
Generative Artificial Intelligence in Clinical Trials: A Driver of 
Efficiency and Democratization of Care 

Mass General Brigham   |   Confidential—do not copy or distribute

Alexander J. Blood, MD, MSc1,2,3

Associate Director, Accelerator for Clinical Transformation
Instructor of Medicine, Harvard Medical School

1 Accelerator for Clinical Transformation, Cardiovascular Division, Mass General Brigham, Somerville, MA, USA 
2Brigham and Women’s Hospital, 75 Francis St. Boston, MA, USA
3 Harvard Medical School, 25 Shattuck St., Boston, MA 02115

Accelerator for Clinical Transformation



2
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Redesigned Care Model for Remote Management
Highly scalable, cost-efficient, & enabled by technology at every step
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Redesigned Care Model is Highly Scalable, Lower Cost
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Traditional Care Model
Expensive and unscalable
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or virtual) but limited 
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Remote Care Delivery Platform
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Demonstrated Success
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2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Brigham Lipid Optimization (BLO)
(BCBSMA)

Brigham Hypertension 
Optimization Program (BPHOP)

Virtual Heart Failure Program

iHeartChampion BP and Lipid Optimization
(AllWays HealthCare)

MGB Digital Care Transformation (DCT)
BP and Lipid Optimization 

Diabetes Remote 
Intervention to

Improve Use of Evidence-
based Medications (DRIVE)

Cooperative Program for ImpLementation of Optimal 
Therapy in Heart Failure (COPILOT-HF)

MGB UAR BP Gap Closure

BCBSMA 
Gap 

Closure

COOL BP

Partnerships for Reducing Overweight and 
Obesity with Patient-Centered Strategies 

(PROPS 2.0)

Accelerator for Clinical Transformation – the 1st 
Decade

Payer/Provider
Funded

Pharma/Gov
Funded

>15,000 Patients Enrolled across MGB

Anti-Obesity 
Medication 
Integration 

(SAIL)

CardioCompass
(custom built patient 

management application)

Program Platform including MSFT Dynamics CRM, Clinical Decision Support, 
Epic integration (via APIs), Omnichannel Communication“Excel and Post-it”

Tech Stack

RECTIFIER
AI/LLM-powered Patient ID
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• $2.3B is the average cost to bring a new drug to market for the top 20 BioPharmas

• 80% of  clinical trials fail to complete on time

• 55% of  trials that fail to complete cite low accrual rate as the reason for termination

• 30% of  total trial costs are consumed by enrollment

• 20% of  sites cannot enroll any patients

• $Millions lost per day from reduced patent life and trial operational costs

• $100’sM annual budget reduction from Indirect cuts

Challenges

Deloitte. (2023)
Sertkaya, A. JAMA network open. (2024)
Global Data. Pharm Tech. (2018)
Khan, M.S. JAMA Cardiology. (2025)
Butler J. J Am Coll Cardiol. (2013)
Boston Globe (2025)
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• The time it takes for a new drug to move 
from starting a clinical trial to approval -
increased to 7.1 years in 2022 from 6.9 
years in 2021

• As a result of the above and other 
pressures, the estimated average cost of 
developing a drug, including the cost of 
failure, increased from $2 Billion in 2021 
to $2.3 Billion in 2022.

• In total, the 20 companies analyzed spent 
$139 billion on R&D in 2022, a decrease 
of two per cent compared to 2021 ($141 
billion).

Pharma Economics

Accelerator for Clinical Transformation | Confidential—do not copy or distribute

Deloitte. (2023)
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Trial performance in the United States lagging

Accelerator for Clinical Transformation | Confidential—do not copy or distributeKhan MS, Jamil A, Shakoor M, et al. Patient Enrollment for Cardiovascular Clinical Trials in 
the United States. JAMA Cardiol. 2025;10(3):298–300. doi:10.1001/jamacardio.2024.5537
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Background

• Traditional Clinical Trial Screening:​
• Burdensome, labor intensive, and time-consuming. ​
• Relies on diagnosis codes, problem lists, billing data​ to create a screening pool.
• Relies on manual reviews for unstructured clinical data like notes or radiology reports. ​

• Natural Language Processing (NLP) can improve screening and automate extraction and analyses; 
however, traditional NLP has limitations, particularly in handling complex, unstructured data (e.g. EHR 
data) ​

• Large language models (LLMs), such as (GPT-4o), significantly advanced state-of-the-art performance on 
many NLP tasks

• LLMs create opportunity to modernize patient identification and screening for clinical trials

Kim, J. Health Tech Inform. (2022)
Elm, J.J. Clin Trials (2014)

Idnay, B. JAMIA (2021)
Perlis, R.H. JAMA Net Open (2023)
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In a pilot study, LLM (RECTIFIER) was highly accurate to determine 
eligibility criteria with a potential to streamline screening

Unlu, O. NEJM AI. (2024)

• Embedded LLM project within existing active clinical trial of
patients with heart failure

• Compared screening performance metrics in determining patient 
eligibility for each criterion between traditional Study Staff 
screening vs RECTIFIER with expert review as reference standard

• RAG model important to enable use and limit costs
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Limitations of Large Language Models by themselves

Accelerator for Clinical Transformation | Confidential—do not copy or distribute
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Supplementary Table 10 B.

