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Oncology clinical trials have led to the development of new 
therapies and treatments that help patients with cancer to 
live longer, healthier lives. As a result, the volume of clinical 

trials is expanding dramatically. According to the Association of 
Clinical Research Professionals, over the past 20 years, the number 
of investigational treatments targeting cancer has nearly quadrupled 
from 421 to 1489.1 Further, there are over 11930 active oncology 
interventional clinical trials underway including 5500 with a bio-
pharmaceutical company as a sponsor. 

Due to an increasing number of eligibility criteria, laboratory 
tests, and complicated trial designs, oncology clinical trials are 
becoming more complex. Additionally, screening and treatment 
durations are much longer in phase 2 and 3 oncology clinical trials 
compared to other drug trials. Oncology clinical trials generate a 
much higher volume of data, particularly in terms of phase 2 proto-
cols, compared to other drug trials. Compared to trials involving 
other drugs, phase 2 and 3 trials of oncologic agents have more 
protocol deviations and generate more substantial protocol amend-
ments.1 As a result, clinical research teams are stretched thin, and 
trial durations for oncology drugs are 30% to 40% longer than 
needed for other drug trials.1

For the biopharmaceutical company sponsoring the development 
of an oncology drug for approval, multiple factors contribute to 
increased volume and complexity of trials. First, a complete molecular 
profile is now often necessary to understand the underlying cancer 
biology.2 This includes immune, DNA and RNA, proteomic, and/or 
other biomarker screening. Second, therapy should be matched to 
the biology of the tumor, including combinations of drugs to target 
the multiple drivers that are present in most metastatic cancers. Third, 

trials are designed to accelerate drug development and regulatory 
approval while lessening adverse effects. Fourth, innovative trial 
designs—including platform studies and umbrella, basket, multi-arm, 
and adaptive trials—have the common goal of using novel methods 
and master protocols to answer many questions simultaneously in 
a single trial.3 These decisions are designed to enhance outcomes for 
the corporate sponsor but often lead to increased complexity for the 
oncology research site.

To meet the increasing demand of numerous and more complicated 
oncology clinical trials, physician investigators and research teams at 
the study site increasingly are using electronic systems to support the 
conduct of clinical research. Critical questions for research staff to 
answer involve where and how much to invest organizational resources 
to support eligibility screening by clinical research teams for higher 
volumes and increased complexity of studies. If too little is invested 
in patient screening, then too many ineligible patients are enrolled, 
and research teams waste precious time with screen failures. If too 
much time is invested in screening patients, then the cost of running 
the trial can drain precious resources from the cancer center. 

To address these issues, Ochsner Health in New Orleans, Louisiana, 
is employing a new type of artificial intelligence (AI) and natural 
language processing to enhance its ability to screen patients for studies 
and reduce the personnel cost of screening. 

In 2020, Ochsner Health formed a partnership with Deep 6 AI, 
an artificial intelligence and natural language processing software 
company that focuses on AI-supported charting solutions that include 
sizing and characterization of cohorts, recommending cohorts for 
specific patients, and developing business intelligence tools. 
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requiring expert research personnel to accomplish. These criteria can 
involve factors such as medical history, age, gender, previous treatments, 
and specific health conditions all outside the targeted characteristics 
of the cancer itself. Manual screening of patient records to match these 
criteria is laborious, time-consuming, and prone to human error.

At Ochsner Health, my teams support clinical research operations 
primarily by assessing feasibility even before we make the decision 
to open a [clinical] trial. We start by evaluating historic availability 
of patients in the system as a whole, then the recruiting hospital 
location, the recruiting specialty department, and finally the recruiting 
specialty department with a scheduled appointment in the next 2 
weeks. If recruitment can be met based on scheduled appointments, 
then our research coordinators merely need to meet the patients in 
the waiting room. Part of the feasibility assessment is not simply a 
number but a strategy to meet that number. One crucial additional 
insight is to assess feasibility using the same tools we would use for 
real patient identification. Often, it does not matter how many qual-
ifying patients we have, but how many we can actually find. Once a 
trial is activated, the same queries and reports we used for the feasi-
bility assessment turn into a feed of potential patients for prospective 
screening, evaluation, and, hopefully, trial recruitment. 

