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e Leveraging a Question-Based Approach
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Take Home Messages

* There are challenges in the analysis and presentations of drug safety data
using tabular outputs

* There is immense value in leveraging visual analytics in drug safety and
hence in DMC deliverables

* This can be further enhanced by leveraging quantitative methods for drug
safety analytics and benefit-risk in decision making in DMCs

* There are readily available opensource tools to implement enhancement
of DMC deliverables for both visual analytics and quantitative analysis

e Use of Al and LLMs can greatly help enhance creation and review of
outputs in the DMC data package



Introduction

* Nature of drug safety data and analysis

* Challenges — many!
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Safety data present many
challenges with regards to analys

and interpretation

Clinical trials are not powered
to detect safety signals

Safety data are
multidimensional and
interrelated in nature
Pathological features of
diseases lead to
heterogeneous subpopulations

)

distributions

and data with non-normal /

Drug safety assessment in clinical trials:
methodological challenges and opportunities

Sonal Singh  and Yoon K Loke  Trials 2012, 13:1

o Analysis and
interpretation
= Entirely tabular
outputs
= Tabular outputs and
graphs
= Tabular outputs and

graphs and visual

\

analytics
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Introduction

Usual practice —a multitude of tabular outputs
Need a change in philosophy — leverage visual analytics

Maybe we only need a few outputs with graphs

Drug Safety Profiling and Benefit-Risk/Label
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A Call to Leverage Visualization in Drug Safety Analytics

» Surely we can do better - an old story!

Guideline for Industr

Structure and Content of Clinical
Study Reports 101 63

Regulaory perspectives on data moniorin;

Robert T, O'Nelll St Med 2002 212531-286)

Tabular Outputs only versus Tabular Plus Graphical Outputs
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A Call to Leverage Visualization in Drug Safety Analytics

Paper PO10

Clinical Adverse Events Data Analysis and Visualization
Shi-Tao Yeh, GlaxoSmithKline, King of Prussia, PA.
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A Call to Leverage Visualization in Drug Safety Analytics

* A continuing story! And some traction!

Visualising harms in publications of randomised controlled trials:
consensus and recommendations

Rachel Phillips,Fetak Bi) 2022;377:e068983
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A Call to Leverage Visualization in Drug Safety Analytics

Im U.S. Food and Drug Administration
[l Protecting and Promating Public Health

Im U.5. Food and Drug Administration
r Protecting and Promating Public Health

Quantitative Safety Evaluation

at CDER
Aloka Chakravarty,

Director, Division of Biometrics VIl
Office of Biostatistics, OTS, CDER, FDA

» Safety information is often times presented in

the form of tables and line listings

» But tables and line listings may not be the most
effective means for conveying information

— When understanding variable relationships
— When there is information overload

— When data summaries do not capture the full extent

of the data
— When integrating information over time

— When presenting multivariate information for a single

subject

Regulators are talking about it!

www.fda.gov

www.fda.gov

Figure 1. Time to Permanent Discontinuation of Study Drug,” Safety Population, Pooled Analyses
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—— Treatment - - Placebo
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Figure 3. Time to Adverse Event Leading to Ti

Treatment

Figure 16. Median Interquartile Range of Systolic Biood Pressure Over Time by Treatment Arm,’
Safety Population, Pooled Analysis
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. Duke-Margolis/FDA Workshop on Advancing Premarket Safety Analytics, 2022 September
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https://healthpolicy.duke.edu/events/advancing-premarket-safety-analytics
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Frameworks/Structure for Drug Safety Analytics

e Recommend to work via a framework or structure
« FDA —screen and deep dive (TAGS — Targeted Analysis Guides)

Recommendations for safety planning, data

collection, evaluation and reporting during drug,

biologic and vaccine development: a report of the

safety planning, evaluation, and reporting team
, A Berlin, Dou ’,

Clinical Trial Drug Safety Assessment With Interactive Visual Analytics

Wei Wang , Rebeka Revis , Mary Nilsson , and Brenda Crowe - STATSTICS INSIOPHARNACEUTICAL ESEARCH
WNOLE KO, 12

Guideline for Industry
Structure and Content of Clinical
Study Reports

Reviewer Guidance

Conducting a Clinical Safety Review of
a New Product Application and
Preparing a Report on the Review

Advancing Premarket Safety Analytics

Tier 2

e Signal detection
among common
events. AEs included
here are those that
do not have a
prespecified
hypothesis and are
‘common’

~

Tier 1
* Prespecified
detailed analysis oé@
and hypothesis )
testing for specific (\v\z}@
AEs
o
o>
\_ %
General Safety Review W
4

e Rank events based on evidence of
treatment effect

e Obtain additional details on the
event for further exploration

* Drill down to patient-level
information

-

\
. \
Tier 3 l
o !
e Descriptive analysis |
of infrequent AEs. I
AEs included here l
do not have a
prespecified [
hypothesis and are |
infrequent. [
N 27
-—y,
Safety Topics of Interest 1
[
\
* Focused and tailored to the event of i
interest [
» Use of displays to help reviewers |
understand the event of interest and I
the clinical questions they have I
I
14— /



Leveraging a Question-Based Approach

-

=

" Tabular Summary,
Graphical Output, Analysis
Method/ Inferential/
Hgorithm

Safety Queston Data Sourcefs)

N

\

Interpretation, Decision

What isfare] the safety question(a) that we want to address?

Determine what data source(s) will be used to address the question, or
what sort of questions can be addressed with the available data source(s)

Safety question(s] will ultimately determine the analysis, tabular, and
graphical outputs and delivery modality

Selection of the visual type or graph type or analysis may also be driven by
the safety outcome, e.g,, in terms of AE Tier categories

Safety question(s) will also dictate the tool to be used

Category

Question

Incidence Rates

Severity , Duration, Relationship

Temporal Relationship

Dose-relationship, Subgroups, Risk
Factors

Concurrent and Intercurrent Events

# What is the constellation of AEs that come
with the drug?

o Which AEs are elevated in treatment versus
contral and by how much?

o What are the most common AEs in

treatment?

» What is the severity of the AEs 7
 What is the duration of the AEs?
o What is the relationship to study drug?

s [z there a difference in the time to the first
event across treatment grull[n-:'.’

¢ What are the trends of time to the frst
event among different AEs?

e [s the potential AE of interest increasing
over time?

o [s there evidence of a
dose-response-relationship?

® Which AEs are elevated in patient
subgroups?

# What are the risk factors of the AE?

e I= there a relationship with other AEs?
e Is there a relationship with use of
concomitant medications?

e Are there withdraws and /or interruption
due to AE of interest?

