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INTRODUCTION TO 
AI & ML SIG



CONTENTS OF THIS TEMPLATE

• Aligning machine learning groups across SIGs
• In context of clinical research how and where are AI and ML 

useful –specifically related to statisticians
• Where are they not useful

• Longer term goals:
• Wonderful Wednesday style regular webinars
• Technical group to develop tools in R
• Develop common framework for explainable AI in statistics

GOALS



• Members: 23
• Holding quarterly meetings
• Creation of sub-teams – current 

active sub-teams:
• R tools for machine learning
• SAP generator
• Using AI for HTA

• New sub-team ideas:
• AI&ML Regulation
• Ethics
• What can AI not do
• …

UPDATES



CONTENTS OF THIS TEMPLATE

• How can we learn to integrate this technology with our day to 
day work to stay ahead.

• Is AI a threat for job security?
• How much of our current work will be done by AI systems? 

Coding? SAP/Protocol writing? Email correspondence?
• What can AI not do? Can we identify these areas and 

become more competent in them to reduce the job risk?
• AI Agents - how effective can these models be?

AI CONSIDERATIONS FOR THE FUTURE



CONTENTS OF THIS TEMPLATE

• Please join us for our SIG lounge slot tomorrow lunchtime

• Find me on the conference app and reach out

• Email me at sam.Hadlington@plus-project.co.uk

GETTING INVOLVED



SAP-GPT: USING 
MODERN AI FOR 
DOCUMENT 
GENERATION



• Goals
• Single prompt 

approach
• Multiple prompt 

approach
• Being specific with 

prompting
• Usage limits

CONTENTS

Development Process

• The good, the bad 
and the ugly

• How is this useful
• Individual LLM 

findings

Findings

• AI agents
• More capable LLMs
• Different Use Cases
• Job security

Future Possibilities



DEVELOPMENT 
PROCESS



CONTENTS OF THIS TEMPLATE

• Find an easy to follow and repeatable method to generate a draft SAP using an LLM with a 
protocol and prompts.

• Attempt to find the easiest and quickest method possible that provides a good enough output 
to work with.

• Test across several LLMs to see which one works the best.

GOALS



CONTENTS OF THIS TEMPLATE

• One large single editable prompt input to attempt to produce a full SAP draft in one go

• Initial small prompt and protocol – much easier more open approach

• Developed longer more complex and more specific prompt

SINGLE PROMPT APPROACH

SAP+ =



CONTENTS OF THIS TEMPLATE

• Added SAP template to further direct Model
• Added Old SAP to give model idea of expectations from SAP
• Final single prompt process: Prompt added, Protocol added, Template added, old SAP added, 

confirmation, SAP produced

SINGLE PROMPT APPROACH

SAP+ =&
Old 
SAP+



CONTENTS OF THIS TEMPLATE

• Got some more insight after speaking to AI expert

• One large prompt to begin with, then one prompt per section/sub-section.

• We asked the LLM to ask us for a prompt for each section, we then would write what we 
wanted for each section. Quite time consuming.

MULTIPLE PROMPT APPROACH

SAP+ =& +Old 
SAP+



CONTENTS OF THIS TEMPLATE

• We then wrote a standard prompt for each section/sub-section throughout the template.

• We also removed the old SAP as the model was drawing data from this into the new SAP.

• This provided a much simpler approach as we would just copy the standard prompt text from 
the template.

• We feel this approach could be used when producing new SAP templates.

MULTIPLE PROMPT APPROACH

SAP+ =& +



CONTENTS OF THIS TEMPLATE

EXCERPT OF PROMPT



CONTENTS OF THIS TEMPLATE

• Very important to tell model exactly what you’re looking for, don’t assume anything.

• When building a prompt make sure to update old text if your approach changes, even a little.

• Something you see as benign or clearly to be ignored in certain situations in a prompt may be 
read differently by an LLM which can drastically change your output.

BEING SPECIFIC WITH PROMPTING



CONTENTS OF THIS TEMPLATE

• Protocols have large context windows – a lot of data to process
• Hit usage limits several times, had to wait for this to reset
• We used “Pro” accounts for each LLM which sped things up
• Might be different for “Enterprise” accounts

USAGE LIMITS



Findings

mmsholdings.com



Methodology

13

Anonymisation: All identifying markers of which LLM produced the SAP is removed to prevent bias.

