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ABSTRACT

Multiple imputation (M) is a robust approach for handling missing data in sensitivity analyses, especially when
evaluating different intercurrent event (ICE) strategies. In this context, ICE 1 and ICE 2 represent distinct assumptions
about post-ICE outcomes, such as treatment discontinuation or rescue medication use. Ml enables the generation of
plausible values under each ICE scenario, preserving statistical integrity while exploring the impact of varying
assumptions. The challenge lies in aligning imputation models with the estimand framework, ensuring that each ICE
strategy reflects clinically meaningful interpretations. By implementing tailored imputation models for ICE 1 and ICE 2,
analysts can assess the robustness of primary results and quantify uncertainty due to missingness. This approach
supports regulatory expectations for transparency and comprehensive sensitivity analysis, ultimately strengthening the
credibility of treatment effect estimates in submissions.

INTRODUCTION

A structured, estimand-aligned multiple imputation (MI) strategy was implemented to handle missing endpoint data
arising from intercurrent events (ICEs). The approach was designed to (1) distinguish between different types of missing
data, (2) apply assumptions appropriate to each approach, and (3) ensure transparency and traceability in accordance
with ICH E9(R1) guidance.

The imputation process consisted of five sequential steps.

Step 1: Derivation of Intercurrent Event Indicators

ICE flags were derived based on predefined clinical criteria to classify subjects according to the type of treatment
discontinuation. Subjects were categorized into mutually exclusive ICE groups to support estimand-specific handling
of post-ICE data.

e ICE-1: Subjects who discontinued study treatment due to adverse events or lack of efficacy
e ICE-2: Subjects who discontinued study treatment for reasons other than those defined under ICE-1

These classifications were used to drive the imputation strategy applied to post-ICE endpoint values.

Step 2: Imputation of Intermittent Missing Data (MAR Assumption)

Intermittent (non-monotone) missing endpoint values that were not attributable to intercurrent events were assumed to
be Missing At Random (MAR). These values were imputed using a Markov Chain Monte Carlo (MCMC) method,
adjusting for baseline covariates and relevant prognostic factors.

This step was performed to convert the dataset into a monotone missing data structure, enabling the use of monotone
imputation methods for post-ICE missingness in subsequent steps.

Specifically, the MCMC-based imputation was implemented as a preprocessing step to resolve intermittent missingness
while preserving dropout-related missing data, thereby creating a monotone missing data pattern required for
downstream monotone regression and controlled imputation approaches. A total of 1000 imputed datasets were
generated using different random seeds to show imputation uncertainty along with subgrouping to avoid higher
correlation which stabilizes the covariance matrix.
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Step 3: Handling of ICE-1 (Control-Based Imputation, MNAR Assumption)

For subjects classified as ICE-1, all endpoint values collected after the occurrence of the intercurrent event were set to
missing, regardless of whether observations were available. This was done to ensure alignment with the estimand
definition.

Post-ICE missing values for ICE-1 subjects were then imputed using a control-based multiple imputation approach
implemented under a controlled Missing Not At Random (MNAR) framework. This strategy reflects the assumption that,
following treatment discontinuation due to adverse events or lack of efficacy, subjects would behave similarly to those
in the reference (control) group.

The control-based strategy was operationalized by estimating imputation model parameters using reference arm
observations only, consistent with a pattern-mixture formulation of controlled MNAR imputation.

s=icel in out=icel out nimpute
7 Imputation ;
5 <Any Categorical Covariates>;
g reg(/details) ;
- <Covariates>;
lel<Visits to be analyzed in MMRM>/ mode 5= (<Treatment>='1"));

Step 4: Handling of ICE-2 (Treatment Policy Strategy)
For subjects classified as ICE-2, missing endpoint data were imputed under a treatment policy strategy. Under this

assumption, outcomes following treatment discontinuation are considered reflective of the treatment effect, and
therefore imputation was performed using standard monotone regression methods under a MAR framework.

This approach preserves post-ICE data behavior consistent with the treatment policy estimand.

a=DATA ICE2 IN out=DATA ICE2 OUT
Any Categorical Covariates>;
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/1 <Covariates>;
BY IMPUTATION ;
RUN;

Step 5: Final Analysis and Statistical Inference

The primary efficacy analysis was performed on the multiple imputed datasets generated across all imputation steps
and intercurrent event categories. Analysis-ready datasets were constructed for each imputation replicate, preserving
the multiple imputation structure.