Our Most Important Discovery: The Question
Scott R. Evans®® STATISTICS IN BIOPHARMACEUTICAL RESEARCH

2022, VOL. 14, NO. 4, 398-407

-

Chapter 11
A Question-Based Approach

to the Analysis of Safety Data
Melvin S. Munsaka
© Springer Nawre Singapore Pre Lid. 2018

K. E. Poace ct al. {eds.), Biopharmaceutical Applied Statistics Syemposivm,
ICSA Book Serics in Statistics. https=Ndoi.org/ [0 1007/978-081-10-T826-2_11

Show me the question:
Putting the questions front and centre

Andrew Wright
RSS Conference, September 2019

Question-Based Visualisations (QBV)
A Top-Down Approach

This approach encourages:
Explicitly identify

question of
interest

= Clear alignment on the purpose
of each visualisation before it is
produced

Design a
visualisation to
answer the
question

= Clear understanding of the
purpose of each visualisation
after it is produced

Three Applications of QBVs

Framework for exploratory data
analyses

12



Leveraging Quantitative Methods

Challenges and Opportunities to
Improve Premarketing Safety

Planning, Evaluation and Reporting
Robert T. O'Neill Ph.D. 2008,

ﬁu/ture change is
needed for prospective

planning for safety
evaluation that
Improves our
quantification of risk
and uncertainty. Safety
evaluation is hard...the
pre-market process,
the post-approval
process and the life-
cycle perspective all

Qeed to be considerey

...and now Machine Learning, Al, LLMs

Statistical methods for the analysis of adverse event
data in randomised controlled trials: a scoping review
and taxonomy BMC Medical Research Methodology 20, Article number:288 (2020)

Rachel Phillips , Odile Sauzet & Victoria Cornelius

-
e Graphical

methods to
summarize AE
data

Visual

summaries

Taxonomy of
methods

Estimation

\

e Methods to
quantify
distributional
difference in AEs

e Methods under
the frgquentlst Q
paradigm Vv

~ 907

Decision
making
probabilities

ethods under
the Bayesian
paradigm

/

by [ Christy Chuang:Stein H. Amy Xiz

)
O’ZCP

The Practice of Pre-Marketing Safety Assessment in
Drug Development Journal of Biopharmaceutical Statistics »

Volume 23, 2013 - Issue 1: Megical Product Safety

The role of quantitative safety evaluation in regulatory
decision making of drugs umssgtamesasues

Hoka.C

chrzsarty & Fima zem, SteqFinz el

ia'f ki, Mark S Leszrscn & Vat Seubup

=iad 1A NI, Recepee a2l on ne: 12Sep 2015, Fublished ooz 13520 2013

On quantitative methods for clinical safety monitoring in
drug development Statistics in Biopharmaceutical Research

William Wang &, E6 Whalen & Melvin Vunsaka , Ldy J, V chael Fries, Karolyn racht, Vistide Sancrez-Kam, Krishan Singh & Kefel Zhou
Seceied 180t 1016, Acepte 12 Hov 2017, Acceved autho vesio postedonlne 19 Dec 2017

U.S. FOOD & DRUG

ADMINISTRATION

Statistical Considerations for
Premarketing Risk Assessment

Greg Levin, PhD Mer 8.2 at Soukup, PhD

Associate Director for Statistical Science and Policy - Deputy Director, Division of Biometrics VII
Office of Biostatistics

Office of Biostatistics/OTS/CDER/FDA

Appropriate Analysis Approaches

* Focus on comparisons to estimate risk and
uncertainty, not on hypothesis testing

* Metrics for estimating risk
— Summary measures of risk

— Appropriate statistical methods for the summary
measure of interest and given the design

— On-treatment vs. on-study analyses
* Integrated analyses

Evaluation

Di Zhang &, Jaejoon Song, Sai Dharmarajan, Tae Hyun Jung, Hana Lee, Yong Ma, ..showall
Pages 519-523 | Receivex d 20 Dec 2021, Accepted 21 Jul 2022, Published online: 23 Sep 2022

The Use of Machine Learning in Regulatory Drug Safety

“Artificial Intelligence” for Pharmacovigilance: Ready for Prime Time?
Robert Ball'® - Gerald Dal Pan' Drug Safety (2022) 4542943
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Leveraging Quantitative Methods

* The sophistication is out there!

When to Stop a Clinical Trial Early for Benefit: Lessons

Learned and Future Approaches

Faiez Zannad, MD, PhD; Wendy Gattis Stough, PharmD; John 1.V, McMurray, MD;
Willem J. Remme, MD; Bertram Pitt, MD; Jeffrey S. Borer, MD; Nancy L. Geller, PhD; Stuart J. Pocock, PhD

Circ Heart Fail, 2012;5:294-302.[ r

Issues in designing sequential
stopping rules for monitoring side
effects in clinical trials

Anne I. Goldman Controlled Clinical TrialsF
S ESEEEEEEE—— —

Velume 8, Issue 4, December 1987, Pages 327-337 '

When is it safe to stop for safety?

S. SCHULMAN, A. CARLSSON andS. LAPORTE:

12012 International Society on Thrombosis and Haemostasis

Early Stopping Rules in Clinical
Trials Based on Sequential Monitoring

of Serious Adverse Events
A. Kramar, PhD, C. Bascoul-Mollevi, PhD
MEDICAL DECISION MAKING/MAY-JUNE 2009

Statistical Evaluation of Drug Safety Data
H. Amy Xia, PhD', and Qi Jiang, PhD'

Therapeutic Innovation & Regulatory Science 2014, Vol 4(1) 109-120

SAE: An R package for early stopping
rules in clinical trials

C. Bascoul-Mollevi @ & i, A. Laplanche ®, M.C. Le Deley ®, A. Kramar ©

Computer Methods and Programs in Biomedicine

Volume 104, Issue 2, November 2011, Pages 243-248 ! [

Sequential monitoring of time-to-event

safety endpoints in clinical trials

Michael Martens' (), Qinghua Lian', Nancy L Geller?,
Eric S Leifer’ and Brent R LoganI Clinical Trials 12 2024

Statistical Considerations on the Evaluation
of Imbalances of Adverse Events in
Randomized Clinical Trials

Haijun Ma, PhD', Chunlei Ke, PhD', Qi Jiang, PhD',
and Steven Snapinn, PhD'

Therapeutic Innovation & Regulatory Science 2015, Vol. 49(6) 957-965

Statistical rules for safety

monitoring in clinical trials
Michael ] Martens and Brent R Logan

Clinical Trials 2024, Vol. 21(2) 152—161

A Benefit-risk Model to Facilitate DMC-sponsor

Communication and Decision Making

Bayesian methods for the DMC

Mauro Gasparini,
VIII BIAS Annual Congress, Verona 30/06/2016

INnteractive medical and safety
monitoring in clinical trials with
clinDataReview: a validated and

open-source reporting tool

Laure Cougnaud*', Margaux Faes2*t . Dirk Van Krunckelsven?,
Arne De Roeck? Michela Pasetto!, Ann Fieuw?,

Claus A. Andersen? and Paul Meyvisch?

Pre-Market Safety Must Balance Statistics With

Clinical Discernment - FDA
“The Pink Sheet” Nov. 10, 2008, Vol. 70, No. 045

ﬁ fety evaluation is probably much harder \

than efficacy evaluation because in many
ways it’s reading the tea leaves. It’s a lot of
multiplicity, a lot of false discovery, a lot of it-
is-real or is-it-not-real...But nonetheless, you
can’t even approach that discussion if you
can’t quantify it in a reasonable
way...statisticians for the most part have not

sophistication is out there, it just has not

Andreas Sashegyi, PhD .

assessment for chronically used drugs.

been involved in safety evaluations... The

q’en brought to bear on routine safety

14



Leveraging Quantitative Methods

* The sophistication is out there!

[ Enhanced dot plot ] [ Tendril plot ]
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Leveraging Quantitative Methods

*The sophistication is out there!

