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We focus on the use of M| with ICEs in central nervous system (CNS)
(interventional studies)




Abbreviations

Intercurrent Event
Missing at Random
Markov Chain Monte Carlo
Missing Imputation

Mixed Model for Repeated Models
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What is Ml

e Ml fills in missing values by generating plausible numbers derived from distributions of and
relationships among observed variables in the data set

Ml inference involves three distinct phases
— The missing data are filled in m times to generate m complete data sets
— The m complete data sets are analyzed by using standard procedures

— The results from the m complete data sets are combined for the inference

THE DIFFERENCE IS IN THE DATA®




ICEs

* An ICE is defined as an event occurring after treatment initiation that affect either the
interpretation or the existence of the measurements associated with the clinical
question of interest.

e Examples of ICEs include (but are not limited to):
— Discontinued treatment
— Withdrew consent
— Had an adverse event

— Lost to follow up
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Use Case —Study Outline and Primary Endpoint

* This study was a Randomized, Placebo-Controlled, Double-Blind Study in Subjects with Mild to
Moderate Alzheimer’s Disease

* Primary Endpoint was to evaluate the efficacy of treatment in subjects not on background
acetylcholinesteraseinhibitors (AChEls) through the Global Statistical Test (GST)

 GST was defined as the composite of cognition and function, calculated as the average of the
two change from baseline z-scores between the Alzheimer’s Disease Assessment Scale-
Cognitive Subscale (ADAS-Cog,,) and the Alzheimer’s Disease Cooperative Study — Activities of
Daily Living, 23-item version (ADCS-ADL23) score
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Use Case — ICE-1 and ICE-2

 Primary Analysis

- ICE-1: Discontinuation of treatment due to (1) an AE or (2) lack of efficacy. This event (1) was defined as selection of “Any Adverse
Event” as a reason for study discontinuation/withdrawal, even if other reasons are selected. The (2) lack of efficacy was

determined via the protocol deviation report/listing.

— ICE-2: Discontinuations due to other reasons other than (1) an AE or (2) lack of efficacy.

* Sensitivity Analysis
— ICE-1: This ICE was handled using a “control-based” hypothetical strategy assuming that patients would have switched to the
control treatment (i.e., placebo) starting from the occurrence of the ICE to the end of the 26-week treatment period.

— ICE-2: This ICE was handled using a treatment policy strategy implying that all outcomes following this ICE will be included in the
analysis regardless of the actual treatment, with a possibly different implementation of the imputation model depending on the
availability/sparsity of the observed outcomes following the ICE.
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MI Approach

1. Creation of ICE flags ICE flags definitions:

2. Imputed non-monotone missing data 1. ICE1FL are those subjects who discontinued
unrelated to ICEs (imputed using MCMC to due to either Adverse event or Lack of
create monotone missing) Efficacy.

3. Post-ICE1 endpoint values were set to 2. ICE2FL are those subjects who discontinued
missing for ICE-1 patients though data had due to reasons other than mentioned in the
been collected ICELFL.

4. 1CE-1 (Ml using control-based strategy)
5. ICE-2 (Ml using treatment policy strategy)

6. Combined all imputed datasets into a final
analysis dataset

7. Performed the final analysis and generated
results
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Example Code to Create Monotone Data Set

Steps:

— Prepare analysis dataset with required population and covariate flags

— Restructure data to support visit-level imputation

— Apply MCMC-based multiple imputation as seen in code below

- Convert intermittent (non-monotone) missingness into a monotone pattern

g PROC MI data = mcmc in out = mcmc out

pute=monotone;

<Treatment> <Additional Variables>;

<QOther Covarlates>;

—  The default impute value is 5 which is generally insufficient for proper Ml interference. In practice and expert consensus
recommends more imputations (e.g., 20—100 or more) to ensure stable inference
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Example Code to Create Control-Based Data Set Per ICE

Steps:

— Read in data set with correct ICE-1 flags isolated

— Prepare analysis dataset with ICE-1 subjects identified
— Ensure monotone missing data structure

—  Apply monotone regression Ml under a controlled MNAR framework using Pattern-Mixture Model (PMM) as shown in code
below

— PMMs provide flexible framework for sensitivity analysis which formulate assumptions regarding missing data in a transparent
and clinically interpretable manner

— Estimate imputation models using reference-arm observations

mproc mi data=icel in out=icel out

vy Imputation ;
<Any Categorical Covariates>;
one reg(/details) ;
<Covariliates>;
model<Visits to be analyzed in MMRM>/ modelobs (<Treatment>="1"));
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Example Code to Create Treatment Policy Strategy Per ICE

Steps:

Prepare analysis dataset with ICE-2 subjects identified

— Ensure monotone missing data structure
Apply monotone regression imputation within each imputation replicate

gPROC MI data=DATA ICE2 IN out=DATA ICE2 OUT nimpute
"LASS <Any Categorical Covariates>;

NE Rbhilsy

_ <Covarliates>;
BY IMPUTATION ;

RUN;

THE DIFFERENCE IS IN THE DATA®



Example Code — MMRM for Primary Endpoint

Steps:

— Prepare analysis-ready datasets from imputed outputs.

— Apply MMRM separately within each imputation replicate.
— Estimate treatment effects and visit-specific contrasts.

— Repeat analysis for each ICE-specific dataset

mproc mixed data = mixed 1ing;
| _ dmputation ;
1ss <Any Categorical Covariates>;
<Endpoint> = <Covariates> /
<Visit>/ type=un subject
<Treatment>*<Visit> / pdl

I1smeans=1lsmeans lIlsmestimates=1lsmestimates:;
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Example Code - Final Results for Primary Endpoint

Steps:

— Prepare parameter estimates from each imputed dataset.

— Combine estimates and standard errors across imputations.

Derive overall treatment effect estimates, confidence intervals, and p-values.

Eproc mianalyze parms=1lsmeans;
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Programming Challenges & Solutions

* Ml non-convergence —» simplified covariates in MCMC step
*  Complex|CE logic > modular datasets by ICE type
* Traceability - explicit ADaM derivations aligned with SAP

* Validation —> distribution checks of observed vs imputed values
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Conclusions

 |CEs are becoming more prevalent in clinical trials

 Need to take time and careful consideration when setting up the Ml procedures

 Running Proc Ml is not the end of the story

 Review datasets and outputs throughout to make sure Ml worked properly
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