I should also mention that the traditional way researchers find 
patients for clinical trials is by either searching structured data ([eg], 
diagnosis codes, dates) or doing keyword searches. Then staff man-
ually review the patients’ chart files to make sure they match all of 
the trial’s inclusion and exclusion criteria. Often, these searches are 
performed by other departments ([eg], the IT [information technology] 
team) and can take weeks or months to receive. These types of searches 
generate large lists that research teams must review and validate to 
find the small number of patients they can enroll. This tedious and 
time-consuming process is one of the key contributors to study 
recruitment delays.

One reason for this scattershot approach is because study eligibility 
criteria [do] not correspond to available information in the EHR, 
called structured data. In other words, structured data are what can 
be presented and evident as a data point of the EHR. 

The biggest issue with cohort sizing is that structured EHR data 
only represent a small portion (10%) of all the available data in 
health care. The remaining information is in the form of unstructured 
data, such as free-form clinical notes, imaging, biopsies, [laboratory] 
results, pathology reports, or patient-reported outcomes. The chal-
lenge here is that unstructured data are largely inaccessible to 
research teams without writing complicated and time-consuming 
record queries. Harnessing the value of unstructured data sources 

In this article, Bryan Allinson, director of partnerships at Deep 6 
AI in Pasadena, California, interviews Dan Fort, PhD, MPH, a bio-
medical research informatics leader and associate professor for the 
Ochsner Center for Outcomes Research, part of Ochsner Health, 
about challenges related to oncology clinical trials. Before joining 
Deep 6 AI, Allinson served as senior director for AdventHealth, in 
Orlando, Florida, where he led oncology clinical research operations. 
Previously, Allinson served as executive director for the University 
of Texas, leading statewide clinical and translational research part-
nerships, and as a director at Geisinger Health System, focused on 
data, device, and biopharmaceutical innovation. 

In his role at Ochsner Health, Dr Fort facilitates oncology physi-
cians and investigators with access to research resources, including 
biostatistics and data analytics, collection, and extraction. He uses 
Epic (Epic Systems), Ochsner Health’s electronic health record (EHR) 
system, to precisely size potential cohorts for research studies, espe-
cially when these studies have numerous and complex inclusion and 
exclusion criteria. Dr Fort has 55 articles that have been published 
in such journals as The New England Journal of Medicine; The 
American Journal of the Medical Sciences; American Journal of 
Transplantation; Applied Clinical Informatics Journal; Cancer Immu-
nology, Immunotherapy; Cancers; Clinical Imaging; Frontiers in 
Oncology; Journal of the American Informatics Association; and 
Value in Health. 

Allinson. Can you tell us about the role of artificial intelligence in 
the development of new cancer therapeutics?
 
Dr Fort. Obviously, AI applications are rapidly evolving, and [they] 
have already proved instrumental in [the] targeted development of 
novel therapeutics and parsing the complex interactions of the rela-
tionships between germline and tumor genetics. But in my world, the 
number 1 impact of AI in clinical trials has been the ability to auto-
matically parse and evaluate evidence in unstructured text. Subtle 
diagnoses, [those] of exclusion, suspicions, and differential diagno-
ses—particularly when monitoring patients for either first line treat-
ment failure or recurrence—can frequently only be detected in text. 
Additionally, the results of certain classes of procedures, namely 
radiology and pathology, exist only as notes and are often the earliest 
sign of a patient reaching qualification for targeted oncology trials. 
Application of AI to these inclusion and exclusion criteria has saved 
countless hours of manual chart review. 

Allinson. How can AI tools be applied to EHRs to precisely charac-
terize a cancer cohort based on the inclusion and exclusion criteria?