= effect prediction ba
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Leveraging Quantitative Methods

* The sophistication is out there!
* Assessment of Drug Induced Liver Injury (DILI, hepatotoxicity)

e Statistical methods — laboratory data

* ML, Al, DL, NLP - Multisource

Guidance for Industry
Drug-Induced L.iver Injury:
Premarketing Clinical
) 3 1 ion

Methodology to Assess Clinical Liver Safety Data

Michael Merz - Kwan R. Lee * Gerd A. Kullak-Ublick -
Andreas Brueckner + Paul B. Watkins Drug Saf (2014) 37 (Suppl 1):533-545

DeepDILI: Deep Learning-Powered Drug-Induced Liver Injury
Prediction Using Model-Level Representation
Ting Li, Weida Tong, Ruth Roberts, Zhichao Liu*, and Shraddha Thakkar*

Chem. Res. Toxicol. 2021, 34, 2, 550-565

Liver Safety of Fasiglifam (TAK-875) in Patients with Type 2

Diabetes: Review of the Global Clinical Trial Experience

John F. Marcinak!@® - Melvin S. Munsaka' - Paul B. Watkins? - Takashi Ohira? -
Neila Smith' Drug Saf (2018) 41:625-640

Multivariate extreme value modelling of
laboratory safety data from clinical studies

Harry Southworth* and Janet E. Heffernan eharmaceut. staist. 2012, 11 367-372

Comparing Machine Learning Algorithms for Predicting Drug-Induced
Liver Injury (DILI) Citethis: Mol Pharaceutics 2020,17,7,2628-2637

Eni Minerali, Daniel H. Foil, Kimberley M. Zor, Thomas R. Lane, and Sean Ekins*

Prediction of clinically relevant drug-induced liver injury from

structure using machine learning sa» oo 2oa9412-610
Felix Hammann | Verena Schéning | Jiirgen Drewe

The Promise of Al for DILI Prediction

Andreu Vall*, Yogesh Sabnis?®, Jiye Shi®, Reiner Class®, Sepp Hochreiter"** and
Glinter Klambauer

1,2%

Frontiers in Arificial Inteligence | www.frontiersin.org ~ April 2021 | Volume 4 | Article 638410
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https://www.fda.gov/media/116737/download
https://pubs.acs.org/doi/pdf/10.1021/acs.chemrestox.0c00374
https://pubs.acs.org/doi/10.1021/acs.molpharmaceut.0c00326
https://onlinelibrary.wiley.com/doi/10.1002/pst.1531
https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/10.1002/jat.3741
https://www.frontiersin.org/articles/10.3389/frai.2021.638410/full

Leveraging Quantitative Methods
* Spontaneous Reporting Systems Data, e.g., FAERS, CAERS, VigiBase, etc

 Machine Learning
* Deep Learning
* Artificial Intelligence

PREDICTING SAFETY INFORMATION OF
DRUGS USING DATA MINING TECHNIQUE

Systematic Analysis of Adverse
Event Reports for Sex Differences in
Adverse Drug Events

YueYul?, Jun Chen?, Dingcheng Li?, Liwei Wang?, Wei Wang® & Hongfang Liu®
SCIENTIFIC REPORTS | 6:24955 | DOI: 10.1038/srep24955

How to Use Machine Learning(to Forecastp

Adverse Drug Reactions

Improving patient outcomes with Machine Learning

t

- , C. Rathika
International Journal of Computer Engineering & Technology (IJCET)
Volume 10, Issue 2, March—April, 2019, pp. 83-90.

C Predicting adverse drug reaction outcomes with machine learning
Andy W, Chen ntJ Community Med Public Health. 2018 Mar:5(3):901-904

o Adverse Drug Reaction CADR)D

Scrteoss with use of Machine Learning.
Feed-Forward Artificial Neural Network
with Backpropagation Kamil Szymanski

(] Predicting potential adverse events using
S3

data from marketed drugs

ofinflixirnab using Mmachine
learning algorithms in the Korea
adverse event reporting system

e e Kim L, S ven Bash Inmyung Song? & Juvoung Shint
Machine Learning for Detection Jj
Safety Signals Fro pontaneous
Reporting System Datar = ple of
Nivolumab and Docetaxel

Ji-Hwan Bae ', Yeon-Hee Baek’, Jeong-Eun Lee’, Inmyung Song?, Jee-Hyong Lee?® and
. 2365

Chathuri Daluwatte , Peter Schotland , David G. Strauss , Keith K. Burkhart and Rebecca Racz Ju-Young Shin™** Frontiers in Pharmacology  January 2021 | Volume 11 | Article 60-
BMC Bioinformatics (2020) 21:163
——
T T T |AcComparison Study of Algorithnfs to Detect Drugh-Adverse Using Machine Learning to Identify Adverse Drug
Event Associations: Frequentist, Ba achine-Learning

basca on patient demographic

Effects Posing Increased Risk to Women
information and other factors

Approaches brugsafety 2019) 42:743-750 . .
PP Payal Chandak, Nicholas P. Tatonetti Patters 7, 100108, October 9, 2020

Minh Pham - Feng Cheng - Kandethody Ramachandran

Anthony Olvera and Annie Lydens
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Focusing on Visual Analytics in DMCs

* An old story!

Q

oV |Regulatory perspectives on data monitoring’

Vv Robert T. O’Neill Statist. Med 2002; 21:2831-2842

A DMC may be faced with evaluating a potential safety concern for which the patient level
data on multiple laboratory wvalues and events that pertain to safety suggests the increased
toxicity is confounded with the disease being studied. Where there is a background of multiple
concomitant diseases, or drugs, it is often difficult to ascertain for a specific patient the full
profile of what is occurring in multiple organ or multiple adverse outcomes. DMC members
can be faced with this situation in the evaluation of individual patient outcomes and in the
cvaluation of accumulated comparative safety events of groups of patients that are compared
with each other for evidence of differential safety outcomes. It is my personal opinion that a
tool that may be useful to DMC members, especially for safety assessment, 1s the concept of

graphical patient profiles, which places on one page virtually every exposure, measurement and
outcome assoclated with an individual’s experience in a clinical trial from entry to completion.
This would include entry and withdrawal status and indicators for time on and off study.
Consider a plot of all the relevant time dependent multiple outcomes and repeated measures

that reflect the status of a patient in a trial from entrance to completion of the trial. |

Automated Statistical
Reporting for Data Monitoring
Committees in Clinical Trials

Frank E Harrell Jr

Enhance safety and risk/benefit review by DMC

Provide efficient and state-of-the-art statistical
reporting

High-quality graphics (a la Bill Cleveland) and

tables
Hard copy and on-screen review
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Focusing on Visual Analytics in DMCs

* An old story continues!

Q
v
>

Q
v
>

Presenting Risks and Benefits: Helping the Data Monitoring
Committee Do Its Job Annals of Internal Medicine

Qi Jiang, PhD; and Frank Rockhold, PhD

Scott R. Evans, PhD; Robert Bigelow, PhD; Christy Chuang-Stein, PhD; Susan S. Ellenberg, PhD; Paul Gallo, PhD; Weili He, PhD;

Data monitoring committees for clinical trials evaluating treatments of
COVID-19 Tobias Miitze , Tim Friede Contemporary Clinical Trials 98 (2020) 106154

These evaluations may be improved by broader access to data
and more effective analyses and presentation. Data monitoring
committees should have access to all data, including efficacy
data, at each interim review. The DMC reports should include

graphical presentations that summarize benefits and harms in

efficient ways. Benefit-risk assessments should include summa-
ries that are consistent with the intention-to-treat principle and
have a pragmatic focus. This article provides examples of graph-
ical summaries that integrate benefits and harms, and proposes
that such summaries become standard in DMC reports.

document that includes a table of content. The graphical and interactive
wvisualization of data may ease the exploration of the data and enhance
the readers' understanding of the data [ . DMC reports are no
exception to this. Examples for DMC reports that fulfill the previously
described principles are for instance provided by the University of
Wisconsin-Madison . In addition, Evans et al. recently re-
commended to show forest plots of risk differences/ratios for kev safetv
and efficacy endpoints, plots of rates of ranked desirable outcomes so- l
called "desirability of outcome ranking" (DOOR) Plots, or so-called la-
sagna plots that summarize the benefit-risk over time by treatment.

