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Progress in high throughput sequencing has facilitated the conduct of large scale microbiome

profiling studies which have already begun to elucidate the role of microbes in many disorders

and clinical outcomes. Despite the many successes, statistical analysis of data from these

studies continues to pose a challenge. In the thesis, we proposed methods to study two

specific challenges: batch effects and integrative analysis of microbiom and other -omics

data. Both issues are increasingly relevant problems. As studies get larger, batching becomes

inevitable and integrative analysis is imperative for gaining clues as to the mechanisms

underlying discovered associations. The thesis is composed of two projects. In the first

project, we compared six existing batch correction methods for microarray data when applied

to microbiome data. Two real microbiome data sets were used to evaluate the performance

using data visualization and several evaluation metrics. Our results suggest that an empirical

bayes approach (ComBat), when applied appropriately, can outperform other methods. In

the second project, we proposed a robust microbiome regression-based kernel association test

(MiRKAT-R) to screen a large number of genomic markers for association with microbiome

profiles. This approach utilizes a recently developed robust kernel machine test. We further

propose to incorporate an omnibus test that simultaneously considers different models so as to

allow for different relationships between the individual markers and microbiome composition.

Systematic simulations and applications to real data show that the MiRKAT-R improves

both type I error control and power.
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Chapter 1

INTRODUCTION

1.1 Microbiome Data

The human body is inhabited by a complex microbial community called the human microbiome

[54]. Although primarily composed of bacteria, the microbiome also includes archaea, fungi,

and viruses. Recently, profiling of the organisms comprising the human microbiome has

been made possible through developments in next generation sequencing technology. High

throughput microbiome profiling studies have now identified associations between microbiome

composition and a wide range of human disease and traits including cancer, HIV, menopause,

blood pressure, and others [50, 20, 43, 53].

Two technologies are commonly used for bacterial microbiome profiling: amplicon sequenc-

ing of the 16s rRNA gene (often referred to as 16s sequencing) and shotgun metagenomic

sequencing [18, 29]. 16s sequencing involves amplifying and sequencing variable regions of

the 16s rRNA gene which is ubiquitous across bacterial species, but hypervariable regions are

heterogeneous across taxonomic categories allowing for identification of different bacterial

taxa [27]. Traditionally, the 16S rRNA sequence reads are either mapped to an existing

phylogenetic tree in a taxonomic-dependent way or clustered into operational taxonomic

units (OTUs) at a certain similarity level — 97% similarity corresponds approximately with

known species. More recently, an alternative has also been to use exact sequence variants as

an alternative to OTUs [5]. References are used to assign taxonomic names related sequences.

Shotgun metagenomic sequencing differs from 16s sequencing in that all DNA within a sample

is sequenced rather than specific regions. Taxonomic profiling is again possible to identify

the bacterial taxa present (possibly with higher resolution), but a separate advantage is that

by mapping to appropriate references, the gene contents of the microbiomes are also made

available, enabling functional analysis. This thesis focuses primarily on issues surrounding

taxonomic profiling, i.e. abundances of bacterial taxa comprising the microbiome.
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1.2 Statistical Analysis of Microbiome Data

Following sequencing and usual bioinformatics pipelines, a common starting point for down-

stream analysis are bacterial count tables in which the total reads for each taxon are available

for each sequenced sample. Subsequent down stream analyses include standard statistical

objectives including exploratory analysis and visualization, correlative association studies,

biomarker identification, and development of prediction and classification models.

In contrast to other areas of genomics, achievement of these objectives can be challenging

due to the characteristics of microbiome data. Firstly, the microbiome data are heavily

zero-inflated: the read counts are zero for many low frequency taxa. The sparsity reduces

power, challenges distributional assumptions, and makes more sophisticated modeling hard.

Secondly, in order to normalize for library size (different total numbers of reads per sample),

the microbiome data are often compositional, which means there are constraints on the sum

of the abundances for each individual. For example, to account for different total number

of reads, one may choose to divide by the total read count for each sample such that the

measurement for each taxon on an individual add to one (representing relative abundance).

Thirdly, the microbiome data are high-dimensional. For each sample, there may be reads for

hundreds to thousands of microbes. Finally, the data tend to be highly structured: microbial

communities are highly connected from a functional perspective, a co-occurence perspective,

and a phylogenetic perspective. Due to these collective challenges, standard statistical analysis

methods may not be appropriate, particularly as there are also analytic objectives that are

reflect objectives from the varied fields that have converged upon microbiome (epidemiology,

microbiology, ecology, etc.). New approaches are constantly needed.

Currently, different groups and projects approach microbiome analysis very differently,

depending on both the study objectives as well as conventions. On the correlative and

association analysis front, common modes of analysis are individual taxon analysis. Within

individual taxon analysis, the association between each taxon and a variable of interest

(outcome or exposure) is assessed, one-by-one. The taxon measurement can be on the count

scale, in which count-based methods are used [42, 37, 61]. More commonly, however, the

data are normalized and/or transformed. The data can be normalized to many different

quantities including total abundance, cumulative sums [45], or to the abundances of other

taxa [39]. Compositional transformations such as center log-ratio transforms are often useful

for mitigating compositional effects [1, 15]. Then one could apply standard statistical tools,

e.g. t-test or Wilcoxon test, or more sophisticated tools. Different approaches have been



3

found to be optimal under different situations [55]. After obtaining a p-value for each taxon,

multiple testing adjustments are applied. Common adjustments include false discovery rate

control using Benjamini-Hochberg method [4] as well as tailored approaches [57, 22].

An alternative to individual taxon level analysis is community level analysis using beta

diversity metrics, wherein overall microbiome composition is studied in relation to individual

variables or outcomes [33, 53]. Focusing on overall composition provides a holistic view

that emphasizes global community structure. Statistically, this facilitates identification of

systematic community shifts, accommodates correlation among taxa, and harnesses phyloge-

netic relationships. The strategy often enjoys improved power over individual taxon analysis

through reduced multiple testing burden and the ability to aggregate modest effects, e.g.,

when multiple taxa have individually modest, but concerted, effects [31]. Community level

analysis often involves constructing a matrix of pairwise dissimilarities between communities

[38, 7, 47]. Then, the top principal coordinates may be used for quantitative analysis, or

the entire dissimilarity matrix can be tested for association with the outcome using methods

like PERMANOVA [2]. Recently, the MiRKAT family of approaches was developed as a

generalization of PERMANOVA that better allows for covariate/confounder adjustment,

complex outcomes, and accommodation of multiple candidate dissimilarities [62, 59, 46].

