
Found 3 Records
  
CONTROL ID:  3469555
PRESENTER:  Janice Lea Scealy
PRESENTER (INSTITUTION ONLY):  ANU
TITLE:  Directional mixed effects models for compositional data
ABSTRACT BODY: 
Abstract Body:  Compositional data can be transformed to directional data by the square-root transformation and then
modelled by using distributions defined on the hypersphere. One advantage of this approach over log-ratio methods is
that a small number of zero components are catered for naturally in the models. In many applications compositional
data can also be correlated due to the grouping of observations within clusters, e.g. longitudinal microbiome relative
abundance data. In this talk we review various parametric directional mixed effects models for compositional data and
discuss ways of handling many zeros in the data which commonly occurs in microbiome studies.
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TITLE:  Joint models for longitudinally measured multivariate categorical count data and a continuous outcome.
ABSTRACT BODY: 
Abstract Body:  Simultaneously modelling of multiple variables over time enables the assessment of the relationship
between an outcome variable and a second endogenous random variable while adjusting for confounders. A lot of
work has been done for a longitudinally measured continuous marker and a survival outcome. However only limited
work has been done for compositional count data as is the case in microbiome (MB) studies. 
Our work is motivated by a longitudinal study to the effect of the microbiome on cytokine responses in helminth
infected subjects in Indonesia. Using a linear mixed model a significant relationship between the ratio of Bacteroidetes
to Firmicutes counts and a cytokine response in uninfected subjects was found. However the used model does not
take into account the measurement error for the MB data. Moreover the model included only one of the MB
categories. To model multiple categories and the continuous cytokine jointly over time we propose two approaches,
namely the multivariate counts are modelled by a multinomial logistic mixed model (MLMM) or by a Dirichlet
multinomial mixed model (DMMM). The MLMM considers only normally distributed random effects while the DMMM is
a combined model and considers the Dirichlet distribution for the over dispersion and normally distributed random
effects for the correlation over time and between the outcome variables.
Our simulations showed that the joint models were more efficient than the simple linear mixed model. Fitting the joint
models to the data provided similar parameter estimates for the fixed effects and for the variances of the shared
effects which model the relationship between the MB and the cytokine response. When studying the marginal
correlation, it appeared that the MLMM better represented the observed marginal correlations than the DMMM. In
contrast to our earlier findings, the relationship between MB and cytokine was not significant when using the joint
model approaches.
AUTHORS/INSTITUTIONS:  J.J. Houwing-Duistermaat, Statistics, University of Leeds, Leeds, UNITED
KINGDOM|J.J. Houwing-Duistermaat, Biostatistics, UMC Utrecht, Utrecht, NETHERLANDS|I. Martin, Epidemiology
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TITLE:  Fast and accurate inference of Bayesian multinomial logistic-normal models with application to the analysis of
microbiome data
ABSTRACT BODY: 
Abstract Body:  Bayesian multinomial logistic-normal (MLN) models are attractive for the analysis of sequence count
data (e.g. microbiome or gene expression data) due to their ability to capture the complex covariance structure of
multivariate count data. However, existing implementations of MLN models are not scalable to large datasets.
Motivated by the need to develop efficient inference for Bayesian MLN models, we present two key ideas. First, we
introduce a class of models with flexible representations that make fast, step-wise inference possible. We demonstrate
that several powerful MLN models, including those with latent linear, non-linear, and dynamic linear structure, are
special cases of this class. Second, we develop an efficient inference scheme for these models with specific
accelerations for the MLN subclass. Through application to MLN models, we demonstrate the scalability of our
framework and explore its application in two real data settings - regression and time series analysis - where we
achieve orders of magnitude speed-ups relative to MCMC implementations.
AUTHORS/INSTITUTIONS:  K. Roche, Z. Holmes, L. David, S. Mukherjee, Duke University, Durham, North Carolina,
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