In addition to a report, the DMC may review data during their
meeting using interactive displays. Interactive displays can for example
be created with 5hiny, an R package tor building interactive web apps

from R.|

DMC reports should be have a clear structure and ideally be a single I

Data Visualization for Data Monitoring Committees for Clinical Trial
Adam Hamm, PhUSE US Connect 2018 ~ Paper V47

committees

Enhancing clarity of clinical trial safety reports for data monitoring

Sonia M. Thomas (7, Kwanhye Jung®, Hengrui Sun®, Matthew A. Psioda®,
Pedro Miguel Quibrera® and Stephen M. Strakowski® jo;auat oF BioPHARMACEUTICAL STATISTICS

What Types of Safety Outputs Doe
the DMC Receive?

David Kerr and Nand Kishore Rawat

2020, VOL. 30, NO. 6, 1147-1161

P
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Focusing on Visual Analytics in DMCs

« And the story continues! What are the questions of interest?

Reports to Independent Data Monitoring
Committees: An Appeal for Clarity,

Completeness, and Comprehensibility
Kevin A. Buhr, PhD', Matthew Downs, MPH?2, Janelle Rhorer, MS2,
Robin Bechhofer, BA', and Janet Wittes, PhD? Therapeudc Inmovation

& Regulatory Science
2018, Vol. 52(4) 459-468

ITzlbles replete with missing data or multiple rows of zeros are]
distracting:

raphs that hide what is missing can be deceptive.

Estimands: bringing clarity and focus to
research questions in clinical trials

Timothy Pater Clark @ " Brennan C Kahan,' Alan Phillips,” lan White,'

James R Carpenter’?
BM) Open

Table I. Sample Content and Organization of Open and Closed IDMC Reports.

Section

Open Closed Sample of questions answered in section:

Recruitment

Awvailability of data

Baseline characteristics

Disposition

Treatment exposure
Protocol adherence

Adverse events

Laboratory, ECG,
and/or vital sign
parameters

Efficacy

>
>

X

X

KK ®K XXX

X X

K X

X

X KAXX XX KXKXX X

K X

Is enrollment meeting projections?

Are a few clinical centers dominating enrollment?

Is treatment roughly balanced within region and country? Are stratification factors balanced?
How much follow-up data are available?

Are sites entering data in a timely fashion?

Are there endpoint events that occurred before the last report’s data cut-off but are only first
reported in the current report?

Do any sites have anomalously low (or high) AE reporting rates?

Is treatment roughly balanced by baseline prognostic factors? Could baseline differences account
for safety or efficacy findings?

Do the distributions of baseline characteristics match those expected in the study population?
Is there evidence of errors when specifying spsatification factors at randomization?

In what phase of the study (eg, screening, ty nt, follow-up) are participants? (For particularly
complex study designs, a diagram of dispadsin may be useful.)

Are discontinuation rates and reaso parable between the study arms? Does the timing of
discontinuations differ between s s?

Are both treatment discontinu; and study discontinuations clear?

What proportion of particip 1@’. to receive study treatment!?

Is the intensity of recei Q' ent similar by study arm?

Is the study being conn a manner that will allow it to answer the research questions?
Do any sites have particurdrly high rates of deviations?

Do the groups differ with respect to AE findings?

Do the observed safety data match the expected safety profile of the intervention under study?
Are the observed safety data consistent with the expected background event rates in the study
population?

Do the groups differ with respect to safety findings?

Are the laboratory findings consistent with findings from the AE data?

Are particular events, like cases of Hy's Law, easily identifiable in the data (eg, via listings, patient-
profile plots, tables/plots of specific labs)

Are the preliminary efficacy data consistent with the possibility of a favorable risk: benefit profile of
the agent under study? (Recommend evaluating this question at each safety review, not justinterim
efficacy reviews)

Have predefined efficacy or futility criteria been met?




Focusing on Visual Analytics in DMCs

« And the story continues! What are the questions of interest?

> |Data Monitoring Committee Reports: Telling the Data’s Story

,\/Q Lijuan Zeng' - Toshimitsu Hamasaki'2 - Scott R. Evans'? Therapeutic Innovation & Regulatory Scienc
Table 3 Closed report sections and review questions to consider
Section Questions to consider
Adverse events (AE) What are the total number and types of AE reported?
* High-level summary table of different types of AEs Which AEs show the most significant differences between treatment groups?
(leading to death, serious, severity, AE of special interest) Are the AEs reported expected? If not, what are the implications, and are there
* DOOR forest plot any follow-up questions and actions needed re Q g these events?

* Volcano plot % Are there any notable differences in AEs \~ specific subgroups?

* AE tables by MedDRA system orgss/high level Considering the overall risk and benefit (;&' acy outcomes), are the risks justi-
class/preferred term %@ fied for continuing treatments in thoeriencing AEs?

* Risk differences line plot @

* Tendril plot

Laboratory assessment, vital signs, and physical assessment  Are there any abnormal values that are clinically significant?
* Boxplots/mean plots (continuous parameters), supple- Are the changes from baseline expected?

mented with tables if needed Are there any significant differences in values between treatment groups that
« Shift plots for categorical changes for select parameters need further investigation?

Are there any correlations between abnormal results and reported AEs?
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Focusing on Visual Analytics in DMCs

« Make the DMC package interactive!
* QOr create an interactive DMC data packages

Example Closed Meeting Data
Monitoring Committee Report

Philosophy

Notation

Introduction

Accrual

Ba e Variables
Longitudinal Adverse Events

In e of Adverse Events at Any
Follow-up

Longitudinal EKG Data

Longitudinal Clinical Chemistry Data
Time to Hospitalization and Surgery
Computing Environment

Programming

2 FEHarrell

B 2020-10-04

Oy
N
W

Code v

Example Closed Meeting Data Monitoring
Committee Report

Philosophy

The reporting tools used here are based on a number of lessons learned from the intersection of the fields of
statistical graphics, graphic design, and cognitive psychology, especially from the work of Bill Cleveland, Ralph McGill,
John Tukey, Edward Tufte, and Jacques Bertin.

1. Whenever largely numerical information is displayed, graphs convey the information most often needed much better than tables.
1. Tables usually show more precision than is warranted by the sample information while hiding important features.

2. Graphics are much better than tables for seeing patterns and anomalies.

2.The best graphics are ones that make use of features that humans are most accurate in perceiving, namely position along a
common scale.

3. Information across multiple data categories is usually easier to judge when the categories are sorted by the numeric quantity
underlying the information.

4. The most robust and informative descriptive statistics for continuous variables are quantiles and whole distribution summaries?.