Benchmarking: The human-authored, finalized SAP is established as the gold standard.

AI Audit: An LLM is used to find discrepancies between the draft SAPs and the source protocol.

Human-in-the-Loop Review: A human assesses if flagged deviations are hallucinations or valid suggestions 
permitted by the prompt.

Final Review: A human determines suggestion validity based on statistical rationale and the study context. 



• Identified Knowledge Gaps:               
Correctly identified areas in the protocol 
requiring extra detail.

• Accurate Expansion: Generated content 
that closely matched the real SAP.

• Above and beyond: Recommended 
appropriate suggestions absent from the 
real SAP.  

• Special Mention: Gemini produced shells 
and Claude summarised a figure, both 
unprompted.

The Good
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• Contextual Blind Spots: Contradicted the 
protocol when information was outside of 
expected sections.

• Limited Study Comprehension:     
Proposed analysis that are inappropriate 
for the clinical context.

• Incorrect Summary: Generated a 
description of the disease that 
contradicted the protocol.

The Bad

15



• ChatGPT suggested an imputation strategy 
for AE dates that would underreport TEAE.

• Claude suggested a nonsensical sensitivity 
analysis.

• Gemini recommended a flawed correction 
for heart rate variations. 

• Grok dropped key covariates from the 
primary analysis. 

The Ugly
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• Laying Foundations: You can get a decent 
“first draft” SAP from each LLM we 
investigated.  

• Cognitive Reallocation: Statisticians can 
focus mental energy on the complex 
sections of a SAP.   

• Protocol Stress Test:                                  
LLM misinterpretations could highlight 
areas of improvement in the protocol.

• The Co-Pilot Mindset: LLMs can be a 
valuable assistant when used properly.

How is this useful?
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Pros

• Can produce process and produce work documents

• Correctly identifies areas in the SAP where the information in the protocol requires more detail

• Accurately expanded on the statistical hypothesis, matching the real SAP

• Suggested an approach for robust SEs in the MMRM 

• Suggested appropriate summaries of PK data

• Identified the need for categorical thresholds for compliance

• Identified the need to impute dates for AE 

• Identified the need for Potential Clinically Significant Abnormalities 

Cons

• Couldn’t find an estimand so said none existed 

• Suggested categorical thresholds not appropriate in study context

• Inadequate imputation strategy for AE dates could underreport TEAE

• Did not suggest PCSAs for Clinical Laboratory Evaluations

ChatGPT (GPT-5)
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Pros

• Can produce process and produce work documents

• Correctly understood a figure showing power for different assumptions

• Correctly identifies areas in the SAP where the information in the protocol requires more detail

• Accurately expanded on the statistical hypothesis, matching the real SAP

• Suggested protocol deviation examples that were close to the real SAP

• Conservative imputation approach for missing AE dates was reasonably close to the real SAP and both assumed AEs were 
treatment emergent

• MNAR sensitivity analysis was very close to the real SAP

• Suggested appropriate summaries of PK data

• Identified thresholds for Potential Clinically Significant values

Cons

• Couldn’t find an estimand so said none existed 

• Misunderstood prompt and created mapping for analysis visits that didn’t exist and contradicted the protocol 

• Suggested a bad and nonsensical sensitivity analysis for the primary analysis 

Claude (Opus 4.6)
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Pros

• Can process word documents & PDFs

• Placed the objectives and endpoints into a similar table to the protocol 

• Suggested dummy TFLs 

• Correctly identifies areas in the SAP where the information in the protocol requires more detail

• Correctly defined the study design as a ‘double-dummy’

• Suggested an approach for robust SEs in the MMRM 

• Added a baseline x study visit interaction to the MMRM

• Suggested using a plot that regulatory bodies have recommended

• Accurately expanded on the non-inferiority decision rule 

Cons

• Couldn’t find an estimand so said none existed 

• Dropped MMRM covariates that were included in the stratified randomisation

• Recommended a flawed correction for heart rate variations (Bazett’s correction)

