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Artificial intelligence

Machine learning

Deep learning

Generative AI

Artificial Intelligence (AI) 
• AI refers to computers or algorithms that mimic human 

intelligence to make data driven decisions.

Machine Learning (ML)
• is a subset of AI that focuses on algorithms that teach itself on 

how to make decisions without explicit programming

Deep Learning (DL)
• is a subfield of ML that involve neural networks to learn and 

make intelligent decisions
• DL algorithms attempt to simulate the human brain's 

architecture
• Try to learn and represent complex patterns from the data.

Generative Artificial Intelligence (GenAI)
• It is a subset of  DL that has the ability to generate new content, 

whether it be images, text, music, or other types of data. 
• Produce content that is often indistinguishable from human-

created content

BASIC TERMINOLOGY
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Healthcare data types

Multimodal data

Consumers Artificial intelligence applicationsCourse of disease

Surgical oncologist

Prevention

Screening

Diagnosis

Staging

Treatment

Follow-up

Risk prediction

Cancer detection/screening

Cancer diagnosis

Risk stratification

Treatment recommendation

Response prediction

Personalized prognostication

Medical oncologist

Radiation oncologist

Clinical nurse

Patient

Medical administrator

Scientist and researcher

Patient facing 
chatbots

Facilitated patient 
care (e.g., triage)

Clinical 
documentation

Evidence synthesis

Cancer registry

Drug development 
and discovery

Biomarker 
discovery

Clinical trial 
Innovation

Unstructured data

Free-text 
reports/notes

Imaging

Genomics Proteomics Metabolomics

Sociodemographic Patient reported outcomes

Labs Treatment regimen/history

Structured data

WHAT ARE THE APPLICATIONS OF AI IN HEALTHCARE?
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Patient journey

Risk prediction Screening Diagnosis Prognostication and 
prediction

Treatment 
Optimization

End of life 
care
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PROCESS OF TREATMENT SELECTION: LOCALIZED PROSTATE CANCER

• 65-year
• White male
• Dysuria
• Hesitancy

Active 
surveillance

Prostatectomy

ADT
No ADT

ADT+Abi

Labs

Information Gathering

Prostate Cancer Guidelines

Risk Stratification Rx

Patient 
Co-morbidities

Social & Family 
History

Values & 
Preferences

Treatment HistoryCaregiver Input

Very Low risk

Low risk

Intermediate risk

High risk

Very high risk

Favorable

Unfavorable

Radiology Pathology

Disease Specific Features

Patient Specific Features

Radiation

SDoH
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3. No real biomarkers

Imaging

Prognostication 
High Volume 

Disease
Low Volume 

Disease

1. Too much to do !!
Radiology

Pathology
Co-morbidities

4. RCTs report average results

Treatment A Treatment B

RCTsPatient-specific 
features

2. Rapidly changing evidence Doublet 
therapy

Triplet 
therapy But what about me?

CHALLENGES IN SYSTEMIC TREATMENT SELECTION

Labs

Guidelines

Patient values 
and preferences
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Orders

Reject Accept

Orders placed in 
EHR

Labs Radiology Pathology

Clinical notes GuidelinesPatient Specific 
Features

Patient 
Co-morbidities

Social & Family History

Values & Preferences

Treatment 
History

Caregiver 
Input

SDoH

Agents

Disease status     mCRPC
Previous treatment
1. Abiraterone, disease progression
2. Docetaxel, disease progression
Performance status
ECOG 1, peripheral neuropathy from docetaxel
Genomics     No HRR mutation
Imaging         Bone mets
                       PSMA PET scan: SUVmax 15 
Labs               Hgb: 10, creatinine 1.5

Summary

mCRPC
patient. 

Next line 
of Rx?

Information Gathering Planning Action

Plan     
1. Lutetium-177 for six cycles, no dose 
adjustment required.
2. Monitor Hb and Cr closely (likely to worsen 
with lutetium)
3. F/u up in 6 weeks with PSA, CBC, and CMP.
Counsel for common side effects 
Dry mouth, decreased appetite, abdominal 
pain, constipation, anemia, fatigue

Recommendations

#1 AI AGENTS AS ASSISTANTS TO HEALTHCARE PROVIDERS
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9
#2 AI-ENABLED LIVING CLINICAL PRACTICE GUIDELINES

“Optimization of the standard guideline 
process, such that it allows updating of 
individual recommendations as soon as 

new relevant evidence becomes 
available”
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10