5. For group comparisons, confidence intervals for individual means, medians, or proportions are not very useful, and whether or not

https://hbiostat.org/r/hreport/report

A New Model for Statistical Reports for
RCT Data Monitoring Committees

Frank Harrell Trial Innovation Network Series 2019-11-04

DSMB Report for EXAMPLE Trial

DSMB Report for EXAMPLE Trial

Introduction
Accrual

Exclusions

Time to Hospitali 0
o Introduction

Adverse Events
Interactive Graphs

Most of the graphs produced here are semi-interactive. One can hover over elements of graphs with the mouse to
have detailed information pop up.

Figure Captions

Needles represent the fraction of observations used in the current analysis. The first needle (red) shows the fraction
2 FEHarrell of enrolled patients used. If randomization was taken into account, a second needle (green) represents the fraction of
@ 2020-10-26 randomized subjects included in the analysis. When the analyses consider treatment assignment, two more needles

https://hbiostat.org/r/hreport/test
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Focusing on Visual Analytics in DMCs

* Include quantitative benefit-risk assessment and visualization

,\/Q

When to Stop a Clinical Trial Early for Benefit: Lessons

Learned and Future Approaches
Faiez Zannad, MD, PAD; Wendy Gattis Stough, PharmD; John 1.V, McMurray, MD;
Willern J. Remme, MD; Betram Pitt, MD: Jeffey 3. Borer, MD; Neney L. Gellr, PhD; Stuart 1. Pocock, PhD
“Cire Heart Fal, 2012:5:204-302,

DMCs must not only consider statistical stopping guide-
lines when making decisions regarding the early termination
of a trial for benefit, but they also must consider the uptake
and acceptance of the result by the clinical community. If the

data are relatively insubstantial, clinicians are skeptical of the
results, and the trial may be viewed as an unnecessary loss of
time, resources and, potentially, lives,

Value tree

Benefit risk forest plot

Benefit-Risk

Planning Benefit-Risk Assessments Using Visualizations

Michael W. Colopy'® - Lovemore Gakava? . Chen Chen®
Therapeutic Innovation & Requlatory Science (2023) 57:1123-1135

D Identified Benefit
or Risk Category

|dentified benefit/
@ risk Quicome

[ Potential OQutcom|
or BIR category

" Hidden Node

Balance

Reduced Pain

Rapid Onset

Headache Relief

Pain-free Response

Sustained Response

Other

Reduction in Functional
Disability

""[Reduction in Nausea or Vomiting

Transient Triptans Sensations

Individual Risks

""Chest-related" Adverse Events

)
)
)
]
Reduced Sensitvity ]_{ ErTE ]
)
]
)
)
]

Central Nervous System Adverse
Events

What are the benefits and what are the risks?

Reduced Sensitivity to Sound and Li |
Sustained Response _ [E

Rapid Onset | [El

Reduction in Nausea or Vomiting - EE

Headache Relief - E:l
Pain-free Response - EIZ]

Reduction in Functional Disability - E:l

Central Nervous System Adverse Even - |:27 ¢

Transient Triptans Sensations - 70
"Chest-related" Adverse Events - E}

S0 0 50 w0 150 200
Rate Difference ( per 1000 patients )

Higher for Treatment B Higher for Treatment A

How do the benefits and risks balance out?
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Focusing on Visual Analytics in DMCs

* Include quantitative benefit-risk assessment and visualization

i_Critari ici i Structured benefit-risk evaluation for : etanamaling | 1 Benefit-risk A f Cladribine Using Multi- I ting Prior Data i titative Benefit-Risk A ts:
Muiti-Criteria Decision Analysis for | | Strctured benefi-risk evatuation for | | | g siucred e talivg g etinat el | Bt sz of i Ui ot | Incarporating i Data i Quantative Bene i Assessments
Beneflt-RlSk AnaIyS|s by Natlonal benefit-risk assessment findings in the FDAand EMA Relapsing-remitting Multiple Sclerosis ase >tudy ot a bayesian Methos tps:/dolorg/10.1007/543441-023-00611-4

Regulatory Authorities literature

Marie-Laure Kiirzinger”, Ludivine Douarin, levgeniia Uzun, Chantal El-Haddad, William
Hurst, Juhaeri Juhaeri'") and Stéphanie Tcherny-Lessenot

. ', Vietori inelli. MD%:
ZT;L'ZLV:%Z':C:;;E,’I;E?P;[\e/,“;:kr:;‘?i:"om? ’ Sai Dharmarajan, PhD'® - Zhong Yuan, MD, PhD? - Yeh-Fong Chen, PhD® - Leila Lackey, MHS, DEnv® -

Lucia Alonso-Magdalena, MD®; Andrew , MD’; Saurabh Mukhopadhyay, PhD* - Pritibha Singh, MSc, MBA® - Ram Tiwari, PhD®
Fernando Dangond. MD®: and Lawrence Phillips. PhD°

Aioges | LavrencD. Pl

Orin Chisholm %%, Patrick Sharry>* and Lawrence Phillips®

Case Study of Multiple Criteria Decision analysis for benefit-risk
Decision Analysis for Quantitative
Ben efit Risk Assessment Introduction, Data and Preferences
ASA Biophas"_“;‘:‘e”“‘:a' Meeting 2020 Data Source - Select column containing alternatives
ai Dharmara jan

FDA/CDER/OTS/OB

X1
Select source of data

© Example dataset Benefit criteria

® Upload dataset Nothing selected

oty of ki Distribution of Benefit Risk Score

Risk criteria

Use dataset Nothing selected

Range and Utility functions Select column containing number of subjects

Nothing selected

MCDA Select columns containing variance(s)

Nothing selected
Probabilistic MCDA

Reviewer B (O-B26 months), ohNMCDA

Probability of Ranking Distribution of Benefit-Risk Score

Prior Study Indicator
SMAA X1

Generate Report Select criteria which are event counts

Ran Pty

Nothing selected

Densty
DA

Select criteria with continuous scores

Nothing selected

m
'ERd

Overall Denefit- Fisk Score

Select criteria where lower scores are better

* In above example, can replace Reviewer A by Region X Reviewer and *  Source: https://github.com/saidee2//BayesianMCDA SMAA
Reviewer B by Region Y Reviewer *  Source: https://sai-dharmarajan.shinyapps.io/BayesianMCDA SMAA/

=  Requires lots planning in the MRCT setting!
* Source: https://www.ema.europa.eu/en/documents/variation-report/gardasil-h-c-703-ws-523-epar-assessment-report-variation en.pdf

* Source: https://www.accessdata.fda.gov/drugsatfda docs/nda/2020/0224330rig1s028.pdf
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https://github.com/saidee27/BayesianMCDA_SMAA
https://sai-dharmarajan.shinyapps.io/BayesianMCDA_SMAA/

Focusing on Visual Analytics in DMCs

* Include quantitative benefit-risk assessment and visualization
- At the patient level = Desirability of Outcome Ranking (DOOR)

DOOR Standard Edition DOOR Professional Edition DOOR Sample Size DOOR PIPS ITD Standard Edition

DOOR Analyses: Standard Edition DOOR Probability-Based Analysis Partial Credit Analysis Support

Configurations Data Input Table

e e e DOOR Distribution by Intervention
@ Yourowndata O Demodata DOOR (Most desirable to least desirable) Rank Treatment
Pre-specified Settings Rerlk 4l

Default -

Rank 2

Comparison Group
Test Intervention Label Rank 3

Treatment Rank 4
Control Intervention Label Rank 5

Control Total (N)

DOOR and DOOR Components

Data Format

e htt ps://m ethods.bsc.gwu.ed U/ Using Outcomes to Analyze Patients Rather than Patients to
. . Analyze Outcomes: A Step toward Pragmatism in Benefit:risk
e https://cran.r-project.org/web/packages/door/index.html y P g

Evaluation ScottR. Evans'2 and Dean Follmann3

Stat Biopharm Res. 2016 ; 8(4): 386-393 26



https://methods.bsc.gwu.edu/
https://cran.r-project.org/web/packages/door/index.html

Tools and Resources

* Plenty of emerging tools - opensource!
« Opensource tools are your friend!