Gemini (3.1 Pro)
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Pros

• Correctly identifies areas in the SAP where the information in the protocol requires more detail

• Correctly defined the study design as a ‘double-dummy’

• Correctly expands on blinding and randomisation protocol

• Suggested a protocol deviation log and appropriate analysis 

• Suggests appropriate sensitivity analyses

• Suggested appropriate discontinuation reason

Cons

• Can’t process or produce word documents

• Couldn’t find an estimand so said none existed 

• The protocol said chronic hyperglycemia (CH) is a key factor of microvascular complications and to a lesser extent, macrovascular 
complications. The SAP said CH "remains the primary driver of microvascular and macrovascular complications."

• Couldn’t find the concomitant medication coding dictionary source so used one that contradicted the protocol

Grok (Grok 4)
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FUTURE 
POSSIBILITIES



CONTENTS OF THIS TEMPLATE

• It may be possible soon to use AI agents to 
deliver each new prompt for us once a section 
has been completed to we don’t have to do 
that ourselves.

• This may cause issues if the model has specific 
questions around a prompt for a specific 
section.

• For the gain in speed here, it might be worth 
the downside of losing some decision making 
in the process

AI AGENTS



CONTENTS OF THIS TEMPLATE

• LLMs are getting more capable and more powerful

• How will this affect our process, can we get away with less prompts?

• Drafts will gradually get better and better, though human oversight will probably be necessary 
for sometime.

MORE CAPABLE LLMS



CONTENTS OF THIS TEMPLATE

• Protocols – Potentially quite a difficult 
approach as we don’t have other study 
documents to work from.

• Shells – May work drawing from shell 
template and SAP.

• Specs – May work drawing from CDISC 
documentation and SAP

• CSRs – I’m aware this is already being done, 
this makes sense as you have a swathe of 
documents from throughout the study to 
draw data from as well as the template.

DIFFERENT USE CASES



CONTENTS OF THIS TEMPLATE

• In our opinion this is not replacing us any time soon.

• It will make us more efficient however, I suspect in future we will be expected to work more 
quickly on some things with the help of AI.

• It’s much harder to pin accountability if relying on AI and I think this will continue to be key 
within clinical research and therefore it cannot replace skilled staff.

JOB SECURITY



CONTENTS OF THIS TEMPLATE

ANY QUESTIONS?



CONTENTS OF THIS TEMPLATE

• Leveraging generative AI to transform statistical analysis plan authoring in clinical trials – 
PubMed

• Shutterstock image - 43 Ai Superpower Royalty-Free Images, Stock Photos & Pictures | 
Shutterstock

• Alamy images - Get creative with stock photos and videos from Alamy
• WALL-E image
• Ex Machina image
• 2001: A Space Odessey image 
• R2-D2 image
• LucotIC's Cam Newton Template (12#) - Imgflip

REFERENCES
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Repertor.IO: Patient Preference Research with AI-
Powered Evidence Generation



A community call

• HPR community sees an urgent need for 
more methodological research on 
synthesis and transferability of PPI

• Transfers on the basis of meta-analyses 
combine effect sizes from multiple studies 
while adjusting for characteristics that are 
relevant to the new decision context(s)



Know-how: the rare integration of three 
disciplines
• Conducting a meta-analysis is a multidisciplinary exercise: the integrated 

expertise is rare and errors are common where it is missing



Time and people: meta-analyses are 
expensive to produce

6–18 months

2–3 people

~3% yeld rate

• Calendar time per review, from 
PICO to publication

• The 2017 PROSPERO audit found a 
mean of 67 weeks 

• Core team size 
• Funded reviews tend to be larger
• ~6.8 authors and slower, not faster

• of citations retrieved actually make it 
into the final synthesis

• meaning thousands of records are 
manually screened to find a handful

Borah, Brown, Capers & Kaiser (2017) BMJ Open 
Allen & Olkin (1999) JAMA
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S T A T E  O F  T H E  A R T

UBEP — Unit of Biostatistics, Epidemiology and Public Health

LLM for each Systematic-Review step
• Pie-donut chart depicting proportions of systematic 

review (SR) steps (inner layer pie) and associated large 
language model (LLM) applications (outer layer donut)