A simpler alternative to beta-diversity analysis is alpha-diversity analysis which focuses

on within-sample diversity. Then for each sample, a measure of the intrinsic diversity of

the profiled community is obtained (e.g. richness, Shannon entropy, Simpson index, etc.).

The alpha diversity is a univariate variable which can then be assessed for association with

outcomes.

1.3 Outstanding Challenges: Batch Effects and Multi-Omic Analysis

Besides the statistical challenges for microbiome data analysis we mentioned above, there are

also other challenges. In the following two part, we will talk about the batch effects and the

problems we will fact for association test between microbiome composition and genomic data.

1.3.1 Project 1: Batch Effects

A central challenge of modern microbiome studies, particularly as sample sizes increase,

is the issue of batch effects, which are systematic differences between samples in a study

arising from differential sample or data processing [49]. Batch effects are ubiquitous across

all areas of genomics and are induced when samples are processed under different settings.
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Sources of batch effects include the different experiment times, processing sites, reagents and

platforms. Since hundreds of samples may be needed for most studies, batch effects are almost

inevitable because of technical and time constrains [11]. Batch effects can simultaneously

lead to spurious findings or obfuscate true signals. Correction for batches is imperative for

drawing accurate inference.

Despite the importance, little has been done on studying batch effects and computational

corrections within the context of microbiome data. Therefore, in Project 1 of this thesis, we

examine batch correction methods used within other contexts (particularly gene expression

analysis) and assess their utility for microbiome sequencing data using real data sets.

1.3.2 Project 2: Multi-Omic Analysis

Despite the plethora of associations between microbiome and outcomes, the specific mech-

anisms by which the microbiome influences these conditions and health outcomes remain

unclear. To this end, many studies are now interested in integrating other types of genomic

data such as metabolomics [41], gene expression [44], and DNA methylation [12] into micro-

biome studies. These other genomic markers can serve as intermediaries between microbiome

composition and outcomes and may provide clues as to the specific manner by which microbes

drive subsequent processes and disease.

Recognizing that integrative analysis represents a broad, multi-faceted objective, we focus

particularly on the problem of community level analysis. Specifically, in Project 2, we consider

the problem of community level analysis of microbiome data with a large number of genomic

outcomes. We adapt robust kernel-based strategies to rapidly screen a large number of

individual genomic markers for association with microbiome composition at the community

level.
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Chapter 2

ASSESSMENT OF BATCH CORRECTION PROCEDURES
FOR MICROBIOME PROFILING STUDIES

Batch effects are not unique to microbiome data and pose a challenge in everything from

proteomics [3] and gene expression studies to DNA methylation. Correction procedures are

commonly applied within these other -omics studies and have been found to be useful in

mitigating batch effects [30]. The earliest approaches were based on scaling and centering

data relative to batches – depending on the scale of the data being examined. For example,

mean-centering (via PAMR) centers the mean of each batch to zero [51]. Extending these

are approaches that involve estimating batch effects which are then regressed out using

simple linear models (e.g. limma [52]). Later, more sophisticated approaches were developed,

including the popular ComBat method [23] which represents the standard for gene expression

and is also commonly used for DNA methylation data. ComBat also estimates the batch

effect, but uses an empirical bayes approach which allows for estimation of the effect of batch

on a particular feature while harnessing the other features under consideration. Ber is based

upon an extension of the model used by ComBat for the estimation and removal of the batch

effects using a two-stage regression procedure [19].

The limited work on microbiome data has focused on strategies that correct for batch

effects at the association step [13] and in some cases require case-control designs [17]. Yet,

it would be of considerable interest to develop a strategy that allows for general removal as

association analysis is not necessarily the end goal. Additional objectives such as clustering,

visualization, or prediction would benefit from such general batch adjustment. On the other

hand, while little has been developed specifically for microbiome data, a range of batch

correction procedures have been developed for other genomic data types. Whether these

approaches are appropriate for microbiome data remains unclear and as the application of

these approaches to microbiome data has not been systematically investigated.

The objective of this project is to fit this critical gap in the literature and systematically

compare the performance of traditional batch effect removal methods when applied to

microbiome data. We particularly choose to use two real data sets on which to benchmark
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comparisons. In the first data set constitutes a set of samples from the Mid-Western

Reference Panel (MWRP) [10]. These samples were re-processed and re-sequenced multiple

times separately, effectively creating several batches. Thus, we apply different batch correction

procedures and then assess the ability of the removal approaches in terms of maximizing

reproducibility of abundances across batches for replicated samples. The second data set is

from a large scale microbiome-cardiovascular health study which included three sequencing

batches [53]. In addition to visualization, we assess variability resulting from batch effects

and compare the performance of existing approaches for removing the batch induced variation

though inclusion of outcome measurements.

2.1 Data normalization and Batch Correction Methods

In this section, we first describe two approaches for normalizing the data (prior to correction)

followed by several batch correction approaches that we choose to compare. We then briefly

describe the metrics for assessing batch correction performance.

2.1.1 Data normalization

Data normalization and transformation are necessary for accommodating different library

size and variance stabilization.

Notationally, let Ỹih represent the raw count value for taxon h and sample i where

h ∈ 1, . . . , H and i ∈ 1, . . . , n.

Log relative abundance transformation (LRA)

The LRA transformation is given by

LRA(Ỹih) = log

(
Ỹih + 1∑H
h=1 Ỹih + 1

)

Under LRA, each taxon for each individual is scaled by the total count for the individual.