Data Monitoring Committees (DMCs) have the important task to protect the safety of current and future patients dur-

DMC reports in the 21st century:
towards better tools for decision-making

Marc Vandemeulebroecke'Mark Baillie', Ardalan Mirshani and Emmanuel Lesaffre®™

Trials ~ (2023) 24:289

ing the conduct of a clinical study. Unfortunately, their work is often made difficult by voluminous DMC reports that

are poorly structured and difficult to digest. In this article, we suggest improved solutions. Starting from a principled
approach and building upon previous proposals, we offer concrete and easily understood displays, including related
computer code. While leveraging modern tools, the most important is that these displays support the DMC's work-
flow in answering the relevant questions of interest. We hope that the adoption of these proposals can ease the task
of DMCs, and importantly, lead to better decision-making for the benefit of patients.

Age [years]
Xanomeline High Dose B
(n=84)
Placebo
(n=86)
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Application Site Pruritus 3
Application Site Erythema ° °
Erythema 3 °
Rash ° -
Dizziness °
Application Site Irrtation °
Nausea L2 2 ]
Sinus Bradycardia °
Application Site Dermatitis .
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LAAAd

anomeline High Dose
(n=84)

o d

JUpper Respiratory Tract Infection (2
Fatigue o—eo

Atrial Fibrillation ad

Placebo
(n=86)

ICholesterol (mmol/L) by visit and treatment. Safety analysis set

2bsubjects below the lower limit of normal (LLN)

- —
Adverse events (Preferred Terms), incidence rates
Xanomeline High Dose vs. Placebo, Safety analysis set

Treatment group @ Placebo ® Xanomeline

9%%subjects above the upper limit of normal (ULN) 10
B

UsuBJID SEX RACE AGE ARM

Comparison of adverse events (preferred terms) by treatment SITED _FirstBxposureto TRT LastBxposire to TRT
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https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-023-07290-4

https://github.com/DMC21cent/DMC21cent
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Tools and Resources

£

Implementation of {teal} Shiny
Apps in DMC Activity

R/Pharma Virtual Session

Peng Zhang, PhD
Assistar Director, Innovative Data Sciences

CIMS Global, Somenset, NJ

Oct, 2024

&%

CIMS

On-Demand Talk

IMPROVING MONITORING OF
PATIENTS' SAFETY DURING
CLINICAL TRIALS

Using Quarto Interactive Reports
and a Shiny application within a
small to mid-size CRO

Leonard Daniél Samson
Medical Monitor & Clinical Data Scientist
GCP-Service International Ltd. & Co. KG

VIRTUAL EVENT
WED, OCT 25, 2023

B
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Tools and Resources —the Al and LLMs Angle

How can we use Al and LLMs in the DMC package
- Can leverage Al and LLM tools to help with efficient and timely creation, packaging, and
interpretations of the DMC data package prior to, during, and post DMC meetings — harness visual
analytics

Low hanging fruit and practical applications
- Use Al and LLMs to help generation of the DMC package: coding and code interpretation, data
wrangling, debug errors, code comments, code reformat code, table and plots creation

Advanced use, but still practical applications —use Al and LLMs to:
- Create analysis apps for safety data exploration and analysis
- Create beefed-up (interactive and with drill down) packaged DMC data packages, leveraging visual
analytics and custom reports
- Implement chatbot type interactivity and analysis interpretations, including functionality to allow
stakeholders to interact with certain delivery modalities as appropriate

No hype! Real use cases!
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Tools and Resources —the Al and LLMs Angle

« Some typical Al and LLMs usage

Directly from https API

Multi-agent tools, etc

« Variety of Tools

- Direct from https API: Claude, ChatGPT, Gemini, Copilot, Perplexity, Qwen,

Implement within programming environment — R Studio, Positron
Data upload (use test data) tools

Deepseek, Grok , MaxAl, etc

- R/R Studio ecosystem, Positron: ellmer, ellmer assistant, chatlas, chattr, shinyapps

assistant, shinychat, mall, gptstudio, chatAl4R, tidyllm, gander, LLMAgentR,

reentai, querychat, etc

- Large Language Model tools for R (Luis D. Verde Arregoitia)

—
Shiny & LLMs: Landscape and Applications in Pharma
Phil Bowsher PharmaSUG 2025 - Paper 08-395
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https://claude.ai/
https://chatgpt.com/
https://gemini.google.com/
https://copilot.microsoft.com/chats
https://www.perplexity.ai/
https://chat.qwen.ai/
https://chat.deepseek.com/a/chat
https://accounts.x.ai/
https://ellmer.tidyverse.org/reference/chat_openai.html
https://jcheng.shinyapps.io/ellmer-assistant/
https://posit-dev.github.io/chatlas/
https://mlverse.github.io/chattr/index.html
https://gallery.shinyapps.io/assistant/
https://posit-dev.github.io/shinychat/
https://mlverse.github.io/mall/
https://michelnivard.github.io/gptstudio/
https://kumes.github.io/chatAI4R/
https://edubruell.github.io/tidyllm/index.html
https://simonpcouch.github.io/gander/
https://knowusuboaky.github.io/LLMAgentR/
https://rgentai.com/data-security.html
https://posit-dev.github.io/querychat/r/index.html
https://luisdva.github.io/llmsr-book/r-pkgs.html
https://www.lexjansen.com/pharmasug/2025/OS/PharmaSUG-2025-OS-395.pdf
https://gallery.shinyapps.io/assistant/

Tools and Resources —the Al and LLMs Angle

- Data Upload, examples:

Julius,
R Tutor,

Datably

Vizly
Etc

- Others — Multiple Agents, examples :

Poe
NinjaChat
Etc

« Things to be aware/think about:

Free versus paid — can create a free account with all of them

APl (and credit card) needed in use within programming environment
Prompting — need to be clear and precise

Hallucinanctions

Accuracy — variety, but tools are getting better and evolving
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https://vizly.ai/
https://poe.com/Assistant
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Tools and Resources —the Al and LLMs Angle

« Examples of prompts tried out — can be advanced:

— What are the various tables and graphs that data monitoring committees need? Create r code and
quarto markdown reports for the tables and figures.

— Create R code to generate all outputs needed for data monitoring committee including tables and
graphs. Create the slides using quarto. The graphs should be interactive.

