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Exploration of 
microbiome data
- Microbiome data description

- Graphical summary

- Ordination methods and plots
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Microbiome data

Microbiome data generation and structure. 

» Generated through 16S rRNA gene sequencing 
and shotgun metagenomic sequencing.
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Bikel et al., 2015

The 16S sequences are: 

• mapped to an existing phylogenetic tree

• clustered into OTUs (operational taxonomic units)

➢ The final data that can be used for analysis

o OTU table

o Taxa count table

o Taxa percent table

Xia et al., 2018. Springer Series in Statistics



Microbiome data

Open ecosystems and repositories

» Human Microbiome project datasets
https://commonfund.nih.gov/hmp/databases
https://portal.hmpdacc.org/

» Human Gut Microbiome Atlas

https://www.microbiomeatlas.org/

» Microbiome Learning Repo (ML Repo) 

https://knights-lab.github.io/MLRepo/

» R packages have several datasets incorporated
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https://commonfund.nih.gov/hmp/databases
https://portal.hmpdacc.org/
https://www.microbiomeatlas.org/
https://knights-lab.github.io/MLRepo/


Microbiome data

Microbiome data features

» High dimensional 

» Sparse, large proportion of zero counts

» Compositional

» Complex covariance/correlation structures

» Over-dispersed
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Romero et al. 2014

Over-dispersed and zero-inflated taxa (OTUs) abundance data



Microbiome data

Community diversity measures

• Alpha diversity

✓ Richness, Phylogenetic diversity, evenness, 

dominance, rarity

• Beta diversity 

✓ Bray-Curtis index, Jaccard index, Aitchison

distance, Unifrac distances 

• Gamma diversity 

✓ estimates diversity within a region
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Infographic from Jurgens, 2018.

Lahti et al., Orchestrating Microbiome Analysis with Bioconductor, 2021

https://microbiome.github.io/OMA/index.html


Visualization of microbiome

Graphical summary, abundance bar, richnees plot.

» Abundance bar 
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GlobalPatterns data, Package mia

» Richnees plot

Lahti et al., Orchestrating Microbiome Analysis, 2021

Globalpatterns data, Phyloseq package

» Relative abundance 

https://microbiome.github.io/OMA/index.html


Visualization of microbiome

Graphical summary, phylogenetic trees.

» Esophagus dataset tree,
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» Globalpatterns dataset tree, prevalence of top phyla

Phyloseq
Lahti et al., Orchestrating Microbiome Analysis, 2021

https://joey711.github.io/phyloseq/index.html
https://microbiome.github.io/OMA/index.html


Visualization of microbiome data

Graphical summary, heatmap and networks.

» Heatmap
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» Network 

GlobalPatterns data, Phyloseq

https://joey711.github.io/phyloseq/index.html


Visualization of microbiome

Ordination methods 

» Canonical Correspondence 
Analysis (CCA)

» Principal Cordinate Analysis 
(PCoA)

» Non-metric Multidimensional 
Scaling (NMDS)

» Redundancy Analysis (RDA)
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GlobalPatterns data, Phyloseq

https://joey711.github.io/phyloseq/index.html


Statistical 
hypothesis testing

- Univariate analysis

- Multivariate analysis



Research Hypotheses
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Statistical hypothesis testing

Xia & Sun, Genes and Diseases, 2017

1. Association of microbiome with host. 

2. Association of microbiome with  
environmental covariates.

3. Association between environment and 
host.

Microbiome

HostEnvironment
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Hypothesis testing steps
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Statistical hypothesis testing

Type I and II errors

Formulate the 
null and 

alternative 
hypotheses

Collect the 
data, make 

the statistical 
assumptions

Compute the 
test statistics, 

compute p-
value

Make our 
decision

Power of the test = 1- β



How many subjects do we need?

Standard statistical tests are 
driven by sample size.
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Sample size and power analysis

Graphic from stanford.edu

Other factors that affect power

» Experimental design 

» Number of groups

» Statistical procedure and model

» Correlation between time points

» Missing data

R packages

» HMP (La Rosa et al. 2016)

» Micropower (Kelly et al. 2015)



Parametric

» One-sample T-test

» Paired T-test

» Independent T-test 

» Analysis of variance (ANOVA)

» Regression and Pearson Correlation
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Univariate community analysis

Nonparametric

» Wilcoxon signed rank test

» Mann Whitney

» Kruskal Wallis 

» Spearman correlation

Parametric tests are based on the assumption of normality. 

Check graphically via histogram, QQ plot, boxplot, or 

perform Shapiro-Wilk test. 
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Univariate community analysis

» Compare the calculated Shannon diversity 
between two groups using t-test and Mann-
Whitney test.