Then the log transformation is used to reduce the impact of heavy tails. Since microbiome

data is zero-inflated, we add one to every value in OTU table before taking LRA transform.
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Centered log ratio transformation (CLR)

Although relative abundance is an interpretable quantity, it is subject to severe compositional

effects. In short, a single highly abundant taxon could significantly drive the relative

abundances of other taxa. As an alternative, instead of using the total abundance, the

geometric mean can also be used in the denominator (preceding log-transformation). This is

know as the CLR transformation [1] and is given by

CLR(Ỹih) = logỸih −
1

H

H∑
h=1

logỸih

Since microbiome data is zero-inflated, we added one to every value in OTU table before

taking CLR transform. In addition to addressing some compositionality concerns, CLR

transforms often encourage distributions to look more normal.

2.1.2 Batch effect correction methods

We considered 6 batch correction methods in our comparison study. Yijg and Yijg∗ represents

the normalized/transformed abundance of taxon g for sample j from batch i respectively.

Mean-centering Method

Yijg∗ = Yijg − Ȳig

Mean-centering method (PAMR) [51] does a taxon-wise one-way ANOVA adjustment. By

subtracting mean abundance of each taxon within each batch from all measurements in

that batch, each batch have zero means after adjustment. It is implemented in the pamr R

package.

Regression method

Limma [52] fits a linear regression model to the whole experiment data, including both batch

and other covariates like treatment, then removes the component due to the batch effects by

subtracting estimated batch coefficients. It is implemented in the limma R package.
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Model-based location/scale adjustments

ComBat and ber are both based on location-scale model, which assume that the batch effects

can be modeled by standardizing means and variances across batches, but they use different

methods to estimate the location-scale (L/S) parameters. ComBat uses an Empirical Bayes

method to borrow information between genes. The steps of implementing ComBat are as

follows [23]:

1. Define an L/S model:

Yijg = αg +Xβg + γig + δigεijg

where αg is the overall abundance, X is a design matrix, and βg is the vector of regression

coefficients corresponding to X. γig and δig represent the additive and multiplicative

batch effects of batch i for taxon g. εijg follows a normal distribution with mean zero

and variance σ2
g .

2. Standardize the data: The standardized data Zijg is calculated by

Zijg =
Yijg − α̂g −Xβ̂g

σ̂g

3. L/S parameters estimation: We assume

Zijg ∼ N(γig, δ
2
ig), γig ∼ N(Yi, τ

2
i ), δ2ig ∼ InverseGamma(λi, θi)

The hyperparameters are estimated empirically from standardized data using the method

of moments. Non-parametric priors are used in ComBat non-parametric method. The

EB estimates of γig∗ and δ2ig∗ are given by the conditional posterior means.

4. Adjust the data: The EB batch-adjusted data can be calculated by

Yijg∗ =
σ̂g
ˆδig∗

(Zijg − ˆγig∗) + α̂g +Xβ̂g

It has been shown that ComBat is more robust compared to other methods when sample size

is small. ComBat is implemented in the sva R package.
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Ber was developed as an extension of ComBat and uses a two-stage regression procedure

to estimate the location and scale parameters of normalized data [19]. In the first stage, the

location parameter is estimated using linear models on observed abundance levels including

batches and other variables of interest as covariates. At second stage, scale parameter is

estimated at second stage on the squared residuals produced in the first stage using linear

model. In ber-bg method, bagging estimators are produced using bootstrap samples with

replacement. Ber has low computational cost and also has computational advantange in high

dimensional low sample size situation. Ber is implemented in the ber R package.

2.1.3 Evaluation of batch effect removal effectiveness

Here, we briefly describe different strategies for assessing the effectiveness of batch removal

approaches.

Visualization and Principal Coordinates Analysis (PCoA)

Principal Coordinates Analysis (PCoA) was applied to raw and adjusted CLR, RA, LRA

data of two data sets. We made multidimensional scaling (MDS) plot using the first two

principle components to visualize the effectiveness of batch effect adjustments. We evaluated

the performance of correcting means and scale by looking at the location and variance of

each batch in MDS plot.

Correlation Between Replicate Pairs

When samples have been profiled more than once, across batches, a natural approach is to

assess the correlation in the taxon abundances across the batches. Higher correlation suggests

better reproducibility across batches. In many ways, these metrics are closer to the ideal, but

require replicates across batches.

Principal Variance Component Analysis (PVCA)

Principal Variance Component Analysis (PVCA) integrates principal component analysis

and variance components analysis. It can be used to quantify the proportion of variation

attributable to each effect [32]. PVCA has four steps: 1) Perform PCA to get the first few

principal components; 2) Fit a mixed model to each principal component with all variable of

interest as random effects and any nuisance factors as fixed effects; (3) Average the estimated
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variance components with their corresponding eigenvalues as weights; (4) Standardize the

weighted average variance components estimates by dividing by sum. By conducting PVCA,

we can get the proportion of variation induced by variable of interest, batch, the interaction

between variable of interest and batch and residual. PVCA is implemented in the pvca R

package.

Separation Score

Separation score measures the degree of separation between batches. Suppose there are two

batches j and j∗, for each observation in batch j, its k nearest neighbours are determined with

respect to euclidean distance. Then the proportion of nearest neighbours belonging to batch j

is calculated. MSj is the average of nj proportions. We define Sj = |MSj−nj∗/(nj+nj∗−1)|,
which measures the absolute difference between MSj and its value expected in the absence

of batch effects. Separation score is calculated as the average of Sj and the corresponding

quantity when the roles of j and j∗ are switched. When there are more than two batches, we

first calculate the separation score between all pairs of batches, and then take the weighted

mean with weights proportional to sample sizes. We’d expect adjusted data to have lower

separation score [21]. Separation score is calculated in the bapred R package.

2.1.4 Data Set Description

Two real data sets with batch effects were used. The first was the MWRP data set, which

is comprised of 255 samples with 3139 taxa from three batches. 118 of the samples were

from batch 1. There were 40 samples in the second batch and 97 samples in the third batch.

Many samples in MWRP data set which were processed more than one time. 234 out of 255

observations are replicates from 97 samples in this data set. We will calculate the correlations

between the replicates later.