Dr. Fort. Recruiting eligible participants for clinical trials is a signif-
icant bottleneck in the development of new medical interventions. 
Hospitals and practices often struggle to efficiently identify suitable 
candidates within their patient populations. This challenge can lead 
to delays in trial initiation, increased costs, and, sometimes, the inability 
to conduct a trial due to inadequate participant recruitment.

Identifying the right patients for a particular trial requires a com-
prehensive understanding of complex eligibility criteria, frequently 

AI and natural language processing provide 
us with an opportunity to read unstructured 
data with the same understanding and 
context as a trained researcher.
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examining the investigational treatment’s effect on different popula-
tions and targets. Such study designs challenge sponsors, contract 
research organizations, and research sites to manage incoming data 
and make and disseminate decisions. It can be a challenge for the 
institutional review board as well—balancing the need for a complete 
and timely review. All of this work takes time and drains resources. 
So, it is critically important to select only the best trials for which the 
site can actually enroll.

To expand on this, there are 4 ways to leverage AI for accessing 
unstructured data. First, this technology can be used to confidently 
size the cohort. Protocol eligibility criteria are often complex and 
specific, especially in oncology studies. Clinical research teams need 
to demonstrate to the sponsor that they precisely understand how 
many patients they have in their system who are eligible for a study. 
The study may have dozens of individual inclusion and exclusion 
criteria, and it is nearly impossible for a human being to evaluate all 
of those variables from disparate data sources simultaneously. With 
AI, complex and numerous data can be processed simultaneously 
with minimal human effort.

Second, AI can help confirm potential participants. Clinical research 
teams use chart reviews to meticulously evaluate patient records 
against these criteria, ensuring that only suitable candidates are 
considered for enrollment. Staff carefully examine patients’ medical 
records to determine whether they meet the eligibility criteria of the 
study. AI can create a virtual chart to compare eligibility criteria as 
independent variables and specific patient data as the dependent 
variables. Through the visual display, clinical research teams can 
confirm eligibility in a matter of seconds.

Third, this technology can screen and enroll participants. Based 
on the AI-assisted virtual chart review, research teams can identify 
patients who meet the initial eligibility criteria and flag them for 
further evaluation. These candidates are then formally screened for 
study enrollment. Because the AI has already confirmed patient eli-
gibility, the result is a highly precise cohort with a low false-positive 
rate in a short amount of time with only minimal burden on research 
teams. By contrast, without AI-assisted virtual charting, the result is 
a low-precision cohort with a high false-positive rate, high operational 
burden, and longer time spent.

And lastly, AI can help maximize enrollment by identifying remote 
and unknown patients. AI-assisted virtual charting can find patients 
who are in the organization’s system but have not yet visited the 
physician’s clinic. Since the AI is searching the organization’s entire 
EHR, these patients are positively confirmed for eligibility. Research 
teams can then reach out to their providers to see if they are interested 
in study participation. 
 
Allinson. Can you describe the advantages of using AI-assisted 
patient charting for eligibility criteria?
 
Dr. Fort. There are 4 main advantages of using AI here. The first is 
efficiency and accuracy. AI-assisted charting enables clinical research 
teams, including study coordinators, to efficiently screen many patient 
records. What takes a person 1 hour to do, AI can do in seconds. 
Also, AI gives better results, ensuring a thorough evaluation for trial 
eligibility with enhanced accuracy.

to match eligibility criteria lies in their diversity and disparate 
locations and the ability to parse and understand free form text as 
well as changes in systems and data standards over time. Until 
recently, there have been many attempts to overcome these road-
blocks with little success. 

However, AI and natural language processing provide us with an 
opportunity to read unstructured data with the same understanding 
and context as a trained researcher. 

Allinson. Can you describe some tangible benefits of using AI- 
assisting charting to access unstructured data?
 