Within each imputed dataset, the primary endpoint was analyzed using a Mixed Model for Repeated Measures
(MMRM), including fixed effects for treatment, visit, and treatment-by-visit interaction, with baseline endpoint value
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included as a covariate. An unstructured covariance matrix was used to model within-subject correlations, and statistical
inference was based on Kenward—Roger degrees of freedom.

mproc mixed data mixed ing;
by _dmputation
<Any Categorical Covariates>
<Endpoint> =
1 <Visit>/ tvype S
<Treatment>*<VvVisit> /

[XI
[XI
[x,
[x,

Ilsmeans=1smeans lsmestimates=lsmestimates;

Treatment effect estimates and associated standard errors obtained from the MMRM analyses were subsequently
combined across imputations using Rubin’s rules, as implemented via PROC MIANALYZE, to derive overall point
estimates, confidence intervals, and p-values that appropriately reflect uncertainty due to missing data.

s <Treatment>*<Visit>;
ParameterEstimates=lsmeans params;

Methodological Considerations

This stepwise imputation framework explicitly separates intermittent missingness from post-intercurrent event
missingness and applies distinct assumptions aligned with the estimand framework. By implementing MAR-based
imputation for intermittent missing data and estimand specific controlled imputation for post-ICE data, this approach
enhances transparency, interpretability, and regulatory acceptability of missing data handling.

During implementation of the MCMC based imputation, warnings related to covariance matrix singularity were
observed, indicating numerical instability in the initial model specification (see Appendix A).

Programming challenges faced while performing analysis

During implementation of the MCMC-based multiple imputation step, model convergence warnings were observed,
indicating singularity in the estimated covariance matrix. Such warnings typically arise when linear dependencies or
near perfect correlations exist among covariates, or when limited variability is present within subsets of the data used
for model estimation.

To address this issue, the set of covariates included in the MCMC imputation model was simplified to retain clinically
relevant and prognostically important variables while excluding redundant or highly correlated covariates. This
refinement improved numerical stability of the estimation process and ensured successful convergence of the MCMC
algorithm without altering the underlying imputation assumptions.

This pragmatic adjustment reflects common best practice in multiple imputation implementations and supports robust
and reproducible estimation while maintaining alignment with the estimand framework.
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Explicit ADaM derivations were added to align with the statistical analysis plan. This allows for traceability from the
planned analysis documentation to the program code.

CONCLUSION

This work demonstrates a structured, estimand-aligned multiple imputation approach for handling missing data arising
from intercurrent events. By separating intermittent missingness from post-intercurrent event missingness and applying
tailored imputation strategies, the proposed framework improves transparency, traceability, and regulatory acceptability.
The stepwise implementation provides a practical blueprint for translating estimand concepts into reproducible analysis
workflows using standard statistical tools.

Appendix A: MCMC Diagnostics and Convergence Assessment

The following SAS® log excerpt illustrates the covariance matrix singularity warning encountered during the initial
MCMC based multiple imputation step, prior to covariate simplification. The warning occurred due to the higher linear
dependency and correlation between the analyzable columns.

NOTE: Writing HTML Body file: sashtml5.htm

WABNING: A covariance matrix computed in the EM process is singular. The linearly dependent variables
for the observed data are excluded from the likelihood function. This may result in an
unexpected change in the likelihood between iterations prior to the final convergence.

NOTE: The EM algorithm (MLE) converges in 22 iterations.

REFERENCES

Benton, A. L., Hamsher, K., Rey, G. L., & Sivan, A. B. (1994).

Multilingual Aphasia Examination (3rd ed.). lowa City, IA: AJA Associates.

Cui, L., Hung, H.M., Wang, S.J. (1999).

Modification of sample size in group sequential clinical trials. Biometrics. 55, 853-857.
Cummings J.L., Mega M., Gray K., Rosenberg-Thompson S., Carusi D.A., Gornbein J. (1994).

The Neuropsychiatric Inventory: comprehensive assessment of psychopathology in dementia. Neurology 44: 2308-
2314

Folstein M.F., Folstein S.E., McHugh P.R. (1975).

“Mini-mental state”. A practical method for grading the cognitive state of patients for the clinician. J Psychiatric
Research 12(3), 189-198.

Galasko D., Bennett D., Sano M., Ernesto C., Thomas R., Grundman M., et al. (1997).

An inventory to assess activities of daily living for clinical trials in Alzheimer’s disease. The Alzheimer’s disease
Cooperative Study. Alzheimer’s Disease and Associated Disorders, 11(S2), S33-S39.

Hughes CP, Berg L, Danziger WL, Coben LA, Martin RL. (1982).
A new clinical scale for the staging of dementia. Br J Psychiatry 140, 566-572.
Kordzakhia, G., Dmitrienko, A., Ishida, E. (2018).

