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Can you distinguish the human from the computer?

1

2

Medical question: can a CT scan detect diverticulitis or diverticulosis?
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Can you distinguish the human from the computer?

Response 2 was generated by a Large Language Model from Google 

2

1
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Challenge objective ? 

Can we rely on Large Language Models to better support RBQM and 
clinical development?
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Challenge objective ? 

Can we rely on Large Language Models to better support RBQM and 
clinical development?

“We share our experience with LLMs acquired 
in developing ML solutions for RBQM and 
clinical development and present the results of 
3 experiments.

Our objective is to encourage researchers to 
share openly their results and to build a shared 
knowledge of LLMs for our industry.”

Shared knowledge of LLMs
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Today’s Agenda
• Our experience with ML for RBQM and 

clinical development
• LLMs: What & Why?
• 3 Experiments on LLMs
• Conclusions
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Our experience with 
ML for RBQM and 
clinical development
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Sharing our experience with 1500+ trials
Track record

10+ years into RBQM

100+ organizations

1200+ studies
therapeutic area agnostic
All phases of development

Unique aggregated data driving AI/ML algorithms

350 risk assessments
120,000+ risk signals 
30,000+ resolution actions
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• First publication on 
the role of statistics 
in the prevention of 
fraud in Clinical Trials

1999

2001
• Commence development 

of SMART: unsupervised 
methods for anomaly 
detection in Clinical 
Trials. Roche, Sanofi, 
GSK, IDDI 

• CluePoints Established

• SMART Patented US patent 
application No 13/452,338

2012

2015
• First SaaS Version released 

Statistical data interrogation 
using the SMART engine with 
integrated Issue Management 
solution

• FDA CRADA – utilizing CP 
SMART engine as part of 
the site inspection process 
to provide a data driven 
approach to identifying sites 
that exhibit data anomalies.

2016

2017
• Supervised Machine 

Learning V1

• Supervised Machine 
Learning for signal 
creation2018

2019
• Commenced development of DL 

Prototypes.

2022
• Deep Learning for query 

detection Prototype.
Two top 10 Pharma Co.’s

• NLP for signal classification of 
issues from central 
monitoring.
Top 10 Pharma Co.

2021

Statistical Methods Machine Learning NLP and Deep Learning

10

• Deep Learning for 
Medical Coding.
Top 10 Pharma Co.

2023

From central statistical monitoring …to deep learning



11

Machine Learning to support RBQM – Today
RBQM
I. Risk detection powered by advanced statistical & ML algorithms (DQA, KRIs & QTLs)
II. Intelligent signal & actions management system

I. ML-driven grouping of data anomalies for automated risk signal creation
II. ML-driven detection of risk signals lacking active follow-up & documentation

RBQM PLATFORM

Risk Assessment 
Categorization Tool 
Identify & Document 
Study Risk Factors 

Data Quality 
Assessment

The Quality Stamp

KRIs & QTLs
Monitor the Study 

Conduct using 
Operational and 

Clinical Data

Signal & Actions 
Management

Monitor and solve 
issues

Patient Profiles 
Visualize and Review 

Individual Patients

BEYOND 
Data Visualizations  
Design and Explore 
Custom Dashboards
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Machine Learning to support RBQM – Tomorrow
RBQM
I. Risk detection powered by advanced statistical & ML algorithms (DQA, KRIs & QTLs)
II. Intelligent signal & actions management system

III. ML-driven risk assesment (example: enhanced review of protocol)
IV. Intelligent patient profiles/medical review (example: deep learning for safety detection)

V. ML-driven data visualizations (example: KRI/QTL dashboards across full portfolio of studies)

RBQM PLATFORM

Risk Assessment 
Categorization Tool 
Identify & Document 
Study Risk Factors 

Data Quality 
Assessment

The Quality Stamp

KRIs & QTLs
Monitor the Study 

Conduct using 
Operational and 

Clinical Data

Signal & Actions 
Management

Monitor and solve 
issues

Patient Profiles 
Visualize and Review 

Individual Patients

BEYOND 
Data Visualizations  
Design and Explore 
Custom Dashboards
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Beyond RBQM - Machine Learning for clinical development

Clinical Developments
I. Medical coding: ML-driven suggestion of 

MedDRA/WHODrug coded terms 
II. Query detection: ML-driven detection of 

data points that should be queried

Query text

Reference 
datapoint Relevant 

datapoints
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LLMs: what and why?
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Large Language Models: What? 