— Can you create an r shiny app for the method described in this paper: SAE: An R package for early
stopping rules in clinical trials. C. Bascoul-Mollevi, A. Laplanche, M. Deley, and A. Kramar. Computer
Methods and Programs in Biomedicine, 104 (2): 243-248 (2011)

* Create R code to perform the analysis described in this paper by: Chris Barker, Exploratory method
for summarizing concomitant medication data--the mean cumulative function. Pharm Stat, 2010
Oct-Dec;9(4):331-6. doi: 10.1002/pst.395, https://onlinelibrary.wiley.com/doi/10.1002/pst.395. the
input datasets are the ADAM datasets ADSL and ADCM. Also include sample ADSL and ADCM
datasets to run the R code. Also include comments explaining the code.
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Tools and Resources —the Al and LLMs Angle

Examples of prompts tried out — can be advanced:

— Are you familiar with the Berry and Berry model for a three-level hierarchical mixture model for
analysis of adverse event counts. The model exploits hierarchies in adverse event coding structure
namely the nesting of preferred terms (PT) within system organ classes (SOC). It is described in this
paper: Berry, SM and Berry, DA (2004). “Accounting for multiplicities in assessing drug safety: a
three-level hierarchical mixture model” Biometrics 60(2) 418-426.

— Yes

— Provide some R code that implements this model. The code should be well commented in terms of

the various details and workflow.

— What is the best R package for implementing the Berry and Berry model

— The best R package for implementing the Berry and Berry model is c212. It's specifically designed for detecting safety
signals in clinical trials and includes functions for fitting this model.

— Provide example code with some explanation using the c212

— Create r code to generate the graphs described in this paper: Clinical Adverse Events Data Analysis
and Visualization, by Shi-Tao Yeh, https://www.lexjansen.com/pharmasug/2007/po/PO10.pdf. The
code should include sample data comments on the code. Also create a colorful R shiny version of

the code and a colorful quarto dashboard.
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Tools and Resources —the Al and LLMs Angle

« Plenty of resources/example for use of these tool — stick to newer resources
« ASA SWG WS2 compiling some resources and examples
* Great YouTube videos from POSIT team and others, examples:

Workshop

Demystifying LLMs with Ellmer

Joe Cheng
CTO, Posit

Harnessing LLMs
for Data Analysis

Wednesday, May 28"

11:00 am ET e —
< . ) Led by Joe Cheng
= posit CTO at Posit PBC

.
-

R%‘Medicine 2025

i} sninycont 2025 o Build Shiny
applications

: KEYNOTE
SUMMER IS COMING: Al FOR R, SHINY, =
w Winston Chang 3 AND PHARMA WIth t he

fomchrg help of Al

—?‘— Write me a Shiny app

Al and Shiny g WINSTON CHANG

@




ools and Resources —the Al and LLMs Angle

@ Welcome to the data dashbeard! 'm ARt
here to help you explore and analyze Subjects Placebo
the data. Here are some examples of

254/254

what you can ask me to do: Xanomeline High Dose

Xanomeline Low Dose
+ “Filter the dashboard to show only

subjects older than 65.°
« “What is the average baseline
BMmi
“Find subjects who discontinued
due to an adverse event.”

KM pilot for Time to First Dermatologic Event

Feel free to ask any specific questions
or request assistance with filtering and
sorting the data.

The analyses performed when
utilizing subgroups or other
subsets of the source data sets
are considered exploratory.

Survival Probability (%)

Tirme (Mondhs)
TRTO1A — Placebo Xanomebne Low Dose — Xanomelng High Dose

e 95% Clol the fox wach group
2024.10-29 09 57 55 985063

¢ O 127.0016802 - 4 R O &

utilizing subgroups or other
subsets of the source data sets

are consigeres exploratery. ARM Shown Total
Subjects Placebo = -

2547254 R . »

M Gl TR ANC I (/O e Xanomeline Low Dose 24 84

access to?

h The demographic variables | have

access to include: KM plot for Time to First Dermatoiogic Event

1. Age: Represented by the columns
AGE, AGEGRI (Pooled Age Group
1) AGEGRIN (Pooled Age Group 1
(NI) and AGEU (Age Units).

2. Race: Represented by the
columns RACE and RACEN (Race
INJ

3. Sex: Represented by the column
sEx

4. Ethnicity: Represented by the
column ETHRIC

5. Baseline BMI, Helght. and
Weight Represented by th
columns enisL (Baseline BRI,
suIBLGRI (Pooled Baseline BMI
Group 1), WEzGHTEL [Baseline
Height], and weTgHTEL (Baseline

Weight).
pe TATO1A — Placeto — Xanomesns Low Dose — Xanomeine Hgh Dose

Survival Probablity (%)

Tierse (Mondhs)

The snaced areas e 5% £1.0f P surveral probatlty for sach grons:
2026.10.79 0 57 55, 985863

Weight: Represented by the
eolumns ssres (Baseline BMI,
BmzBLGRL (Pooked Baseline BMI
Group 1), HEIGHTEL (Baseline
Height), and weneHTeL (Baseline
Weight)

Years of Education: Represented
by the COMNTIN EDUCLYL .

KM piot for Time to First Dermatologic Event

"

These variables help describe various
demographic characteristics of the
subjects in the study.

Sunetval Probabiity (%)

I Show only subjects of age 70 or greater I

&

ELECT = FROM anl WHORE AGE

Pve fitened the dashboard to show
only subjects who are 70 years of age
or oider.

TRATOIA — Flaceso — Xanomesne Low Dose — Xanomesne Hgh Doss

Sryem psbatan 10 sach GG
a3 0vmen

c @ 127.00.1:6502 o e a
AGE , AGEGRI (FOOHD AGE Lroup
1) AGEGRIN (Pooked Age Group 1 .
(M. 3l ACE (Age LK) !.IbJEEIS of Age 70 or Greater
Race: Represented by the FLECT « FROM anl WHERE AGE B= T8
columns RACE and RACEM [Race
o
3. Sex: Represented by the column - il
4. Ethnicity. Represented by the Subjects P =
column ETEc Manomedine High Dose (5] B4
5. Baseline BMI, Helght, and 1 94"‘254 o i Ea = o

https://voutu.be/AfMalCVUdXU?si=CrDppalilClomnON

¢ O 1270018502 * & D &

the mean Time to Event (TTE) varies by
years of education due to techaieal
difficulties. If you have specific details
o questions about the data that | can
A55ISE With, please let me know!

Subjects of Age 70 or Greater

SELECT » FROM anl WHERE AGE »= T8

ARM Shown Total
How does the mean TTE vary by Subjects -I-’!a;dn (-.4 8(:-
treatment arm?
1 94f2 54 Hanomeline High Dose L2 84
Xanomeline Low Dose 66 84

KM piat for Time to First Dermatologic Event

ARM mean_tre
Flacebo 3.77 -
xanomeline High Dose  1.19
Xanomeline Low Dose 1.54

The mean Time to Event (TTE) for eac!
reatment arm i a5

Survival Probabity (%)

« Placebo: 3.77
* Xanomeline High Dose 119
+ Xanomeline Low Dose: 1 54 .