Mixture-based gatekeeping procedures in adaptive clinical trials. Journal of Biopharmaceutical Statistics. 28, 129-
145,

McKhann, G.M,, et al. (2011).

Page 4 of 6



The diagnosis of dementia due to Alzheimer’s disease: Recommendations from the National Institute on Aging —
Alzheimer's Association workgroups on diagnostic guidelines for Alzheimer's disease. Alzheimer’s & Dementia: The
Journal of the Alzheimer’s Association 7, 263-269.

O’Brien, P.C. (1984).

Procedures for comparing samples with multiple endpoints. Biometrics. 40, 1079-1087.
Rosen WG, Mohs RC, Davis KL (1984).

A new rating Scale for Alzheimer’s disease. Am J Psychiatry 141:1356-1364.
Schneider LS, Olin JT, Doody RS, Clark CM, Morris JC, Resiberg B, et al. (1997)

Validity and reliability of the Alzheimer’s Disease Cooperative Study - Clinical Global Impression of Change. The
Alzheimer’s Disease Cooperative Study. Alzheimer Dis Assoc Disord. 11(2):S22-S32.

Strauss, E., Sherman, E. M. S., & Spreen, O. (2006).

Compendium of neuropsychological tests: Administration, norms, and commentary (3rd ed., p. 502). Oxford: Oxford
University Press.

The EuroQol Group (1990).

“EuroQol - a new facility for the measurement of health-related quality of life”. Health Policy (Amsterdam,
Netherlands). 16 (3):199-208.

Wassmer, G., Brannath, W. (2016).
Group Sequential and Confirmatory Adaptive Designs in Clinical Trials. New York: Springer.
Wimo A, Wetterholm AL, Mastey V, Winblad B. (1998).

Evaluation of the resource utilization and caregiver time in Anti-dementia drug trials — a quantitative battery. In: Wimo
A, Karlsson G, Jonsson B, Winblad B (eds). The Health Economics of Dementia, Wiley’s, London, UK.

Zarit, SH, Reever, KE, Back-Peterson, J. (1980).
Relatives of the impaired elderly: correlates of feelings of burden. The Gerontologist 20:649-655.

SAS/Stat(R) 9.3 user’s guide. (2011, July 15).
https://support.sas.com/documentation/cdl/en/statug/63962/HTML/default/viewer.htm#statug mi_sect017.htm

Li, P, Stuart, E. A, & Allison, D. B. (2015, November 10). Multiple imputation: A flexible tool for handling missing data.
JAMA. https://pmc.ncbi.nim.nih.gov/articles/PMC4638176/

Team, S. C. (2026, January 15). A guide to estimands in clinical trials. Quanticate.
https://www.quanticate.com/blog/estimands-clinical-trials

1 Ich E9(R1) estimands and sensitivity analysis in clinical trials. (n.d.).
https://database.ich.org/sites/default/files/E9(R1)%20Training%20Material%20-%20PDF _0.pdf

Page 5 of 6


https://support.sas.com/documentation/cdl/en/statug/63962/HTML/default/viewer.htm
https://pmc.ncbi.nlm.nih.gov/articles/PMC4638176/
https://www.quanticate.com/blog/estimands-clinical-trials
https://database.ich.org/sites/default/files/E9(R1)%20Training%20Material%20-%20PDF_0.pdf

CONTACT INFORMATION

Your comments and questions are valued and encouraged. Contact the authors at:
Author Name: lan Lees and Veera Thota

Company: MMS Holdings, Inc.

Address: 6880 Commerce Blvd. Canton, Ml 48187

Email: ilees@mmsholdings.com vthota@mmsholdings.com

Website: www.mmsholdings.com

Brand and product names are trademarks of their respective companies.

Page 6 of 6


mailto:ilees@mmsholdings.com
mailto:vthota@mmsholdings.com
http://www.mmsholdings.com/

	ABSTRACT
	INTRODUCTION
	Step 1: Derivation of Intercurrent Event Indicators
	Step 2: Imputation of Intermittent Missing Data (MAR Assumption)
	Step 3: Handling of ICE-1 (Control-Based Imputation, MNAR Assumption)
	Step 4: Handling of ICE-2 (Treatment Policy Strategy)
	Step 5: Final Analysis and Statistical Inference
	Methodological Considerations
	Programming challenges faced while performing analysis
	CONCLUSION
	Appendix A: MCMC Diagnostics and Convergence Assessment
	REFERENCES
	CONTACT INFORMATION