The second data set is from a microbiome sub-study of the CARDIA cohort (referred to

as the CARDIA data set). In this sub-study of, 530 samples with 379 features from three

batches. There were 87 samples in batch 1, 88 samples in batch 2, 89 samples in batch 3

and 4, 94 samples in batch 5 and 83 samples in batch 6. The indicator of hypertension was

chosen as variable of interest. There’re 185 samples with hypertension out of 530 samples.
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2.2 Results

2.2.1 MWRP data set

Principal Coordinates Analysis

Based on MDS plots we produced, for raw data, we can see batch 2 and 3 were very similar

while batch 1 was far away from batch 2 and 3. Also, the variance of batch 1 was much larger

than batch 2 and 3. After adjustments, three batches came together. Basically, all batch

effect removal methods removed batch effects more or less while ComBat-p, ComBat-n, ber

and ber-bg outperformed other methods. When applied to CLR data, limma and PAMR

were both good at correcting the mean but bad at correcting scale, which performed better

than ratio-based methods. ComBat-p, ComBat-n, ber and ber-bg were good at correcting

both the mean and scale. When applied to LRA data, limma and PAMR were both good at

correcting the mean but bad at correcting scale. Other methods performed pretty well in

LRA data.

Correlation of Replicates

transformation CLR LRA
method correlation percentage(%) correlation percentage(%)

raw 0.8429 0.8429
ComBat p 0.9044 7.30 0.9028 7.11
ComBat n 0.9016 6.96 0.9026 7.08

PAMR 0.5572 -33.89 0.7377 -1.25
limma 0.8702 3.24 0.8702 3.24

ber 0.9003 6.81 0.9024 7.06
ber bg 0.9008 6.87 0.9027 7.09

Table 2.1: Correlations of replicates of raw CLR and LRA data and batch-corrected data
using ComBat-p, ComBat-n, PAMR, limma, ber and ber-bg for MWRP data set.

Pairwise Pearson’s correlations were calculated between the replicates. We’d expect

replicates to have higher correlation after adjustment. Based on the medians of correlations

of replicates, PAMR made the data worse after adjustments. ComBat-p, ComBat-n, ber and

ber-bg outperformed other methods where ComBat-p adjusted data had the largest median
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of correlations in both CLR and LRA data. Also, we could find the correlations of raw CLR

and LRA data were the same but adjusted LRA data is a little larger than adjusted CLR

data.

Separation Score

transformation CLR LRA
method separation score percentage(%) separation score percentage(%)

raw 0.2430 0.3653
ComBat p 0.0252 -89.63 0.0697 -80.92
ComBat n 0.0282 -88.40 0.0739 -79.77

PAMR 0.2955 21.60 0.3962 8.46
limma 0.4134 70.12 0.3962 8.46

ber 0.0391 -83.91 0.0805 -77.96
ber bg 0.0402 -83.46 0.0762 -79.14

Table 2.2: Separation score of raw CLR and LRA data and batch-corrected data using
ComBat-p, ComBat-n, PAMR, limma, ber and ber-bg for MWRP data set.

Based on separation score, we found ComBat-p, ComBat-p, ber and ber-bg performed

much better when compared to other methods. ComBat-p had lowest separation score in

both CLR and LRA data.

2.2.2 Cardia data set

Principal Coordinates Analysis

Based on MDS plots we produced, for raw data, we can see batch 6 is far away from other

batches. After adjustments, all batches came together. The variances of six batches were

similar. Basically, all batch effect removal methods remove batch effects more or less. Since

the variance of six batches were similar, Limma and PAMR performed better when compared

to data.obj data set. When applied to LRA data, all methods performed pretty well.

Proportion of variation induced by variable of interests

In Cardia data set, we regarded the indicator of hypertension as our variable of interest and

then estimated the proportion of variance contributable to hypertension using PVCA. For
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transformation CLR LRA
method PVCA percentage(%) PVCA percentage(%)

raw 0.0256 0.0256
ComBat p 0.0294 14.84 0.0295 15.23
ComBat n 0.0290 13.28 0.0290 13.28

PAMR 0.0279 8.98 0.0255 -3.91
limma 0.0279 8.98 0.0279 8.98

ber 0.0284 10.93 0.0284 10.93
ber bg 0.0285 11.33 0.0285 11.33

Table 2.3: Proportion of variation induced by variable of interest of raw CLR and LRA data
and batch-corrected data using ComBat-p, ComBat-n, PAMR, limma, ber and ber-bg for
Cardia data set.

CLR data, all methods improved the data after adjustments. For LRA data, all methods

except PAMR improved the data after adjustments. As a result, ComBat-p preseved more

biological signal of interest in both CLR and LRA data.

Separation Score

transformation CLR LRA
method separation score percentage(%) separation score percentage(%)

raw 0.2092 0.3653
ComBat p 0.0438 -79.06 0.0435 -88.09
ComBat n 0.0452 -78.39 0.0448 -87.74

PAMR 0.0584 -72.08 0.1583 -56.67
limma 0.0584 -72.08 0.0588 -83.90

ber 0.0360 -82.79 0.0361 -90.12
ber bg 0.0359 -82.84 0.0356 -90.25

Table 2.4: Separation Scores of raw CLR and LRA data and batch-corrected data using
ComBat-p, ComBat-n, PAMR, limma, ber and ber-bg for Cardia data set.

Based on separation score, we found ComBat-p, ComBat-p, ber and ber-bg performed

much better when compared to other methods in Cardia data set. Ber-bg had lowest separation

score in both CLR and LRA data.
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2.3 Remarks

We applied six batch effect removal methods to two real microbiome data sets to compare

the performance of traditional microarray batch effect removal methods when applied to

microbiome data. Although some methods performed well based on some evaluation metrics,

ComBat and ber outperformed other methods overall. Thus, we recommened ComBat and

ber for batch effect removal. Our study showed that the performance of batch effect removal

methods could be affected by many factors such as number of batches, sample size and number

of samples in each batch. More microbiome data sets with batch effect may be needed for

future comparision study. Our study also showed different data normalization methods could

affect the performance of batch effect removal methods. Since microbiome data has many

different features compared to microarray data, we can also expect new batch effect removal

methods tailored for microbiome data in the future.
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Figure 2.1: MDS plots of centered log ratio transformation (CLR) data and batch-corrected
data using ComBat-p, ComBat-n, PAMR, limma, ber and ber-bg for MWRP data set.
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Figure 2.2: MDS plots of log relative abundance transformation (LRA) data and batch-
corrected data using ComBat-p, ComBat-n, PAMR, limma, ber and ber-bg for MWRP data
set.
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Figure 2.3: MDS plots of Centered log ratio transformation (LRA) data and batch-corrected
data using ComBat-p, ComBat-n, PAMR, limma, ber and ber-bg for Cardia data set.
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Figure 2.4: MDS plots of Log relative abundance transformation (LRA) data and batch-
corrected data using ComBat-p, ComBat-n, PAMR, limma, ber and ber-bg for Cardia data
set.
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Chapter 3

