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Repeated Measures Method for Microbial Count Data
Microbiome research is moving to routinely take samples at multiple times in the same individuals making
this longitudinal or repeated measures data. Repeated measures is an attractive experimental design
model since it increases the power of detecting group differences, and allows one to detect changes
over time. Currently, no formal statistical hypothesis test for microbiome data repeated measures is
available even though a validated parametric test is likely going to be needed to get a product
though the FDA pipeline.
This technical report introduces a repeated measures analysis method for the microbiome data using
the generalized Dirichlet-multinomial model. We start by reviewing the concept of compositional data,
explain the challenge of the repeated data analysis, present the method, and illustrate its performance
in hypothesis testing using simulated data.

Compositional Data and DirichletMultinomial Distribution

Repeated Measures Concept and
Challenges

In microbiome studies, subjects’ samples are sequenced
and microbial communities are made available for analysis
as counts of taxa per sample. The data is compositional in
its nature. That is, the amount of taxa A is not independent
of the amount of taxa B. Once converted to proportions, the
total for all taxa adds to 100%. For example, if all but one
taxa equal 95%, then the remaining taxon must be 5% of the
total. If the abundance of one taxa increases, the abundance
of one or more other taxa will decrease.

Once data is collected at different times on the same subject,
the data becomes more complicated to analyze. First, the
data within subjects is not independent (i.i.d., Shannon,
2017b) making classical tests that assume independence
(e.g., t-tests or analysis-of-variance) incorrect. Second, the
analysis needs to consider both between-subject differences
and within-subject differences (Anderson, 1984; Timm, 2002)
or the statistical results will be wrong.

A standard method of multivariate analysis for analyzing count
data is the Multinomial model. However, microbiome data
has higher between subject variation (overdispersion) than
is expected in the Multinomial model. The between subject
variation refers to the difference in microbial composition
between different subjects in a sample. Overdispersion is
common in ecological data. In the presence of overdispersion,
the Dirichlet-Multinomial distribution is used. In 2012, the
application of DM distribution to the microbiome data with
formal tests hypotheses comparing microbiome in different
groups (e.g., healthy/sick) was developed (La Rosa et al.,
2012). The method has since been successfully applied
to a variety of microbiome data sets (La Rosa et al. 2014,
Warner et al. 2016, Blount et al. 2017). Two statistics define
the distribution – average proportions of taxa across all
subjects (like mean in classical statistics) and overdispersion
(a measure of between samples variation, similar to variance
in classical statistics).
We have recently extended this model to repeated measures
microbiome data.

The within-subject differences are important to understand,
and refers to the fact that a person’s microbiome composition
at any time point is correlated with his/her microbiome at
other times (if someone had a lot of taxa A yesterday, they
are likely to have a lot today). While some changes will occur
within an individual, the tendency to have similar data must
be considered.
In classical statistics where the outcome is a number, methods
for repeated measures have been well-developed and in
use for a long time such as mixed models (Holden et al
2008). However, these methods do not work with longitudinal
microbiome compositional data requiring a new model to be
developed.

Repeated Measures for Microbiome
Data
In microbiome repeated measures data, each time point can
be viewed as a table of taxa counts for subjects in each
group. Figure 1 shows this for a hypothetical dataset where
samples have been collected at 3 time points. The rows of
each barplot are the subjects, and the color bars are taxa
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studies is discussed in detail for biologists in chpt 6 of
Metagenomics for Microbiology.
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The data was simulated as follows. Consider two groups
of subjects, say Treatment and Placebo, measured at 3
time points. Time 1 is baseline, with no difference in the
microbiome between the two groups. In Experiment 1 (null),
the microbiome stays the same in the two post-baseline
timepoints. This is shown in the top 3 plots of Figure 2 where

Figure 1

proportions. Note the colors across the time points always
represent the same taxa. The figure shows how individual
taxa change in subjects indicated by the changing lengths
of the colored bars.
Here we describe the repeatDM algorithm for fitting
microbiome repeated data. repeatDM is a test of hypothesis
comparing two groups where the microbiome is measured at
multiple times in the subjects. It is based on the generalized
Dirichlet-Multinomial model (Wilson and Chen, 2007) that
does two things necessary for this analysis. First, it accounts
for the overdispersion. Second, it accounts for the nonindependence of samples from the same subject. In a simple
example, suppose patients are randomized to placebo or
treatment, and their microbiomes measured multiple times
during the study. repeatDM allows us to test and calculate
a P value for the null hypothesis that the microbiome is the
same in the two groups at all time points (i.e., treatment
does nothing to change the microbiome composition).

Properties of a Valid Statistical Test
Statistical tests are powerful because we can know the
Type I and II error, can calculate sample sizes and power
based on the test and the hypothesis, and because they
automate the decision making (e.g., P < 0.05 means the
groups are significantly different). In the following sections
we test repeatDM using simulated data to make sure it
produces the right results.
When there is no difference between groups (the null
hypothesis), the p-value is known to fall anywhere between
0 and 1 at random. If you run the experiment over and over
under the null, and plot the P values, they would show a
uniform distribution. This is tested in Experiment 1.
When there are differences between groups (i.e., the
alternative hypothesis), P < 0.05 will occur at the same
rate as the power. If power was set at 80%, then 80% of
the P values would be less than 0.05, and 20% above 0.05.
This is tested in Experiment 2.
Determining the power and sample size for microbiome
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the X axis are the taxa, the Y axis are the proportions of each
taxa, the two lines are the groups, and the three plots in
the column are the time points. In Experiment 2 (alternative
hypothesis), the microbiome changes in the Treatment group
(blue line), shown in the bottom three plots of Figure 2.

Experiment 1: No Group Difference
The simulation was repeated 10,000 times with three sample
sizes of 20, 60, and 100 subjects per group, and the p-value
from repeatDM recorded. As expected, the P values showed
a uniform distribution between 0 and 1 for all three sample
sizes (Figure 3).

called the effect size, and is defined for microbiome studies in
both La Rosa and Izard. The larger the effect size, the fewer
number of samples needed to find a statistical difference.
In Experiment 2 the effect size between the two groups at time
2 and 3 was set at small, medium, and large. Three sample
sizes were tested at
N = 25, 100, and
200. The process
was
repeated
10,000 times and
the repeatDM P
value
recorded.
Power is defined Table 1
as the proportion of
P values < 0.05. Table 1 shows the power behaving as
expected, with power increasing with both an increase in N
and/or an increase in effect size.

Conclusion
In this Technical Report we present a new fully parametric
method of analyzing repeated measures microbiome data
which is called repeatDM. While the theoretical development
shows the statistical test is correct (manuscript to appear),
this Technical Report shows two simulations which confirm
that the test is behaving as expected under the null and
alternative hypotheses.

Figure 3

Experiment 2: Group Difference
Under the alternative hypothesis, there is a difference between
the two groups. The amount of difference between groups is

A second Technical Report is being written in collaboration
with Rebiotix Inc. where repeatDM is applied to real data
for illustration.
For more information and software please contact bill@
biorankings.com

BioRankings’ Technical Report Series
BioRankings’ mission is to help biomedical researchers move their technology from the lab to clinical
applications using statistically valid analytical tools for efficient study designs, correct data analyses and
conclusions, and rigorous and objective decision making for designing follow-up studies and eventual
FDA approval.
To help achieve its mission, BioRankings publishes a Technical Report series focused on applying various
statistical methods to real data analyses. Written for understanding by scientists and administrators,
these reports will provide an intuitive understanding of the analyses leaving the statistical details to
other publications.

For more information, contact BioRankings
at 314-704-8725 or bill@biorankings.com.
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