Large Language Models (LLMs) are 

deep learning models particularly 

powerful at performing Natural 

Language Processing tasks such as 

language translation, text 

classification, etc.
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Large Language Models: Fine-Tuning

LLMs are foundation models trained on broad data that can be adapted to a wide 

range of downstream tasks. Fine-tuning an LLM is the process of tuning the 

parameters of a pre-trained model to acquire specific knowledge about the task and 

the domain. 

The cat sat on the table

Input Prediction

Who came up with the 
theory of relativity? Albert Einstein

Input Prediction

Training: Next word prediction Fine-tuning: Question answering
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Large Language Models: generative versus non-generative

Generative LLMs:                      

LLMs trained to generate data, such 

as GPT4

(GPT = Generative Pre-trained Transformer)

Non-generative LLMs:                  

LLMs that do not generate new 

content but rather focus on tasks 

such as classification, recognition, 

and prediction

The cat jumped on the table.

ü The cat broke the vase.

x The car engine broke.

Is this next 
sentence likely 

(Yes/No) ?
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3 Experiments on LLM

• Experiment 1: improve documentation of risk 
signals & promote active risk follow-up

• Experiment 2: Enhance risk detection with 
information from study protocol (GPT4)

• Experiment 3: Medical coding of AEs and 
medications
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Experiment 1 – Improve documentation of risk signals & promote active risk follow-up

Aim – Enabling more active follow-up and documentation of risk signals

Risk signal Study team Actions Follow up

Anomalies

Risk Signal – description of anomalies (i.e., detected risks), grouped and
    presented to study team

111 organizations > 1417 trials analyzed > 178,270 risk signals generated
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Experiment 1 – Improve documentation of risk signals & promote active risk follow-up

Aim – Enabling more active follow-up and documentation of risk signals

Method – BERT language model, fine-tuned on a database of reviewed risk    
signals

Ouput

Detect
1. Poor documentation
2. Lack of follow-up activities
3. Incorrect classification of 

risk signals into non-issues

ScreeningRisk signal
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The median rate of signals with unclear documentation by study.

Experiment 1 – Improve documentation of risk signals & promote active risk follow-up

Aim – Enabling more active follow-up and documentation of risk signals

Method – BERT language model, fine-tuned on a database of reviewed risk 
signals

Results – Promote active follow-up for more reliable risk documentation 

Performance: 70% overall accuracy in classification

Deployment details:
• Released into production
• Active usage by 35 organizations

Analysis results:
• Studies covered: 279
• Risk signals processed: 19,404
• Decrease in signals without documentation: 25%

Before the release

After the release

After the release – 
Organization en-
rolled in < 2 years

40%

30%

20%

Reducing the ‘Unclear’ Signal Rate
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Experiment 2 – Enhance risk detection with information from study protocol

Aim – Enhancing risk detection by accounting for study-specific parameters

Risk asses.

protocol

Risk signals Actions Follow up
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Experiment 2 – Enhance risk detection with information from study protocol (GPT4)

Aim – Enhancing risk detection by better accounting for study parameters

Method – Using GPT4 to extract study specific parameters from protocol

Output

Male or female 
patients aged 18 

years (or local age of 
maturity for 

providing informed 
consent if greater 
than 18 years) or 

older 
(…)

GPT4

+
what are the 

inclusion criteria 
for this study?