SCREENING FOR ASSOCIATIONS BETWEEN
MICROBIOME COMMUNITY PROFILES AND A LARGE

NUMBER OF INDIVIDUAL GENOMIC OUTCOMES

Genomic markers can serve as important intermediaries between microbiome composition

and outcomes and may serve as markers of effect or provide clues as to the specific manner

by which microbes drive subsequent processes and disease. Consequently, identification of

genomic markers related to microbiome composition represents an important problem for the

field. Unfortunately, how to rapidly screen a large number of genomic markers for association

with microbiome community composition remains unclear. Individual taxon analysis is simple,

but is subject to multiple testing burden and also cannot capture important community level

effects. On the other hand, while community level analysis offers a number of attractive

features, existing approaches for community level analysis of the microbiome are not uniformly

applicable to analyses focused on screening large numbers of genomic markers.

Screening for community level associations between microbiome composition and many

genomic markers poses a grand challenge due to the high dimensionality and statistical

irregularities of the markers. Permutation-based approaches are computationally expensive,

often requiring hundreds of thousands of permutations to enable accurate p-value calculation

in the tails. Regression-based approaches such as MiRKAT can allow for rapid assessment

of associations, but the genomic markers often have poorly behaving distributions due to

heteroskedasticity and presence of outliers [25], which can lead to both false negatives and

false positives. Taking top principal coordinates for the community profiles for visualization

or association analysis can mitigate some concerns, yet presumes that the top coordinates

fully capture the variability of interest. These issues are often not of great concern when

examining a single outcome, as investigators can identify optimal transformations of the data

and conduct detailed analyses, but that is not possible when screening a large number of

markers.

Beyond the sometimes poor distributional behavior, a separate challenge is that the

manner in which a particular genomic marker is related to microbiome composition may differ
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from marker to marker. Given that there are a range of different dissimilarities that can be

used for capturing beta diversity, it becomes unclear which dissimilarity to use, since each may

be optimal for different markers. The alternative approach, testing multiple dissimilarities

for each marker, requires adjusting p-values to prevent inflated false positive rates; however,

residual permutation, as used in MiRKAT, and perturbation [56] are computationally slow

and therefore intractable in the present setting.

To facilitate rapid screening of individual genomic markers for association with microbiome

composition, we propose the robust MiRKAT (MiRKAT-R) strategy, which is not a new

method so much as a combination and translation of recent statistical developments to

the context of microbiome analysis. MiRKAT-R works within the kernel machine testing

framework [34], which underlies the MiRKAT family of methods, and incorporates a newly

developed robust regression strategy [40]. As in the existing MiRKAT, a marker is regressed

on covariates and a generally specified function of the microbiome profiles. This function,

called a kernel, is fully determined based on a measure of similarity between individuals’

microbiota. The kernel can be a transformation of existing distances and dissimilarities

that capture important structure in microbiome data, including presence-absence effects and

phylogeny. The regression framework enables rapid p-value calculation for the association

between composition and outcomes while adjusting for confounders. However, whereas the

usual MiRKAT and kernel machine framework uses a linear, least-squares, approach to regress

markers on microbiome, MiRKAT-R adopts the recently developed robust kernel machine

regression framework to regress the markers on beta diversity and obtain an analytic p-value

for association. Robust regression allows for highly irregular distributions for the genomic

markers while analytic p-value calculation ensures computational tractability. Furthermore,

since the relationship between each marker and the microbiota may be different (and therefore

better captured by different dis/similarity measures), we further develop an omnibus test

based on combining results across different measures by incorporating a newly developed

Cauchy-distribution transformation [36, 35] which precludes the need for permutation.

3.1 Robust Community-Level Testing for Microbiome-Marker Associations

We first briefly describe the MiRKAT framework [62] upon which our proposed methodology

relies, then present our proposed robust approach.
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3.1.1 MiRKAT Framework

Under the MiRKAT framework, we assume a microbiome study with n individuals. For each

individual i, yi denotes a particular genomic marker (we can consider each marker in turn),

Xi denotes a vector of covariates (e.g. age, sex, education, etc.) and Zi is the vector of

microbial abundances. Then the MiRKAT framework operates under the model

yi = β0 + β′Xi + h(Zi) + εi (3.1)

where β0 is an intercept, β is a vector of regression coefficients for additional covariates, and

εi is an error term with mean zero and variance σ2 (not necessarily normal). The relationship

between the microbiota, Zi, and genomic marker, yi, is encoded by the function h(·), which is

assumed to be a member of a reproducing kernel Hilbert space defined by a positive definite

kernel function K(·, ·). K(Zi,Zi′) is a measure of the similarity between subjects i and i′

based on Z and, importantly, fully specifies the relationship between y and Z. Computing

all pairwise similarities results in an n × n kernel matrix K with (i, i′)th element equal to

K(Zi,Zi′).

The matrix K may also be defined directly rather than through an explicit kernel function.

Leveraging this within the context of microbiome studies, it is often convenient to define a

matrix D of pairwise dissimilarities between individuals’ microbial communities, then use

the inverse relationship between similarity and dissimilarity to define the kernel matrix via

K = (I−11′/n)D2(I−11′/n). For example, D could be a matrix of Bray-Curtis dissimilarities

or UniFrac distances.

Because h(Zi) summarizes the association between the microbiome and the genomic

marker, testing for no association is equivalent to testing H0 : h(Zi) = 0. Through a

connection between kernel methods and mixed models, this can be done by constructing the

variance component score statistic

Q =
(y − ŷ0)

′K(y − ŷ0)

σ̂2
0

(3.2)

where ŷ0 = β̂0 +Xβ̂ with β̂0 and β̂ estimated under the null hypothesis, i.e. under the model

where h = 0. Under the null, Q follows a mixture of χ2
1 distributions which can be easily

calculated.
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3.1.2 Robust MiRKAT Framework: MiRKAT-R

Although the usual MiRKAT framework has been successfully applied across a number of

situations, genomic markers are frequently susceptible to problems such as outliers and

heteroskedasticity [14, 25, 16], which can lead to both false positives and false negative

findings. Therefore, we use the recently developed robust kernel machine approach [40] to

enable more robust analysis.