Dr. Fort. The use of AI and natural language processing results in a 
dramatic increase in precision ([ie], reducing the number of patients 
identified as eligible for the study and finding patients who are not 
possible to find with structured data alone). This reduces the amount 
of effort required while simultaneously increasing the number of 
patients identified. And for phase 1 trials for which our targeted 
enrollment may be as low as a single patient, the ability to rapidly 
eliminate patients who do not qualify—even if it turns out we have 
no patients for the trial—is still a win. 

For example, for a single lung cancer study using AI to match 
patients, 1 patient was matched, and that same patient was approved 
for enrollment. If the research team had used traditional manual 
screening methods, maybe 292 patients would have been matched, 
but still only the same 1 patient approved. 

In another example for gynecologic cancer, AI matched 64 patients, 
and 62 were approved. If the operations teams had used manual 
screening,…834 patients would have been matched to the study 
criteria, and only 40 would have been approved. This example shows 
both a reduction in false positives from 794 to 2 and a reduction in 
false negatives from 22 to zero. 

Expanding further, cancer treatment is moving toward more 
targeted therapies. Researchers are identifying cancer molecular 
pathways and targets, and it’s becoming possible to treat the target 
tumor regardless of the organ of origin. More targeted therapies 
may change, which may benefit patients and treatment of cancers…
since a given treatment may only impact very specific biomarkers 
and genetic profiles.

Platform-type studies aiming to open and close cohorts quickly 
based on surrogate end points can help explore these targeted therapies 
more efficiently. These study designs often include multiple substudies 

Leveraging AI-assisted charting optimizes 
resource allocation by focusing efforts on 
patients likely to meet the trial criteria 
and reducing reliance on human chart 
reviewers, saving both time and resources.
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Dr. Fort. First, we look at the AI performance. We look at how good 
the technology is, how fast it can deliver results for our team, and 
key performance indicators such as false positives and false negatives. 
Second, we look at the network. We wanted to pick a partner that 
had significant experience, especially in oncology studies. Finally, not 
everyone is experienced in AI software, especially in our research 
teams. So we need to ensure that any partner has a strong operational 
customer success team. The people making the decisions on which 
partner to pursue are almost never the day-to-day users, so access to 
responsive trainers for new users has been crucial to our success. 
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Allinson. Your research focus is informatics. How does AI relate to 
informatics for oncology teams?

Dr. Fort. The traditional funder of research informatics is the National 
Library of Medicine. In the same way that library science is a set of 
skills to rapidly identify appropriate sources of information, infor-
matics can be understood as a set of skills to rapidly identify and use 
appropriate analytic methods. AI is not a single technique but an 
umbrella term that describes techniques starting somewhere on the 
fuzzy boundary between multivariate regression and machine learning, 
stretching through neural-network and deep-learning models and the 
current frontier of large language models. For oncology teams or any 
clinical research team, for that matter, AI can seem intimidating, 
because the term obscures what is actually being used and proposed. 
Having a partner to explain what and why a technique is used and 
how it can be evaluated can make all the difference.

Allinson. ACCC’s membership includes medical oncology, radiation 
oncology, pathology, laboratory medicine, radiology, palliative care, 
pharmacy, hospice, primary care, administrators, genomics vendors, 
and others. Each of these stakeholders provides input into oncology 
clinical trials of new therapies. Can you discuss AI from their 
perspective?

Dr. Fort. It’s common to have different specialists or health care pro-
fessionals as part of the cancer care treatment team. So a multidisci-
plinary approach to clinical trials is just a natural extension of this. 

By way of background, having different professionals and disci-
plines work together is an approach that is used in many hospitals 
and clinics before, during, and after cancer treatment. Some have 
had specialized additional training that focused on a specific type(s) 
of cancer treatment, a particular area of the human body, comorbid 
health problems, and overall coordination of care factoring in all 
those variables. Clinical trials are increasingly being looked at as a 
care option, and they are also known as research as care. So identifying 
a team or teams of diverse health professionals to support clinical 
trials is completely consistent with this approach. 

Allinson. When selecting an AI partner, what criteria do you  
look for?
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