ParagraphsProtocol 



25

Experiment 2 – Enhance risk detection with information from study protocol (GPT4)

Aim – Enhancing risk detection by better accounting for study parameters

Method – Using GPT4 to extract study information from protocol

Results – Promising technology, need to address the limited entry size 

GPT4 is very often right in extracting 
the relevant information from study 

protocol.

Opportunity

GPT4 has a limited entry size and 
can only interrogate a few pages at 

once. This limitation could be 
overcome with the use of semantic 

search.

Limitations
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Experiment 3 – Medical Coding of Adverse Events and Medications

Aim – Suggesting coded terms for AE/drug in MedDRA/WHODrug

Medical 
events

Input term Dictionary entry

Aches on arms Pain in arm

Inflammation bottom
of lung Pneumonitis

Nose bleed Epistaxis

Input term Dictionary entry

Oral rehydration salt Sodium bicarbonate

Hypertonic saline 20% Sodium chloride

Dafalgan Paracetamol

Drugs
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Experiment 3 – Medical Coding of Adverse Events and Medications

Aim – Suggesting coded terms for AE/drug in MedDRA/WHODrug

Method – GPT4 versus Bert-like model fined-tuned on a trusted database

+

“Medical coding is the task of 
coding a medical event to a 

standard dictionnary. Here is 
an example Right tigh pain:  
Pain in tigh. Could you code 

the following terms in 
MedDRA?”

Bert-like model
fined-tuned on a database of 

historical verbatim entries 
mapped to their dictionary 

entry

versus

GPT4 Fined-tuned LLM
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Experiment 3 – Medical Coding of Adverse Events and Medications

Aim – Enhancing risk detection by better accounting for study parameters

Method – GPT4 versus Bert-like model fined-tuned on a trusted database

Results – Small fined-tuned LLMs produce more accurate predictions

Accuracy = 40 %

The model produces hallucinations: 
coded terms not in MedDRA

GPT4
Accuracy > 90 % 

The model only outputs entries from 
MedDRA dictionnary 

Ex: Inflammation bottom of lungs - pneumonitis
Nose bleed - epitaxis

Bert-liked + Fine Tuning
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Conclusions
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Key outcomes – 1/3

LLMs are powerful at processing and extracting information from text data

• They can be used to extract knowledge from clinical documents such as a clinical protocols
• LLMs have developed medical knowledge
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Key outcomes – 2/3

Smaller fined-tuned LLMs can produce accurate clinical predictions

• General purpose LLMs fail to produce accurate clinical predictions 
• Smaller LLMs fined-tuned on trusted clinical databases produce accurate predictions

While general-purpose LLMs (e.g., ChatGPT, 
Bloom, GPT-4, etc.) trained on text scraped 
from the Internet can also be useful for clinical 
tasks, they tend to underperform Clinical 
language models on domain- specific tasks (…)
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Key outcomes – 3/3

The safety-critical nature of the domain necessitates 
thoughtful development of evaluation frameworks, 
enabling researchers to meaningfully measure progress 
and capture and mitigate potential harms. This is 
especially important for LLMs, since these models may 
produce text generations (hereafter referred to as 
‘generations’) that are misaligned with clinical and societal 
values. They may, for instance, hallucinate convincing 
medical misinformation or incorporate biases that could 
exacerbate health disparities.

LLMs used in a non-generative mode allow to overcome the issue of hallucinations

• Generative LLMs such as GPT4 produce hallucinations
• The potential harm of hallucinations in a clinical context is discussed in the literature
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Conclusions

• LLMs show impressive text processing capabilities that can be used to 

support RBQM and clinical trial developments

• Smaller LLMs fine-tuned on clinical databases generate more accurate 

predictions than general purpose LLMs

• Generative LLMs produce hallucinations, when possible this can be 

overcome by using LLMs in a non-generative mode

• A common framework for model validation is needed!
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Thank You.
Questions? 

laura.trotta@cluepoints.com