• The inner layer represents the frequencies and 
proportions of all individual SR steps (n = 60) extracted 
across the 37 studies included (multiple counts per 
study were possible); the outer layer provides a 
breakdown of the percentage distribution of LLM types 
used for each SR step: 

• Search
• Screening
• Data extraction
• Risk of bias assessment (RoB)
• Interpretation
• SR question
• Synthesis (qualitative) 
• Synthesis (quantitative) 
• SR publication
• Plain language summary (PLS)

Lieberum et al. 2025 Journal of Clinical Epidemiology



Standardize steps
PRISMA & Cochrane guidelines define a rigid, sequential workflow. Reproducibility is a feature; the 
cost is that every step is a manual lift

Risk of Bias
Meta-analysis 
Reporting



Comprehensive literature search

• Patient preference studies are not easy to 
retrieve

• We use a very broad research string to collect 
as many PPS as possible, even if this means 
collecting a lot of irrelevant data

• This string is applied to major literature 
databases



AI powered platform



Searching Patient Preference Studies



Searching Patient Preference Studies



Summary of data extraction 

Tervonen et al data extraction



Tervonen et al data extraction



Level 1 data extraction



Level 2 data 
extraction



Searchable library of DCE’s attributes



Attributes ranking
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Validation: how reliable, and where it fails

C Correct
matches the source

H Hallucinated
no basis in the source (fabricated)

I Incomplete
partially correct; detail missing

M Missing
should have been extracted, but omitted

E Erroneous
extracted, but wrong value

Each extracted item scored against its original source. Reported separately by 
extraction level (classification, Level 1, Level 2), because reliability falls with 
depth.



AI-enabled meta-analysis is not simply a 
faster traditional meta-analysis

• It changes the workflow from a one-off manual 
process into a structured, reusable evidence 
infrastructure

• In HPR this is relevant because preference 
evidence requires interpretation at several 
levels:

• extraction of study characteristics and 
preference estimates

• harmonisation of attributes and levels across 
studies

• rescaling of preference weights
• model specification across heterogeneous 

designs
• validation of extracted and synthesised results



Human-in-the-loop review remains central

• AI support was limited when tasks required contextual or 
methodological interpretation, for example:
• deciding whether two attributes are conceptually equivalent
• interpreting ambiguous outcome definitions
• checking whether extracted values correspond to the correct model or 

subgroup
• resolving inconsistencies between text, tables, figures, and supplementary 

materials
• judging whether a harmonised synthesis remains clinically and 

methodologically meaningful

• AI platform should be understood as a hybrid system: automated 
where possible, expert-supervised where necessary



AI makes preference evidence synthesis 
more scalable but only if it is auditable
• The value of AI in HPR is not only efficiency

• Its real promise is to support a more transparent, reproducible, and 
cumulative model of preference evidence synthesis

• This requires that every AI-assisted step remains linked to the source 
evidence, open to expert review, and incorporated into the 
uncertainty assessment

• AI should therefore be seen as methodological infrastructure for 
evidence synthesis
• not as a substitute for methodological expertise.



From automation to accountability

• AI-enabled meta-analysis can help address a major bottleneck in 
health preference research
•  the difficulty of synthesising heterogeneous preference studies in a timely 

and reproducible way

• The appropriate standard is a validated hybrid workflow
• not human-out-of-the-loop

• AI-assisted extraction, human-in-the-loop validation, reproducible 
modelling, and explicit uncertainty propagation
• it makes preference evidence more reusable, transferable, and trustworthy 

for decision making



This is our 
team

paola.berchialla@unito.it



A Tutorial on tidymodels: Building Reproducible 

Modelling Workflows in R 
Jason Nicholas, Harry Parr



• Tidymodels is a collection of R packages designed for statistical modelling and 

machine learning.

• It provides a structured and consistent framework for separating preprocessing, model 

specification, resampling, and evaluation within reproducible workflows

Tidymodels



Tidymodels Workflow

0) Data 
resampling 

strategy

1) Model 
preprocessing

2) Model 
specification

3) Resampling & 
hyperparameter 

tuning

4) Model 
comparison and 

selection

5) Model 
Interpretability



• initial_split() is used to create separate training and test datasets.