~150x more expensive without 
Retrieval Augmented Generation
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Inclusion
• Age 18-90
• Documented diagnosis of heart failure 
• Most recent left ventricular ejection fraction 

(LVEF) assessed within the past 24 months
• Seen MGB provider within the last 24 

months
• Speaks English or Spanish

Exclusion
• LVEF <50% currently prescribed or intolerant 

to an evidence-based beta-blocker, ARNI, 
MRA, and SGLT2i at least 50% goal dose

• LVEF>50% currently prescribed or intolerant 
to SGLT2i

• Systolic blood pressure (SBP) <90 mmHg at 
last measure

MAPS-LLM Trial Design

Structured data filtering for eligibility criteria

1 Inclusion
12 Exclusion

Unstructured 
Data
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Study End Points:

MAPS-LLM Trial Design

Primary Endpoint Eligibility Determination 

Secondary Endpoint
Hierarchical win ratio prioritizing 
enrollments over eligibility 
determinations

Exploratory Outcomes - Enrollments
- Equity of eligibility determination

• Study staff are allocated an equal number of screening 
hours each week for each group.

• Screened patients are placed in a pool and assigned to a 
study staff member, different from the one who conducted 
their screening, for enrollment calls.
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MAPS-LLM Consort Diagram
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Baseline Characteristics

Characteristic Manual Screening (n=2,234) AI-Assisted Screening (n=2,242) Total (N=4,476)

Age, mean (SD), y 74.7 (12.1) 75.1 (11.2) 74.9 (11.6)

Female, No. (%) 1,085 (48.6) 1,166 (52) 2,251 (50.3)

Race, No. (%)
White
Black
Asian
Other

Declined sharing

1985 (44.3)
111 (2.5)
21 (0.5)
70 (1.6)
47 (1.1)

1965 (43.9)
139 (3.1)
18 (0.4)
69 (1.5)
51 (1.1)

3950(88.2)
250(5.6)
139(3.1)
39(0.9)
98(2.2)

Hispanic individuals, No. (%) 101(4.5) 123(5.5) 224 (5.0)

ADI State Ranks* , No. (%)
1st (1–20)

2nd (21–40)
3rd (41–60)
4th (61–80)

5th (81–100)
Cannot be Calculated

496 (22.2)
496 (22.2)
485 (21.7)
456 (20.4)
205 (9.2)
96 (4.3)

515 (23.0)
480 (21.4)
520 (23.2)
500 (22.3)
195 (8.7)
32 (1.43)

1011 (22.6)
976 (21.8)

1005 (22.5)
956 (21.4)
400 (8.9)
128 (2.9)

HFrEF (LVEF <50%), No. (%) 662 (29.6) 633(28.2) 1295 (28.9)

HFpEF (LVEF ≥ 50%), No. (%) 1572 (70.4) 1609 (71.8) 3181(71.1)
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Primary Outcome: Eligibility Determination 
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Secondary Outcome: Hierarchical Win Ratio
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p= 0.041
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Exploratory Outcomes

Demographic Group
Eligibility Rate

P Value
Manual Screening AI-Assisted Screening

Race
White 21.6% 22.4% 0.629
Black 14.3% 17.1% 0.612
Asian 27.3% 23.5% 0.999
Other 12.5% 13.8% 0.844
Ethnicity
Hispanic 9.4% 18.3% 0.137
Non-Hispanic 21.7% 21.9% 0.890
Sex
Female 21.7% 20.7% 0.621
Male 21.6% 21.4% 0.921
ADI State Ranks
1st (1–20) 22.1% 24.4% 0.428
2nd (21–40) 18.5% 20.3% 0.535
3rd (41–60) 21.2% 18.8% 0.406
4th (61–80) 20.2% 21.1% 0.785
5th (81–100) 24.2% 23.7% 0.918

Equity
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Patient journey through an AI-enabled Clinical Trial

Deloitte. (2023)
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Application beyond Clinical Trials

• Hospital quality measures are a vital component of a learning health 
system, yet they can be costly to report, statistically underpowered, 
and inconsistent due to poor interrater reliability. 

• Authors assessed a large language model’s ability to complete 
Severe Sepsis and Septic Shock Management Bundle (SEP-1) 
abstraction. 

• The LLM system achieved agreement with manual abstractors on 
the measure category assignment in 90 of the abstractions (90%; 
κ=0.82; 95% confidence interval, 0.71 to 0.92). Expert review of the 
10 discordant cases identified four that were mistakes introduced by 
manual abstraction.
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Conclusion

• AI-assisted patient screening using the RECTIFIER system significantly 
improved eligibility determination and enrollment in a heart failure 
clinical trial compared with manual screening. 

• Implementing AI-assisted tools like RECTIFIER can enhance clinical trial 
efficiency, reduce resource utilization, and promote equitable 
recruitment, potentially leading to faster trial completion and earlier 
patient access to novel therapies.

• Generative AI is likely to play a significant role in the future of Clinical 
Trials
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Thank you for your time and attention

ABlood@BWH.Harvard.Edu
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