La Rosa et al, Metagenomics for Microbiology, 2015.

» Analysis of Chao 1 alpha diversity measures using 
ANOVA to see if Vdr status and intestinal location 
have an effect on the bacterial community in the gut.

Xia et al., 2018. Springer Series in Statistics



Chi-square test: Comparing rates
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Univariate community analysis

» The chi-square test gave a p-value < 0.0001 (X2 = 40.9, df = 2) 
leading to rejection of the null hypothesis. The groups have 
different rates of occurrence.

La Rosa et al, Metagenomics for Microbiology, 2015.



o Test the association of microbiome with 
environmental covariates

» Choose one distance measure (i.e., UniFrac, Bray-Curtis, Jaccard, etc.) and 
then conduct the analysis of the estimated distances.

o Multivariate analysis of variance with permutation (PERMANOVA).

o Analysis of group similarities (ANOSIM)

o Multi-response permutation procedures (MRPP)

o Mantel's test (MANTEL)
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Multivariate community analysis



» Unweighted Unifrac, PERMANOVA, 
p=0.007, weighted analysis (p=0.15). 
Slight differences between the gut 
microbiota of omnivores and vegans.
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Multivariate community analysis: PERMANOVA

Wu et al.. Gut, 2016, 65(1).

» Flexible to dissimilarity measure

» No assumption of multivariate normality.

» Not sensitive to differences in correlation 

structure among groups.

» Can include random effects, interaction 

terms, and hierarchical structures.



» Test the association of microbiome composition between treatments and among 
time points within treatments using weighted and unweighted UniFrac distances.
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Multivariate community analysis: ANOSIM

Kelley et al., 2016. PloS one, 11(1)

» Nonparametric test which operates 
on a ranked dissimilarity matrix.

» The null hypothesis is that the 
similarities within sites are 
smaller or equal to the similarities 
between sites. 
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R packages that implement statistical analysis

- Vegan

- biom

- DESeq

- DESeq2

- limma

- metagenomeSeq

- microbiome

- phyloseq

Microbiome and phyloseq are more comprehensive statistical tools.



Compositional 
analysis



Compositional data

Microbiome sequencing data are compositional

» Anything that can be represented 
as ‘part of whole’ is compositional. 

• Sequencing data are compositional.

• Proportions cause problems, breaking the 
statistical assumptions. 

• A zero is not necessarily a zero

o True zeros: treat as NMAR, replace 
with small nonzero value.

o Under sampling zeros: Bayesian-
multiplicative methods to replace them
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Gloor, Gregory B., et al. Frontiers in microbiology 8 (2017): 2224.



Compositional analysis

Compositional data, Log-Ratio Transformations

» Ratios are the same whether the data are 
counts or proportions. 

» Logarithm of ratios (log-ratios) to achieve 
symmetry, linear relationship.

✓ Transformed data are suitable for most of 
the standard statistical methods. 
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Operation Standard

approach

Compositional

approach

Normalization
Rarefaction 

‘DESeq’

Centered Log Ratio (CLR)

Isometric Log Ratio (ILR)

Additive Log Ratio (ALR)

Distance
Bray-Curtis

UniFrac

Jenson-Shanon

Aitchison

Ordination
PCoA

(Abundance)

PCA 

(Variance)

Multivariate

comparison

perMANOVA

ANOSIM

perMANOVA

ANOSIM

Correlation
Pearson

Spearman

SparCC

SpiecEasi

Differential 

abundance

metagenomSeq

LEfSe

DESeq

ALDEx2

ANCOM

Gloor, Gregory B., et al. Frontiers in microbiology 8 (2017): 2224.
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Compositional analysis

» Compositions (van den Boogaart et al. 2014)

» robCompositions (Templ et al. 2011)

» zCompositions (Palarea-Albaladejo and Martin-Fernandez 2015).

» ANCOM (Mandal et al. 2015)

» ALDEx and ALDEx2 (Fernandes et al. 2013; Gloor et al. 2016), use 

Bayesian methods to replace t-test or ANOVA.

R packages that analyze compositional data



Avoiding Compositionality

From relative to absolute abundances
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» qPCR with universal 16S primers

• It works

• It is cheap

» Spike-ins work too 

➢Zemb et al. Microbiology Open 2019 

➢Smets et al. PeerJ 2015

➢MB Jones, et al. PNAS 2015 



Modeling 
microbiome data

28



Modeling microbiome data
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Some models that can be fitted to microbiome data

» Over-Dispersed and Zero-Inflated Models 

» Dirichlet-Multinomial Models

» Zero-Inflated Longitudinal Models

» Multivariate Bayesian Mixed-Effects Model

Infographic, Holmes & Huber, 2018 



Over-Dispersed and Zero-Inflated Models 
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» A zero inflated (ZI) model, is a mixture of a 

Poisson or NB model with a point mass at zero to 

allow for the inclusion of structural zeros.

