strict regulations and requirements regarding 
the use and disclosure of protected health information. Automated screening systems that access patient data without 
patient consent must be implemented under HIPAA exceptions for research or healthcare operations. The 
interpretation of these exceptions differs across institutions and legal jurisdictions, and hence creates challenges in 
compliance (Murphy et al., 2017). Informed consent leads to ethical challenges for automated recruitment systems. 
Patients may not know that their information is being used in an EHR to identify them for trial recruitment. While such 
use is usually allowed under HIPAA and research rules, it raises questions about patient autonomy and the right to 
control, similar to issues about one's health information. Some institutions have put in place opt-out mechanisms that 
allow patients to refuse automated screening, but these mechanisms are not in universal use. If the machine learning 
models are trained on historical data that reflect the existence of systemic biases and disparities, there are chances that 
these are being perpetuated or amplified in the machine learning model's predictions and recommendations (Ahluwalia 
et al., 2022). In order to ensure fairness, it is important to carefully consider the composition of the training data, the 
design of the algorithm, and to closely monitor the effects on different demographic groups. Transparency and 
explainability are important both from an ethical and a practical perspective. Clinicians and patients require knowledge 
of the reasons given in identifying particular patients as potentially eligible and in the way of deciding on matches. 
Blackbox models that generate recommendations without being able to explain them may not be trusted or adopted. 
Theodorou et al. in TREEMENT highlighted the importance of an interpretable model in order to prove that 
transparency can be obtained without harming the predictive capacity. 

6.4 Organizational and Workflow Integration 

Successful implementation of data-driven recruitment systems necessitates more than just technical capability but 
should go to the level of integration into existing organizational structures and clinical workflows. Research 
coordinators, clinicians, and administrators need to understand, believe in, and make appropriate use of these systems. 
Resistance to change, conflicting priorities, and breaks in the workflow can inhibit adoption despite systems being 
proven to be technically effective. Alert fatigue is a well-documented problem with clinical decision support systems, 
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and it is the same with recruitment alerts. If automated systems alert too many times or if these alerts are false positives, 
then clinicians may overlook the alerts or disable the alerts. Meystre et al. (2023) found that in order to obtain 
acceptable positive predictive values with high sensitivity, close attention to tuning and incorporating human review 
was necessary with borderline cases. Role clarity and responsibility assignment are important in effective 
implementation. When automated systems identify potentially eligible patients, who is responsible for the review of the 
alert, contacting the patient, and conducting the eligibility assessment? In some institutions, these functions are carried 
out by research coordinators; in others, recruitment discussions are expected to be started by the treating physicians. 
Clear protocols and definitions of roles are needed so that the process of automated identification results in actual 
enrollment. Training and support are the keys to successful adoption. Research personnel must receive training not 
only in the use of recruitment systems but in the capabilities and limitations of these systems as well. And clinicians 
require education on how to interpret automated recommendations and incorporate them into the discussions of 
patient care. Ongoing technical assistance is required to help solve problems and questions as they develop. 
Organizational culture and leadership play an important role in the success of implementation. Institutions that have 
strong research cultures and leadership commitment to innovation and resources for implementation are more likely 
to be successful in adopting data-driven approaches to recruitment. Conversely, institutions facing resource constraints, 
clashing priorities, and/or skepticism of technology may have a hard time with implementation regardless of technical 
merit. 

7 FUTURE DIRECTIONS AND RECOMMENDATIONS 

7.1 New Developments in Technology and Innovation 

The exciting pace of innovation in the field of AI and data science means that existing methods of recruiting people 
through data would be just the start of things to come for years to come. A number of new technologies and 
methodological innovations have specific promise for the recruitment/retention of clinical trials. Multimodal learning 
that combines different types of data, such as structured EHR data, clinical narratives, medical imaging, genomic 
information, and patient-created data from wearables and mobile devices, promises to address further patient 
characterization and eligibility assessment. Current systems usually only concentrate on one or two types of data; future 
systems that can effectively use all available sources of data could deliver superior performance. Reinforcement 
learning, a machine learning paradigm where algorithms learn how to achieve certain goals with the help of trial and 
error, may lead to adaptive recruitment strategies that learn and continuously optimize based on what they observe. 
Rather than having set protocols for recruitment, reinforcement learning systems could adapt outreach strategies, 
approaches to communication, and resource allocation dynamically in response to real-time feedback on what is and is 
not working. Causal inference approaches that look beyond correlation to figure out what factors really lead to success 
in enrollment and retention could yield deeper insights into what factors actually drive enrollment and retention 
success. Understanding the mechanisms by which these things work would allow for more targeted interventions and 
successful recruitment strategies. Current predictive models establish associations, but do not necessarily show what 
pathways are causal. Virtual trial design and recruitment planning could be achieved by using digital twins’ 
computational models that simulate individual patients. By constructing digital models of patient populations, 
researchers would be able to simulate the effect of various eligibility criteria, recruitment methods, and trial designs 
before actual recruitment started, mitigating the risk of expensive recruitment failures. Blockchain technology is one of 
the possible solutions to provide secure, decentralized management of patient consent and data sharing institutions. 
Blockchain-based systems may allow patients to retain control over their own health data, but selectively release it for 
recruitment systems, allowing concerns around privacy to be met, as well as multi-site recruitment. 