Human-LLM 
Interaction

Living Systematic Review 
&

Meta-Analysis 

Ovid 
MEDLINE

Screening

The Watcher

Data
Extraction

Central Data Repository

NLP Push and 
Pull Retrieval 

System Collaborative 
LLMs

Automated rule 
based analytic 

algorithms

Interactive 
Decision Aids

Interactive 
Decision Algorithms

Living

Living Clinical 
Guidelines

Interactive 
Evidence Profiles

Integration to EHR

LIVING EVIDENCE SYNTHESIS WORKFLOW
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GETUG
NCT00104715

STAMPEDE
NCT00268476

CHAARTED
NCT00309985

LATITUDE
NCT01715285

Ovid 
MEDLINE

Screening Data
Extraction

Systematic Review  
&

Meta-Analysis 

CLINICAL PRACTICE 
GUIDELINES
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MEDLINE
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Ovid 
MEDLINE

Screening

The Watcher

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896
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Ovid 
MEDLINE

Screening Systematic Review 
&

Meta-Analysis 

The Watcher

Data
Extraction

Central Data Repository

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896
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Ovid 
MEDLINE

Screening Systematic Review  
&

Meta-Analysis 

Decision Aids

Evidence Profiles

Integration to EHR

Decision 
Algorithms

The Watcher

Data
Extraction

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

Clinical Guidelines

Central Data Repository
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Ovid 
MEDLINE

Screening Systematic Review  
&

Meta-Analysis 

The Watcher

Data
Extraction

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

Decision Aids

Evidence Profiles

Integration to EHR

Decision 
Algorithms

Clinical Guidelines

Central Data Repository



©2024 Mayo Foundation for Medical Education and Research  |  slide-17

Interactive 
Evidence Profiles

Ovid 
MEDLINE

Screening Systematic Review 
&

Meta-Analysis 

The Watcher

Data
Extraction

Living Systematic Review 
&

Meta-Analysis 

ENZAMET
NCT02446405

TITAN
NCT02489318

ARCHES
NCT0267896

Central Data Repository

Integration to EHR

Decision Aids

Evidence Profiles

Decision 
Algorithms

Clinical Guidelines

Interactive 
Evidence Profiles

Interactive 
Decision Aids

Interactive 
Decision 

Algorithms

Living Clinical Guidelines
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Interactive 
Decision Aids

Interactive 
Decision 

Algorithms

Interactive 
Evidence Profiles

Living Systematic Review 
&

Meta-Analysis 

Ovid 
MEDLINE

Screening

The Watcher

Data
Extraction

Central Data Repository

ENZAMET
NCT02446405

ARCHES
NCT0267896

Living

Interactive 
Evidence Profiles

Integration to EHR

Interactive

Interactive

Interactive

Living Clinical Guidelines
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19
#3 DIGITAL BIOMARKERS: MULTI-MODAL INTEGRATION
CONCEPTUAL FRAMEWORK

Clinical

Multimodal integration

Tumor

Radiological

Pathological

Genomics

Proteomics

Metabolomics

Final model Outcomes
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MULTI-MODAL INTEGRATION
PREDICTION OF TREATMENT RESPONSE IN LOCALIZED PC

20

• A multimodal AI model was developed to select patients likely to benefit from ADT in patients undergoing radiation therapy for 
localized prostate cancer(dataset; 5 clinical trials, 5654 patients, 16,204 histopathology slides)

Digital pathology slides

Fixed-size image quilt

SSL-pretrained ResNet50

Clinical data

Age in years PSA (ng/ml) T-stage
Gleason combined Gleason primary Gleason secondary

Six clinical variables Dense feature vector

Feature vectors

Attention layer

Categorical embedding and fully 
connected layer

Treatment 2 (counterfactual)

Treatment 1 (factual)

ADT 
Benefit?
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#4 INDIVIDUALIZED TREATMENT EFFECTS
CAUSAL INFERENCE ARTIFICIAL INTELLIGENCE

21

70 years
Gleason=4+3

T4N1M1
Synchronous
High volume

Prostate cancer patient
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Docetaxel doublet Triplet therapy

Treatment A

Treatment B

Causal modeling

Causal 
treatment effect
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MULTIMODAL INDIVIDUALIZED TREATMENT EFFECTS
PROBABILISTIC MODELING

22

Assets
• To develop a multi-modal artificial 

intelligence model that integrates 

longitudinal data:

• Clinical

• Pathological

• Imaging

• Genomic data

• Provides patient-specific 

treatment effects using a 

probabilistic deep-learning causal 

inference framework for prostate 

cancer patients

70 years
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High volume
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23
KEY TAKEAWAYS 

23

• Artificial intelligence can synthesize information for optimal systemic treatment 

decisions

• AI agents are well-poised to act as assistants to providers.