We estimate the main effects of the covariates under the null hypothesis as

[β̂0, β̂
′]′ = argmin

β0,β

n∑
i=1

φ(yi − β0 − βX′i)(3.3)

where

φ(x) =

{
1
2
x2 |x| ≤ k,

k(|x| − k
2
) |x > k

is the usual Huber’s M-estimation loss function for achieving robust regression. With this

[β̂0, β̂
′]′, we can again calculate the residuals under the null as ε̂. Then defining ui = ψ(ε̂i/ŝ)

where ψ(x) = d
dx
φ(x) and ŝ is the estimated scale parameter, we can calculate the score

statistic

Q̃ = u′Ku. (3.4)

The form of the test statistic in (3.4) is essentially the same as (3.2) except the OLS

residuals have been replaced by (scaled) residuals from the robust regression. In principle,

under the null hypothesis, Q should also asymptotically follow a mixtures of χ2 distribution.

However, the mixing weights can be difficult to calculate, and when the same size is modest,

the asymptotic distributions often do not work out well – the corresponding small sample

corrections developed for MiRKAT [8] do not work for MiRKAT-R.

Therefore, following [40] and [60], we use an alternative strategy. Specifically, we assume

that K is centered: if Korig is a non-centered kernel calculated from a particular dissimilarity

metric, the centered version is calculated as K = (I − 11′/n)Korig(I − 11′/n) . We can

re-write (3.4) as Q = u′Ku = tr(u′Ku) = tr([uu′]K) = tr(UK). If we further standardize,

then we have

Q̃ =
Q√

tr(U2)tr(K2)
=

tr(UK)√
tr(U2)tr(K2)

, (3.5)

which is equivalent to a kernel RV coefficient [48, 58]. We have previously generalized results
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from the RV coefficient literature [26, 24] to facilitate testing in the kernel RV framework [58].

Specifically, we can calculate the moments of the finite sample permutation distribution of Q̃

and analytically match these to the moments of a Pearson Type III distribution. Using the

Pearson Type III distribution, we can analytically obtain a p-value for testing H0 : h(Z) = 0.

In this manner, for a given dissimilarity matrix D and corresponding kernel K, we can

test the association between each feature and the microbiota embedded with K, followed by

appropriate control for testing multiple genomic features. However, in practice, choosing a

dissimilarity metric can be challenging.

3.1.3 Omnibus Testing Across Candidate Distances and Dissimilarities

Different dissimilarity and kernel metrics are optimal for detecting different types of re-

lationships. For example, unweighted UniFrac focuses on presence/absence of taxa while

incorporating phylogenetics, whereas the Aitchison distance focuses on quantitative abundance

without regard for phylogeny. Unfortunately, the best dissimilarity to use depends on the

true relationship between a particular marker and the microbiota, which is unknown a priori.

Prior knowledge of the true relationship would preclude the need for analysis. Although

permutation-based omnibus testing approaches have been proposed, these are impractical

when screening a large number of genomic markers: permutation is inherently slow and the

large multiple testing burden requires accurate p-values in the tails, which requires a large

number of permutations.

Following [36], we use the Cauchy combination test (CCT) to get combined p-values based

on individual p-values obtained from different dissimilarity and kernel matrices. Specifically,

we assume that there are k candidate dissimilarities and kernels with pi defined as the p-value

from using MiRKAT-R with the ith dissimilarity. To generate a final, combined p-value, the

CCT uses a linear combination of transformed p-values as the test statistic, which is

TCCT =
k∑
i=1

witan{(0.5− pi)π} (3.6)

where wi’s are nonnegative weights. Here we assign equal weight to each kernel metric.

The transformed p-value tan{(0.5− pi)π} is Cauchy distributed under the null hypothesis.

Therefore, based on the cumulative function of the Cauchy distribution, the combined p-value
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can be approximated by

p ≈ 1/2− arctan(T/w)/π (3.7)

where w =
∑k

i=1wi. The p-value is exact in the situation where the individual pi are

uncorrelated, but in practice, the p-values can be quite highly correlated as they are generated

from the same data. However, the remarkable result from using the Cauchy distribution is

that the heavy tails make it such that the test is robust to the presence of correlation in the

tails of the distribution (i.e., stringent significance levels). The CCT can poorly control false

positives when the significance level is not low, but since our focus is on large scale screens,

we are typically interested in much more stringent α levels.

3.2 Simulation Scenarios

Simulation studies were conducted under several simulation scenarios to verify that type I error

would be well controlled using robust MiRKAT with different kernels and to investigate the

power of omnibus robust MiRKAT. In addition to MiRKAT-R, we also consider application of

the original MiRKAT procedure as well as a quantile kernel machine test which uses quantile

instead of robust regression [28, 60], here refered to as MiRKAT-Q.

3.2.1 Simulations of Type I Error

We first simulated two covariates X1 and X2, where X1 is Bernoulli random variable with

success probability 0.5 while X2 is continuous and generated from the normal distribution.

Then a microbiome data set was simulated following Chen and Li’s general approach [9],

which bases simulation parameters on a real data set. Specifically, the dispersion parameters

and proportion means were estimated from Charlson et al.’s real upper-respiratory-tract

microbiome data set [6], which consists of 856 OTUs on 60 samples. We generated an OTU

table for the same 856 OTUs in a simulated data set from a Dirichlet-multinomial distribution

using the estimated parameters. Finally, we simulated outcomes from the standard normal

distribution and the t distribution with 2 degrees of freedom. In total, there are four sets

of simulated outcomes: normally-distributed outcomes with sample size 50 and 100, and

t-distributed outcomes with sample size 50 and 100. The type I error rate was estimated as

the proportion of p values less than significance level α, where α was set to be 0.05, 0.01 and

0.005.
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3.2.2 Simulations of Empirical Power

For power simulations, we generated the covariates X1, X2 and microbiome data sets as

before. Outcomes were generated according to one of two scenarios.