7.2 Equity-Centered Design Principles 

Future data-driven recruitment systems need to be built from the ground up with the principle of equity as a central 
consideration, not an afterthought. This means going beyond the point of measuring the outcomes of diversity to 
actively and deliberately working to design systems that support equitable access and representation. Fairness-aware 
machine learning methods that make explicit efforts to maximize fairness across demographic classes should be 
standard practice. These techniques can add fairness constraints to the training of the model, which can make sure that 
predictive models don't systematically disadvantage any group. There are different definitions of fairness (demographic 
parity, equalized odds, calibration), and the definition to be used is dependent on the application and ethical issues for 
each (Planning and Monitoring, 2023). A community-engaged design process involving various patient communities in 
the development and evaluation of recruitment systems can ensure that these systems are acceptable, accessible, and 
effective for all populations. Patients from underrepresented communities can offer invaluable insights into barriers, 
preferences, and cultural considerations that may not be apparent to the researchers and developers. Multilingual and 
culturally adapted interfaces are necessary to reach diverse populations. Recruitment systems should be multilingual 
and culturally sensitive in their communications approach. Large language models present opportunities for automated 
translation and cultural adaptation, or any human review and validation of the results to ensure accuracy and 
appropriateness. Addressing social determinants of health in recruitment strategies. The clinical eligibility to 
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participate in a clinical trial is one aspect of trial participation. Transportation barriers, childcare needs, work schedule, 
and financial issues all play a role in enrollment and retention. Future systems should take these things into account as 
part of the matching algorithm and help decision support for nonclinical barriers. 

7.3 Federated Learning and Privacy-Preserving Methods 

Federated learning is a paradigm shift in training machine learning models on healthcare distributed data without 
centralizing sensitive healthcare data. In federated learning, models are learned locally, at each institution, on the local 
data, and only model parameters (not patient data) are shared and aggregated to obtain a global model. This way, it is 
possible to collaborate with several sites and maintain patient privacy and compliance with data governance 
requirements. For clinical trial recruitment, federated learning may make it possible to develop recruitment models 
trained on data from multiple institutions to enhance generalizability and performance without sharing data across 
institutions. Institutions could also benefit from collective learning, but without sharing their data. This approach is 
especially useful for rare diseases, for which one single institution will have insufficient data to train sound models. 
Differential Privacy is a set of mathematical guarantees of the privacy of individual patient data by ensuring that they 
cannot be inferred from model outputs and from aggregated statistics. By adding calibrated noise to the data or 
parameters of a model, the differential privacy can guarantee that the inclusion or exclusion of any individual patient 
does not have a significant impact on results. This approach could allow for more general data sharing for recruitment 
research while allowing for patient privacy protections. Homomorphic encryption is a way of doing computations on 
encrypted information without decrypting it, which makes it possible to analyze sensitive information in a secure way. 
While existing homomorphic encryption techniques are relatively costly, research and development continue to yield 
improvements to the efficiency of such sources, so future use of these homomorphic encryption techniques could be 
suitable for practical clinical trial recruitment in the near future. Secure multiparty computation is the ability of several 
parties to simultaneously compute functions over their combined data without knowing the data of any particular party 
from the other parties. This approach may allow multisite eligibility screening, whereby each institution has control 
over its data while they collectively identify eligible patients in each institution. 