• AI-enabled living clinical practice guidelines are feasible.

• Artificial intelligence can provide novel insights from multi-modal patient data.

• Digital biomarkers utilizing multi-modal data are rapidly evolving.

• Patient-specific (individualized) treatment effects is an important research topic.
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Clinical trials

Clinical trials are systematic experimental research studies designed to evaluate the safety, 
efficacy, and optimal use of medical or surgical interventions, including drugs, devices, and 

treatments
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Clinical trials growth in oncology over the years

• The cumulative annual growth rate of 

oncology clinical trials has increased in 

the last two decades since 2000.

• Clinical Trials are an expensive process 

with many inefficiencies and failure 

possibilities.

• Performance: Clinical trial enrollment 

rates have remained below 5%(not 

good!)

https://clinicalresearchfastrack.com/growth-of-clinical-trials/
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Clinical trial journey

Trial design Protocol 
development

Feasibility and 
site selection

CONCEPTION

• Defining primary trial objectives
• Regulatory strategy
• Obtaining sponsors/funding
• Feasibility assessment
• Selection of site(s) and investigators
• Trial registration

Patient recruitment 
and enrollment Trial conduct Data analysis

EXECUTION

• Recruitment planning
• Screening and consent
• On-trial enrollment
• Randomization
• Intervention administration
• Data collection
• Monitoring and quality control
• Data processing and statistical analyses

Reporting and 
dissemination

Post-trial 
follow-up

FOLLOW-UP

• Regulatory submissions
• Publication and presentations
• Extended follow-ups
• Post-market surveillance
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Innovations in clinical trials

Clinical trial design

Protocol development

Eligiblity and matching

Outcomes ascertainment

Predictive analytics

Decentralized model

Clinical trial emulation

Synthetic clinical trial

Improved outcomes

Accelerated

Precise
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Clinical trial design

Protocol development

Eligiblity and matching

Outcomes ascertainment

Predictive analytics

Decentralized model

Clinical trial emulation

Synthetic clinical trial

Improved

Accelerated

Precise
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Innovating clinical trials by design
• Improving clinical trials conduct model

Centralized clinical trials

• All trial activity conducted at the 
clinical research site. 

• Patient data is captured at set 
moments during in-person 
patient visits in a clinical 
environment

Less than 5% of patients with cancer enroll in a clinical trial, 

partly due to financial and logistic 
burdens, especially among underserved populations
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Innovating clinical trials by design
• Improving clinical trials conduct model

Centralized clinical trials

• All trial activity conducted at the 
clinical research site. 

• Patient data is captured at set 
moments during in-person 
patient visits in a clinical 
environment

Decentralized clinical trials

• All trial activity conducted 
virtually at home. 

• Medicine and supplies delivered 
directly to the participants

• Patient data is remotely 
collected “as it happens,” 
allowing patients to be studied in 
an unobtrusive manner in real-
life situations

Hybrid clinical trials

• A combination of trial activity 
conducted at clinical research 
site and at home virtually.

Less than 5% of patients with cancer enroll in a clinical trial, 

partly due to financial and logistic 
burdens, especially among underserved populations
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To assess the current global state of adoption of decentralized trial 
technologies, understand factors that may be driving or preventing 

adoption, and highlight aspirations and direction for industry to enable 
more patient-centric trials
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Innovating clinical trials by design
• Decentralized clinical trials
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Decentralized clinical trials

Improved patient access
• Allow patients to participate from their 

homes

• Eliminate the need for travel to medical 
centers

• Increases access to clinical trials for patients 
who may face geographical or mobility 
challenges, thereby improving enrollment

Increased patient retention
• Patients are more likely to remain engaged 

in trials when they can participate from home

• This ensures adequate follow up, thereby 
reducing attrition

Real world data generation
• Allow for the collection of real-world data in 

patients' natural environments

• Providing insights into how treatments 
perform outside of controlled clinical 
settings
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Clinical trial design

Protocol development

Eligiblity and matching

Outcomes ascertainment

Predictive analytics

Decentralized model

Clinical trial emulation

Synthetic clinical trial

Improved

Accelerated

Precise
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Protocol development
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To quantitatively and qualitatively investigate the application of the 
GPT-4 to assess and transform surgical consent forms into a more 
accessible reading level in an efficient, standardized, and effective 

manner
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Simplifying consent forms

