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Background and Objectives
Background

 Treatment response is a complex
phenomenon that is influenced by a variety

of factors, including patient characteristics.

 |dentification of characteristics that potentially
modify treatment effects can allow for
improved trial planning, recruitment,

and subsequent interpretation of results.

» Current approaches rely on patient
observations collected at a single timepoint
which may not fully capture the dynamic

nature of treatment response.

* Longitudinal responses, on the other hand,
afford the ability to consider full response
trajectories, giving a more comprehensive
understanding of treatment efficacy and

patient subgroups.

Objectives

* Describe a process to explore patient
characteristics that may be associated
with different longitudinal patterns of

response to the treatment.

» Use a longitudinal approach to consider

full trajectories of response.

Methods

Data simulation

* Treatment effects were simulated from three multivariate normal
distributions with different implied trajectories of treatment response

and associated patient characteristics.

Component Analysis

 Patient characteristics of interest were first used to derive new factors
using factor analysis of mixed data. The baseline characteristics used

to create the factors were age, time since diagnosis of disease, and sex.

Modeling

« A mixed model for repeated measures (MMRM?) with unstructured
covariance was then fit to model the treatment effects of the continuous
outcome across time with an interaction effect between the treatment, time,
and the resulting first principal components (PC1 + PC2). The model also
adjusted for baseline outcome. Flexible splines were applied to the factors
and time to capture non-linear trends in the trajectory of the response.
Given the MMRM, the marginal means were estimated and used to predict
individual treatment effects over time, based on their specific characteristics,

and the change from baseline at each time point was obtained.

Clustering

* The longitudinal changes in treatment effect were clustered using
a longitudinal k-means method?. The number of clusters was determined
by applying the elbow method to the log likelihood, BIC, and WMAE.
Individual predicted responses and mean cluster responses were
plotted and the patient characteristics from each cluster were summarized

in order to identify key differences between clustered trajectories.

Figure 1: Simulated treatment response trajectories
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Discussion
heterogeneity in longitudinal treatment effects

Abbreviations BIC = Bayesian information criterion; MMRM = mixed model for repeated measures; PC = principal component; SD = standard deviation; WMAE = weighted mean absolute error
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The combination of data reduction, flexible outcome models, and longitudinal clustering may be a useful tool for model-based exploration of
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