- The training set is used for model development, resampling, and hyperparameter tuning.

- The test set is held out until the final model evaluation.

Data Splitting and 

resampling strategy
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• initial_split() is used to create separate training and test datasets.

- The training set is used for model development, resampling, and hyperparameter tuning.

- The test set is held out until the final model evaluation.

• Repeated k-fold cross-validation (e.g. 5-fold CV x10) is created within the training data.

- This provides an internal resampling framework for comparing candidate models and tuning 

hyperparameters.

• Alternatively, internal cross-validation can be performed on the full dataset to estimate 

model performance if there is external data available for testing.

• Stratification can be used for binary outcomes, particularly when classes are 

imbalanced, this helps to preserve the outcome distribution across resamples.

• Other resampling approaches, such as bootstrapping, can also be used depending on 

the modelling objective.

- Bootstrapping repeatedly samples the training data with replacement – particularly useful 

when the dataset is small.

Data Splitting and 

resampling strategy



• The Recipes package automates data transformations like normalisation, encoding 

and imputation.

• Ensures training and test datasets are processed consistently, preventing errors or 

data leakage.

• The Recipe is a reusable object which makes it easy to apply the same steps to 

multiple models

Preprocessing via Recipes



• Defines what type of model you want to use 

• Allows you to separate model definition from data, making workflows more modular

• Hyperparameters can be marked with tune() to allow systematic optimisation during 

training

• Tidymodels separates the model from the underlying engine, making it easy to switch 

implementations.

• This promotes reproducible and consistent model building across datasets.

Model Specification



• Workflows combine the preprocessing (recipe) and model specification into a single 

pipeline.

• This ensures all steps are applied consistently during training, tuning and testing

• Adding the recipe to workflow_set() automatically pairs it with every model, ensuring 

consistent preprocessing across all workflows.

• This also makes the workflow modular and reusable, so you can easily swap models 

or recipes.

Workflow Creation



• In the model specification stage, we identified which hyperparameters we plan to tune.

• In this stage we can automatically extract all tuneable hyperparameters using the dials 

package.

• We can then create a grid which generates 200 hyperparameter combinations and add 

this to the workflow.

• The grid size scales with the number of hyperparameters, simpler models require 

fewer parameter combinations, whereas models like XGBoost need a larger grid to 

explore the space properly.

Hyperparameter Tuning

• Source: https://www.youtube.com/watch?app=desktop&v=Evua529dAgc

https://www.youtube.com/watch?app=desktop&v=Evua529dAgc


• For each workflow, each hyperparameter combination is trained and then performance 

is evaluated across all CV folds.

• We then select the hyperparameter combination with the best cross-validated 

performance.

Cross-validation procedures to find optimal hyperparameters



• The finalised workflow combines the best hyperparameters with the preprocessing 

recipe and model specification into a single workflow ready for fitting.

• Fits the fully specified model using the training or complete dataset.

Fitting the Final Model



• Tidymodels uses yardstick to compute performance metrics for the predictive models.

• yardstick provides a consistent and standardized interface for model evaluation.

• It supports a wide range of metrics (e.g. ROC AUC, accuracy, confusion matrices).

Model Evaluation



• Performance metrics describe how well a model predicts

• Interpretability tools help explain how the model is using the predictors.

• Variable importance plots (VIPs) can identify which predictors contribute most to model 

performance.

• Partial dependence plots (PDPs) show the average relationship between a predictor 

and the modelled outcome.

Model interpretation



Key technical takeaways

• Tidymodels enforces good practice by design —  encourages reproducibility, leakage 

prevention, and consistent evaluation 

• Everything is modular — you can swap models, recipes, or metrics without rebuilding from 

scratch

• The workflow is end-to-end — from splitting data all the way to interpreting results, it's one 

coherent pipeline rather than a patchwork of separate steps.

Here we presented a concise primer on Tidymodels, which provides a cohesive ecosystem for 

building, tuning, and validating predictive models in R, with consistent workflows that strengthen 

reproducibility and evaluation rigor. 

Closing Remarks
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