• GPT4 can enhance consent 
forms, significantly improving 
readability without sacrificing 
clinical detail

• This has been extended to 
consent process in clinical 
trials
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To assess whether ChatGPT-4 could simplify clinical trial information 
from informed consent forms using data from NIH-funded clinical 

trials in cancer
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Simplifying consent forms

• Methods

• NIH-funded, clinical trials involving adults with the 14 

most prevalent cancer types were included

• ChatGPT-4 was prompted to review each informed 

consent form (ICF) and answer (at the level 6th grade 

literacy) the following questions:
• What are the treatments used in the clinical trial?

• Has the treatment been used for other types of cancer?

• What are the risks and benefits of this treatment? 

• What side effects should I expect and how will they be 

managed? 

• How long will I be in the clinical trial? 

• Will I be able to get other treatment if this doesn’t 

work? 

• How will you know if the treatment is working?

• Will the clinical trial cost me anything?

• Results

• A total of 66 of the 70 ICFs (94.3%) were analyzed

• The mean text reading levels of its answers were 
• Flesch-Kincaid (FK) score: 6.2 (95% CI: 5.9-6.5)

• Gunning-Fog (GF) score: 8.6 (95% CI: 8.2-8.9)

• SMOG indices: 9.2 (95% CI: 8.9-9.4)

• ChatGPT-4’s text responses had a significantly lower 

reading level compared to ICFs text for all three 

readability indices 
• (FK: p<0.01, GF: p=0.02, SMOG: p<0.01).
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Clinical trial design

Protocol development

Eligiblity and matching

Outcomes ascertainment

Predictive analytics

Decentralized model

Clinical trial emulation

Synthetic clinical trial

Improved

Accelerated

Precise
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To develope a machine learning natural language processing model to 
identify inflection points in real time on the basis of serial imaging 

reports for each patient in an attempt to identify patients who are ready 
for clinical trials.
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Clinical trial matching
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To describe MatchMiner’s capabilities (an open-source platform to 
computationally match genomically profiled cancer patients to PM 

trials), outline its deployment, and characterize its impact on PM trial 
enrollment
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Clinical trial “matching”
• MatchMiner

Patient data

Trial data

Match Engine

Patient-centric

Trial-centric
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Clinical trial design

Protocol development

Eligiblity and matching

Outcomes ascertainment

Predictive analytics

Decentralized model

Clinical trial emulation

Synthetic clinical trial

Improved

Accelerated

Precise
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To systematically evaluate the effect of different eligibility criteria on 
cancer trial populations and outcomes with real-world data using the 

computational framework of Trial Pathfinder
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Blind assignment

Clinical trial emulation
•  Computational framework of Trial Pathfinder

Encoding of eligibility criteria

Rule-based logic statement for 
eligibility criteria

Trial eligibility encoding Treatment groups generation Survival analysis

Iterative changes in eligibility 
criteria

Criteria = rule 1

Criteria = rule 1 + rule 2

Criteria = rule 1 + rule 2 + rule N

Influential analysis by rules

Contribution of one rule:
change in the number of patients;

change in HR

Criteria relaxation

Selecting the rule for:
Large cohort with low HR

Upon broadening the restrictive criteria:
• The pool of eligible patients more than doubled on average 
• The hazard ratio of the overall survival decreased by an average of 0.05
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Clinical trial design

Protocol development

Eligiblity and matching

Outcomes ascertainment

Predictive analytics

Decentralized model

Clinical trial emulation

Synthetic clinical trial

Improved

Accelerated

Precise
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To investigate how closely the synthetic data generated by generative 
artificial intelligence models resembles the real trial data aligning 

baseline characteristics and patient outcome
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Clinical trial emulation with Synthetic data
Two state of the art generative models were used:

• CTAB-GAN+  builds upon the Generative Adversarial Network (GAN) architecture, 
consisting of two interlinked neural networks – the generator and the discriminator

• Normalizing Flows (NFlow)  comprises a sequence of invertible transformations, 
starting from a simple base distribution.

Large language models for synthetic trial data?

Synthetic clinical data

Synthetic control arms
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QUESTIONS 
& ANSWERS

Email: riaz.irbaz@mayo.edu 

X (Twitter): @IrbazRiaz

mailto:riaz.irbaz@mayo.edu
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