ZIP

ZINB

» A hurdle model, also called a two-part 

model, with the first part being a 

binomial/Poisson probability and the 

second being count data truncated-at-zero. 

ZHP

ZHNB

Xia et al., 2018. Springer Series in Statistics



Over-Dispersed and Zero-Inflated Models 

31Xu et al. Plos One 2015.

» Xu et al. use data for three organisms 

with proportion of zero counts 18%, 50% 

and 77% from the Genetic Environmental 

Microbial project.

• Fit the hurdle/ZI models, including 

covariates for the zero component, 

gender, and age.

Assessment of competing models for microbiome

» We can use “pscl” R package, function 

zeroinfl() to fit a ZIP and ZINB, and 

function hurdle() to fit ZHP and 

ZHNB.



Over-Dispersed and Zero-Inflated Models 

32Xu et al. Plos One 2015. 

The parameter estimate of the gender effect and goodness of fit for bacteria Campylobacter (proportion of zeros: 77%). 



Over-Dispersed and Zero-Inflated Models 

33Xu et al. Plos One 2015.

The comparison plots of the observed and 

expected counts of bacteria using the best 

three models judging by AIC criterion.



» Differently from the multivariate non-
parametric methods based on permutation test 

• Can quantify the size of the difference between 
the groups in terms of bacterial taxa 
composition. 

• Are usually more powerful than a 
nonparametric alternative to model 
metagenomic data.
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Dirichlet-Multinomial Models

La Rosa et al. Plos One 2012.

» La Rosa et al. 2012 proposed the 

Dirichlet-Multinomial distribution to 

perform hypothesis testing, power and 

sample size calculation. 

➢ R statistical package HMP (La Rosa et 

al. 2016) can fit these models.
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Zero-Inflated Longitudinal Models 

Fang et al. Epidemiology and Infection, 2016

Longitudinal designs and analyses of microbiome data 

» ZINB mixed-effects model

Moghimbeigi et al. Journal of Applied Statistics, 2008

❖ R statistical package NBZIMM 

(Nengjun Yi, 2021),  function 

‘glmm.zimb’, can fit this model.

Xij and Zij are vectors of covariates for the 

NB and the logistic components, and β and γ 

are the vectors of regression coefficients. 
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Zero-Inflated Longitudinal Models 

Fang et al. Epidemiology and Infection, 2016

Longitudinal designs and analyses of microbiome data 

» ZINB mixed-effects model is applied by Fang et al., to 
compare the relative abundance of two important 
organisms across disease states and sampling sites in a 
study of oesophageal microbiota. 

The left side of this equation is modelling
the log of the relative abundance as the outcome.
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Zero-Inflated Longitudinal Models 

Fang et al. Epidemiology and Infection, 2016

Least square mean estimates (points) and corresponding 95% confidence intervals 

(whiskers) of Haemophilus relative abundance by eosinophilic oesophagitis

diagnosis across anatomical sites.



» Grantham et al. 2019 propose a Bayesian mixed-
effects model to analyze microbiome data.
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Multivariate Bayesian Mixed-Effects Model

Grantham et al. Journal of the American Statistical Association , 2019

• MIMIX performs spike-and-slab variable 

selection to identify treatment effects on OTUs. 

• Bayesian factor analysis with a Dirichlet-Laplace 

prior clusters OTUs into different factors.

• MIMIX is not currently suited for handling data

from longitudinal studies

Bayesian MIMIX  outperforms PERMANOVA and the non-Bayesian MIMIX.



» Microbiome data are complex and sparse. Bias in microbiome
data analysis can impact interpretation and discovery. 

» A compositional data analysis can help identify and solve 
problems with microbiome complex data. Analysis with 
absolute abundances is better when possible. 

» Zero inflated models and Dirichlet models can fit microbiome
data quite well. 

» ZINB mixed models can be fitted to data collected repeatedly 
from individual subjects. 

» Bayesian form of MIMIX  model outperforms both 
PERMANOVA and non-Bayesian MIMIX models.
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Take home …



» Open science lovers

R and Bioconductor communities for the great 
open source materials and support. ☺
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» Xia Y., Sun J., Chen DG. (2018) Statistical Analysis of Microbiome Data 
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https://www.youtube.com/watch?v=6564K4-_DBI&list=PLOPiWVjg6aTzsA53N19YqJQeZpSCH9QPc&index=2&ab_channel=DanKnights
https://web.stanford.edu/class/bios221/book/
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