Under simulation scenario 1, the outcome was related to a cluster of taxa that depend

on a phylogenetic tree. All the OTUs were partitioned into 20 clusters by performing the

partitioning-around-medoids algorithm based on the cophenetic distances between taxa. A

relatively abundant OTU cluster was chosen to be related to the outcome. The outcome was

generated under the model:

yi = 0.5X1i + 0.5X2i + β scale(
∑
j∈A

Zij) + εi

where εi follows a t distribution with 2 degrees of freedom. Z denotes a vector of microbial

abundances. A denotes the indices of the OTUs in the selected cluster. The scale function

standardizes the OTU abundance in the selected cluster to have mean 0 and SD 1. β is used

to determine the effect size.

Under simulation scenario 2, the outcome was related to the ten most abundant OTUs in

all samples. The outcome was simulated under the model:

yi = 0.5X1i + 0.5X2i + β scale(
∑
j∈A

Zij
Z̄j

) + εi

where εi, Z, β, and the scale function are defined as before. Z̄j denotes the average read count

for the j-th OTU across samples, and A denotes the indices of the OTUs in the selected ten

most abundant OTUs.

We conducted power simulations using a series of β values to compare the power of

different tests under varied effect size. The empirical power of each test was estimated as the

proportion of p values less than 0.05.

3.3 Data Illustration: Microbiome vs. Gene Expression Data

The IBD data set is from an inflammatory bowel disease (IBD) study that aimed to examine the

association between host transcriptome and mucosal microbiome in patients with inflammatory

bowel disease [44]. Paired host transcriptome and microbiome data were collected from 255

samples. Among the 255 samples, 196 were pre-pouch ileum (PPI) samples and 59 were
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pouch samples. Expression levels for 19908 host transcripts and microbiome profiles with

7000 OTUs were measured for each sample. The IBD data set also contained other covariates

including antibiotic use (yes/no), inflammation score, and disease outcome. Out of the

19908 host transcript expressions, we selected 7963 transcripts with higher variability than

the remaining transcripts as outcomes. To test which of these were associated with the

microbiome, we regressed the 7963 transcripts on microbiome compositions and two binary

covariates including antibiotic use (yes/no) and PPI or pouch, separately. FDR control was

used to adjust the p-values for multiple testing. The significance level α was set to be 0.05.

3.4 Results

3.4.1 Type I Error Results

The empirical type I error rates of MiRKAT, MiRKAT-R and MiRKAT-Q based on different

kernels for t-distributed outcomes are shown in Table 1 for significance level α = 0.05, 0.01

and 0.005. As is shown in Table 1, different kernels based on different distances will produce

different type I error rates in the same test. When the outcomes are t-distributed, the type I

error rates of MiRKAT based on Aitchison distance are highly inflated, resulting in highly

inflated type I error of omnibus testing. Although the type I error rates of MiRKAT-R and

MiRKAT-Q are slightly conservative for omnibus testing, both MiRKAT-R and MiRKAT-Q

protect type I error rates much better compared to MiRKAT. The type I error rates of

MiRKAT-R and MiRKAT-Q match closely.

3.4.2 Power Results

The power results under simulation scenario 1 and scenario 2 are shown in Figure 1 and 2,

separately. From Figure 1.A and Figure 1.B, we can see the power produced by the same

test based on different kernels differs greatly. For example, using MiRKAT-R, the kernel

based on Bray-Curtis distance can produce highest power. However, the power produced by

unweighted UniFrac is very low due to the moderately high abundance of the associated taxa

(and resulting lack of information encoded in taxon presence/absence). The variations of

power between approaches based on different kernels indicate that a proper choice of kernel

is essential to have high power. A poor choice of kernel will lead to potentially substantial

power loss. As different kernels will produce different power and we don’t know which kernel

will perform best, we use omnibus testing to consider multiple kernels simultaneously.
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The power of MiRKAT and robust MiRKAT for omnibus testing under simulation scenario

1 is shown in Figure 1.B. Based on the plot, MiRKAT had the highest apparent power when

effect size is small. However, this is not a fair comparison as MiRKAT cannot correctly

control type I error with inflated false positive rate. Nonetheless, with increasing effect size,

the power of MiRKAT was exceeded by MiRKAT-R and MiRKAT-Q. Overall, MiRKAT-R

had highest power compared to the other approaches. MiRKAT-Q performed badly in power

simulations and only had fair power when effect size is large. This is unsurprising, as quantile

analysis effectively dichotomizes residuals whereas MiRKAT-R treats them continuously.

The results of power simulations under simulation scenario 2 are shown in Figure 2.B. As

before, MiRKAT appears to have high power, though this is driven by inflated type I error

rates and should be disregarded. For MiRKAT-R and MiRKAT-Q, which have correct size,

MiRKAT-R is uniformly more powerful under this situation.

3.4.3 Data Application Results

Table 3.3 shows the results of analysis of the IBD data set. The number of significant

transcripts found by each test can give insight into the power of each test. Among the

7963 transcripts, only 21 transcripts were showed significant by MiRKAT-Q, indicating the

low power of MiRKAT-Q, which is in accordance with the results of the power simulations.

The number of significant genes found by MiRKAT-R is 197, which is slightly larger than

the number found by MiRKAT (184), showing that MiRKAT-R has higher power. Overall,

looking at the number of significant associations for each method suggest that accommodation

of outliers in genomic outcomes can increase the power of MiRKAT.

In observing the number of genes called significant by more then one method: generally,

MiRKAT-R found most of the markers that were also called significant by MiRKAT and

MiRKAT-Q. However, MiRKAT identified 42 genes that were not found by MiRKAT-R.

These differences could be due to outliers that drive up false discoveries in addition to reducing

power.