7.4 Real-Time Adaptive Recruitment Strategies 

Future recruitment systems should change from static protocols to real-time adaptive approaches for continuous 
optimization based on observed outcomes. Adaptive designs, which are already ingrained in clinical trial methodology 
for the allocation of treatment, can be expanded to recruitment methodology. Real-time enrollment monitoring and 
forecasting can be used to detect underperforming sites or demographic groups at an early stage in the recruitment 
process in order to implement early interventions. Anisimov (2023) developed methodologies of predicting enrollment 
performance, but the approaches there could be improved through more sophisticated machine learning methods and 
could be integrated into automated decision support systems. Dynamic eligibility criteria optimization might change 
the inclusion and exclusion criteria throughout the recruitment process, depending on the observed rates of recruitment 
and characteristics of patients. If some criteria are determined to be too narrow with little scientific basis, the criteria 
may be loosened to broaden the population in question. This approach requires due consideration of the scientific 
validity and regulatory requirements, but has the potential to increase the efficiency of recruitment substantially. 
Personalized recruitment messaging and communication strategies could be developed based on individual patient 
characteristics, preferences, and barriers. Rather than involving a one size fits all recruitment materials, adaptive 
systems could create individualized messages that address specific patient concerns and highlight aspects of the trial 
that may be most relevant to individual patients. Large language models provide the capabilities of generating 
personalized content at scale. Adaptive resource allocation could dynamically change allocation of recruitment 
resources (staff time, advertising budget, activation of sites) based on up-to-date performance data. Sites or strategies 
that are actually working well may be assigned more resources, while strategies that aren't working well may be altered 
or discontinued. This adaptive approach can potentially have a substantial effect on overall recruitment efficiency. 

7.5 Policy and Regulatory Recommendations 

Realizing the full potential of data-driven approaches to recruitment requires the right policy and regulatory 
frameworks that strike the right balance between innovation and patient protection. Several policy recommendations 
can be proposed from this review. First, some regulatory clarity is required in terms of oversight of AI-enabled 
recruitment systems. The FDA and other regulatory agencies need to give the public clear information about when 
recruitment systems should be subject to regulatory review, the evidence necessary to show safety and effectiveness, 
and how they should continue to monitor for safety and effectiveness. This clarity would eliminate some uncertainty for 
developers and implementers and provide for appropriate oversight. Second, data sharing and interoperability policies 
should be strengthened in order to enable multisite recruitment studies. While there is a great need for privacy 
protections, overly restrictive data governance policies can hinder useful research. Policies should facilitate proper data 
sharing in the interest of recruitment research while preserving patient privacy using technical safeguards such as 
federated learning and differential privacy. Third, funding agencies should prioritize equity in data-driven recruitment. 
The National Institutes of Health and other funders should support work in these topics as follows: Support research 
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on fairness-aware algorithms, community-engaged design and interventions, addressing barriers of underrepresented 
populations. There should be incentivisation of diversity at trial enrolment and incentivisation of innovation to improve 
equity. Fourth, standards development organizations should expedite efforts to develop standards for interoperability 
in clinical trial recruitment. While we have FHIR and OMOP CDM for the foundations, there are some more standards 
that are necessary for representing eligibility criteria, trial protocols, and recruitment workflows in computable 
formats. Standardization would lower the costs of implementation and open up widespread use of the data-driven 
approaches. Fifth, educational initiatives should be put in place to prepare the clinical research workforce for the data-
driven future. Training programs for clinical research coordinators, investigators, and informaticians should include 
training on AI/ML methods, data science, and ethical concerns in algorithmic decision-making. Continuing education 
should keep the workforce up to date with fast-changing technologies. Sixth, patient participation in the creation and 
control of recruitment systems should be formalized. Patient advisory boards, community review processes, and the 
inclusion of patients in the development of algorithms can help to ensure that systems are designed with patient needs 
and preferences in mind. Patients should take a meaningful sway on how their data is used for recruitment. 

8 CONCLUSION 

Patient recruitment and retention continue to be major barriers in clinical trials, with a significant impact on timelines 
and costs of experiments and validity of the research results. This review brings out that the use of data-driven 
approaches, especially those that use artificial intelligence, machine learning, big data analytics, and the integration of 
electronic health records, provides a transformative solution. Evidence from the latest studies indicates that there are 
substantial gains in recruitment efficiency, such as less screening time, better identification of eligible participants, and 
increased enrolment rates. These technologies, including natural language processing, predictive analytics, and 
automated patient-trial matching, are a paradigm shift from what has been done in the past regarding recruitment to 
more proactive, precise, and scalable systems. 

Despite these advancements, there are still important challenges to consider, including the issue of data interoperability, 
as well as ethical and regulatory concerns, and risks associated with bias and inequitable representation. Addressing 
these issues calls for equity-centered design skills, strong governance structures, and powerful interdisciplinary 
collaboration between researchers, healthcare institutions, regulators, and communities. Emerging innovations like 
federated learning, multimodal systems, and adaptive AI models represent the potential to further advance recruitment 
strategies. Overall, which have proven that data-driven approaches show clear potential for translating longstanding 
recruitment challenges, their successful and equitable implementation will require coordinated efforts to both scale 
solutions and ensure their inclusivity, as well as integrate them into real-world clinical research settings. 
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