These values represent the average Tieme (Monires)
time to the first dermatologic event

TRTOIA — Placeto — Xanomeire Low Doss — Xanomelns Hoh Dose
fior each treatment arm

e e aven are e 1 of (e sl probataty S 4 GG
2024102910 27 73 01 2860

https://jcheng5.github.io/pharma-ai-2024/#/title-slide 35
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Tools and Resources —the Al and LLMs Angle

« Example:
* https://posit.co/blog/ai-powered-shiny-app-prototyping/
* https://ivelasg-pharma-adae-shiny-app.share.connect.posit.cloud/

Adverse Event Analysis Adverse Event Analysis

<
< =
Analysis Results . Analysis Results
. Select Analysis
Select Analysis - -
- Show 10 ~ entries
Show 10 ~  entries | AE Summary Table |
AE Summanry Table - s ;
n_A: n_B: n
K
) . ) AEDECOD Drug X Placebo Combinat
Filter by Sewverity AEDECOD Dr AE by Severity
MILD Time to Onset Analysis 1 dedAl1.11 62 44
1 ded AL1.1.1.1
R AE Heatmap 2 dedA1.1.12 61 62
SEVERE Risk Ratio Forest Plot
2 dcd A.1.1.1.2 3 dedB.1.1.1.1 58 55
Showw Only Serious AEs
B 3  dedB.1.1.1.1

Adverse Event Anal 'sis

Adverse Event Analysis Data Summary

. Assistant
Select Analysis
( ) Show 10 v entries Search:
| AE Summary Table v Data Explorer
) . AEDECOD n_DrugA n_Placebo n_serious Drug A n_serious_Placebo
Filter by Severity
@i 1 Dizziness 21 18 2 0 Analysis Results
Moderate Select Analysis
2 Fati 21 19 1 3 ( ) i -
Bsevere atigle AE Summary Table - Show 10 ~ entries Search:
3 Headache 17 22 3 0 n_Drug n_serious_Drug
Show Only Serious AEs i i - - -
Y Filter by Severity AEDECOD A n_Placebo A n_serious_Placebo
4 Nausea 2 0 2 2 & mild
b4 Moderate 1 Dizziness 21 18 2 '
a
5 Rash 16 23 0 3 Severe
2 Fatigue 21 19 1 3 6
Showing 1 to 5 of 5 entries Show Only Serious AEs T Mertese 17 22 3 {



https://posit.co/blog/ai-powered-shiny-app-prototyping/
https://ivelasq-pharma-adae-shiny-app.share.connect.posit.cloud/

Tools and Resources —the Al and LLMs Angle

@ C/Users/melvi/OneDrive/Desktop - Shiny - 3 x

hitp://127.0.0.1:5450 | i Open in Browser | 7% publish *

Adverse Event Analysis Dashboard (ADAE)

P's

<

. Total Adverse Events Subjects with AEs
Filters

300 94
Treatment Group:
‘ Al v Adverse Event Frequency
Severity: LN reorcer(AEDECOD, n): Dyspepsia gl i
‘ Al M TRTO1A: Treatment A

fonchi s I

Relationship ta e en‘m
Treatment niere [
e 5 ren (R ———————— ~
‘ Al v (] )
[ ] Serious AEs Only Adverse Events Data

SUBU43  IreatmentA  Vomiting Gastrointestinal ~ MILD NUI KELAIED N RECOVERING — Z1b 244 .

| [ Treatment disorders
Emergent Only SUB0W4  TreatmentA Headache  General MODERATE  PROBABLY Y RECOVERED 317 321
disorders RELATED

Musculoskeletal MODERATE PROBABLY N
disorders RELATED

SUB025  Placebo Vomiting RECOVERED 315

Analysis

Bayesian Inference for Difference in Proportions

Summary  Disfibufions ~ Difference  Trace

Data Input

Group 1 Events:

Posterior Distribution of Difference (o1 - p2)

IAY
)
i

0

Group 1 Total:

100

Group 2 Events: ‘i
H
5

Group 2 Total:
100

Prior Distribution
Prior for Group 1:

Difence n PO
Non-niommztie (Beta(1, 1)) Mean difference: 0.8534

Median difference: B.8526

95% Credible Interval: (-8.4194, 8.1396)
P(diff > 8): 92.61%

P(diff » 8): 92.61%

Prior for Group 2:
Jeffreys (Beta(0.5,05))

Analysis Settings
Minimum Difference of Interest:

0

Number of posterior samples:

10000

* Areyou familiar with the ADAE dataset?
* ADAE datasets are crucial for safety analysis in clinical trials
and drug development....
*  Would you like me to help you create a Shiny app that works
with ADAE data for a specific analysis or visualization?
* Yes

Change the code so that the input dataset is ADAE
* Can you add some compelling visualizations along with interactivity?

* Create an R shiny app for Bayesian inference that the difference
between two binomial proportions is greater than some specified
value delta. The app should allow for different priors for the two
proportions including non informative prior, skeptical prior,
Jeffrey’s prior, and informative prior. The app should also allow
for plotting of the prior, likelihood, and posterior distribution. The
app shout also allow for outputs for html and power point.
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Closing Remarks

* We can surely and pretty much do better in delivering DMC data packages!
*  We know what to do! We have talked about it a lot!

* Thetimeis now! Enough talk!
Al and LLMs to the rescue!

Safety Analyses:

The Cinderella of Biostatistics?
\\ Regulatory perspective \\
EFSPI Statistics Leaders Meeting

23.07.2020

PD Dr. Benjamin Hofner
Head of Section Biostatistics

Outlook
> Graphical display instead of extensive tables
> Use graphics such as forest plots to show safety profiles
> Appropriate statistical methods / summary measures are urgently needed
~ Training of clinicians and statisticians dealing with safety needed
> Estimand framework need to be further developed and discussed in the light
of safety analyses
» Clinical and statistical input needed
= Do we need a paradigm Shift in safety reporting?

Summary

»  Safety assessment often based on

* plethora of ,unconnected” (and potentially statistically inadequate) frequency
tables
« Statistical considerations not well developed

* partly due to imprecise / inappropriate questions (,equivalence of safety”)
= complexity of situation
* partly due to rare events

* Multiple analyses (from different angles) required to provide a good
overview and understanding of all safety aspects

Questions
»  What about... :
= timing of AEs? Variable /
* .. duration of AEs? endpoint
= ... severity of AES? .
= .. reversibility of AEs?
= ... recurrence of AEs?
* ... the impact of dose (reduction)? Intercurrent
... timing and frequency of treatment? events
= .. intercurrent events such as rescue treatment?
= ... (unequal/ short) duration of follow up? measure

= .. competing risks (e.g. death)?




Closing Remarks

e Safety data are complex and draw on several data domains and sources

* There are inadequacies and incompleteness in current DMC data packages

* Visual analytics offers opportunities to complement traditional tabular presentations

e Can combine both tabular visualization and analytics to allow for more insights into the data

* Can also leverage appropriate quantitative methods for enhanced decision-making

* Use of structured approaches to safety analysis can help for a more focused safety analysis

e Question-based approach can improve and enhance analysis of safety data by facilitating for a
guided, focused, structured, and comprehensive analysis leveraging both tabular and visual
analytics along with clinical discernment — translates into the right prompting

* There are readily available opensource to generate visualizations, including interactive
visualizations and tools with many possible delivery modalities

e Can leverage Al and LLMs for timely and efficient creation, analysis, and interpretation

Data Safety and Monitoring Boards

Should Be Required for Both Early-
and Late-Phase Clinical Trials

Gail A. Van Norman, MD JACC: Basic to Translational Science » Volume 6, Number 11

ow many patients could we save with LLM priors?

hota Arai', David Selby?, Andrew Vargo', Sebastian Vollmer ">
https://api.semanticscholar.org/CorpusID:281103802

Q
% + Al and LLMs % 2


https://www.jacc.org/doi/10.1016/j.jacbts.2021.09.005
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