3.5 Remarks

In summary, both MiRKAT-R and MiRKAT-Q can control type I error well, while MiRKAT

produces highly inflated type I error. MiRKAT-Q has the lowest power based on the results

of the power simulation and data application, and thus is not a good choice for association

testing. MiRKAT-R performed better under simulation scenario 1, while MiRKAT performed
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better under simulation scenario 2. Although the performance of MiRKAT is acceptable with

respect to the power simulations, it has the poorest performance in simulations of type I

error. Combining the results of the type I error and power simulations, we can conclude that

MiRKAT-R outperformed MiRKAT and MiRKAT-Q.

Although community level analysis using dis/similarities represents a powerful mode of

analysis for microbiome data, the high dimensionality and irregular distributions of genomic

data make existing approaches difficult to apply. Thus, in this paper, we have developed

MiRKAT-R, which rapidly regresses individual genomic markers on overall microbiome

composition summarized using dissimilarity measures. As a regression-based approach,

MiRKAT-R is faster than permutation-based strategies and allows for easy adjustment of

confounders. As a robust approach, MiRKAT-R accommodates outliers and heteroskedasticity

present in genomic outcomes, reducing false negatives and accurately controlling false positives.

A separate mode of analysis is to assess the global association between large numbers of

genomic markers, e.g., all transcripts in the transcriptome, and overall microbiome composition.

This approach can be more powerful than analysis of individual markers for the same reasons

that community level analysis can be more powerful than individual taxon level analysis.

However, a limitation is that no individual markers are implicated, making it potentially

difficult to interpret results and to design further studies interrogating the specific mechanisms

by which the microbiome may be influencing outcomes. This is also a limitation of community

level microbiome analysis, in that it is not possible to identify which individual taxa are

associated with the outcome. After identifying associated genomic markers, community level

microbiome analysis could be followed with individual taxon analysis to identify which taxa

are driving the association.

We have focused on summarizing the microbiome using distances/dissimilarities or kernels,

which do not consider the issue of compositionality, which is a central difficulty in analyzing

microbiome data. On the one hand, community level analysis is focused on looking for global

differences (whether there are any taxa related to the outcome), which theoretically mitigates

some of the issues underlying compositionality; on the other hand, recent work suggests that

compositionality may still be problematic. As our approach is largely generic, one could use

recently developed distances/dissimilarities that accommodate compositionality directly.
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Method α n KBC KWU KU KAL Combined

MiRKAT

0.05
50 0.051 0.050 0.049 0.050 0.059
100 0.051 0.050 0.050 0.050 0.058

0.01
50 0.0105 0.0107 0.0097 0.0101 0.0110
100 0.0104 0.0093 0.0100 0.0105 0.0110

0.005
50 0.0052 0.0048 0.0053 0.0047 0.0054
100 0.0053 0.0048 0.0047 0.0051 0.0055

MiRKAT-R

0.05
50 0.051 0.050 0.049 0.051 0.060
100 0.051 0.047 0.052 0.050 0.058

0.01
50 0.0110 0.0109 0.0103 0.0105 0.0124
100 0.0111 0.0104 0.0096 0.0104 0.0121

0.005
50 0.0055 0.0058 0.0051 0.0051 0.0065
100 0.0058 0.0059 0.0050 0.0050 0.0064

MiRKAT-Q

0.05
50 0.051 0.049 0.049 0.049 0.058
100 0.050 0.046 0.050 0.049 0.055

0.01
50 0.0107 0.0100 0.0107 0.0103 0.0119
100 0.0105 0.0100 0.0098 0.0094 0.0122

0.005
50 0.0057 0.0055 0.0055 0.0051 0.0064
100 0.0054 0.0057 0.0049 0.0048 0.0063

Table 3.1: Empirical type I errors for MiRKAT, MiRKAT-R and MiRKAT-Q with normally-
distributed outcomes (n=50, 100). KBC represents the Bray-Curtis kernel; KWU represents
the weighted UniFrac kernel; KU represents the unweighted UniFrac kernel; KAL represents
the Aitchison linear kernel.
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Method α n KBC KWU KU KAL Combined

MiRKAT

0.05
50 0.046 0.052 0.047 0.090 0.075
100 0.046 0.048 0.048 0.089 0.074

0.01
50 0.0069 0.0091 0.0086 0.0310 0.0179
100 0.0076 0.0076 0.0097 0.0324 0.0215

0.005
50 0.0031 0.0040 0.0043 0.0197 0.0092
100 0.0037 0.0036 0.0044 0.0220 0.0139

MiRKAT-R

0.05
50 0.048 0.049 0.050 0.051 0.056
100 0.050 0.048 0.049 0.051 0.056

0.01
50 0.0099 0.0101 0.0100 0.0098 0.0114
100 0.0100 0.0103 0.0098 0.0103 0.0114

0.005
50 0.0055 0.0053 0.0052 0.0052 0.0060
100 0.0049 0.0058 0.0048 0.0057 0.0062

MiRKAT-Q

0.05
50 0.047 0.047 0.050 0.049 0.055
100 0.049 0.047 0.049 0.051 0.056

0.01
50 0.0105 0.0099 0.0104 0.0097 0.0113
100 0.0106 0.0103 0.0095 0.0096 0.0121

0.005
50 0.0052 0.0050 0.0051 0.0051 0.0056
100 0.0055 0.0055 0.0052 0.0049 0.0061

Table 3.2: Empirical type I errors for MiRKAT, MiRKAT-R and MiRKAT-Q with t-
distributed outcomes (n=50, 100). KBC represents the Bray-Curtis kernel; KWU represents
the Weighted UniFrac kernel; KU represents the Unweighted UniFrac kernel; KAL represents
the Aitchison linear kernel
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Figure 3.1: A: Power of MiRKAT-R based on different kernels under simulation scenario 1;
B: Power of MiRKAT, MiRKAT-R and MiRKAT-Q for omnibus testing under simulation
scenario 1
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Figure 3.2: A: Power of MiRKAT-R based on different kernels under simulation scenario 2;
B: Power of MiRKAT, MiRKAT-R and MiRKAT-Q for omnibus testing under simulation
scenario 2
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MiRKAT MiRKAT-R MiRKAT-Q
MiRKAT 184 142 16
MiRKAT-R 197 17
MiRKAT-Q 21

Table 3.3: Number of significant expressions found by MiRKAT, MiRKAT-R and MiRKAT-Q
in IBD data set. Each cell represents the number called significant by the method in the left
and top of the table.
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