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Exploration of :
microbiome data -

- Microbiome data description

- Graphical summary

- Ordination methods and plots



Microbiome data

Microbiome data generation and structure.

Generated through 16S rRNA gene sequencing
and shotgun metagenomic sequencing.

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

Human microbiome
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I Active pathways/microorganisms

Feature-by-sample contingency table used in microbiome, genomics, and other
high-throughput data studies

Rows Columns Comments

Features Samples Used in all RNA-or DNA-sequencing
experiments and contexts

OTUs (or taxa, Samples, libraries, A feature is a species or OTU instead of

ie., class, genus, microbiome or a gene in the context of microbiome

species) metagenomic samples sequencing, DNA sequencing-based

microbiome study

Genes (or tags or
exons or transcripts,
subsystems)

Samples, libraries

A feature is a gene in the RNA-
sequencing context: the total reads per
sample are called library size and
sometimes referred to as depths of
coverage

Observations (cases)

Variables (part of a
composition)

Compositional data

Species

Sites

Ecological data

Xia et al., 2018. Springer Series in Statistics



Microbiome data

Open ecosystems and repositories “ag®

Bioconductor

Human Microbiome project datasets
OPEN SOURCE SOFTWARE FOR BIOINFORMATICS

Human Gut Microbiome Atlas

Microbiome Learning Repo (ML Repo) MLRepo

A machine learning repository for microbiome datasets

R packages have several datasets incorporated


https://commonfund.nih.gov/hmp/databases
https://portal.hmpdacc.org/
https://www.microbiomeatlas.org/
https://knights-lab.github.io/MLRepo/

I Microbiome data

Microbiome data features

»

»

»

»

»

High dimensional

Sparse, large proportion of zero counts

Compositional

Complex covariance/correlation structures

Over-dispersed

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

Species (OTUs) Zero Median Mean WVariance
(percentage)

Lactobacillus iners 15.11 (138/900) 238 1168 206E4
Lactobacillus crispatus 42.33 (381/900) | 7555 205E4
Atopobium vaginae 51.78 (466/900) 0 3328 |404E3
Lactobacillus 14.44 (130/900) 20 168.5 324E3
Lactobacillus jensenii 56.89 (512/900) 0 102.8 128E3
Lactobacillus gasseri 62.33 (561/900) 0 111.3 186E3
Clostridiales 58.56 (527/900) 0 498 22,535
Parvimonas micra T1.33 (642/900) 0 45.9 26,298
Leptotrichia amnionii 68.89 (620/900) 0 429 27,223
FPrevotella genogroup 2 59.11 (532/900) 0 36.2 174,600
Actinomycetales 41.89 (377/900) | 256 11,767
Gardnerella vaginalis 55.89 (503/900) 0 249 3322
Streptocongiccus anosus 73.78 (664/900) 0 18.5 30,230
Aerococcus christensenii 65.89 (593/900) 0 18.2 3710
Finegoldia magna 51.56 (464/900) 0 17.9 7606
Peptonip hilus 54.89 (494/900) 0 17.1 4050
Bifidobacteriaceae 61.11 (550/900) 0 16.6 5402

Romero et al. 2014



Microbiome data

Community diversity measures

* Alpha diversity

v Richness, Phylogenetic diversity, evenness,

dominance, rarity
« Beta diversity

v Bray-Curtis index, Jaccard index, Aitchison

distance, Unifrac distances

 Gamma diversity

v’ estimates diversity within a region

Infographic from Jurgens, 2018.


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

Visualization of microbiome

Graphical summary, abundance bar, richnees plot.
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Globalpatterns data, Phyloseq package
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GlobalPatterns data, Package mia


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

Visualization of microbiome

Graphical summary, phylogenetic trees.
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https://joey711.github.io/phyloseq/index.html
https://microbiome.github.io/OMA/index.html

Visualization of microbiome data

Graphical summary, heatmap and networks.
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https://joey711.github.io/phyloseq/index.html

Visualization of microbiome
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https://joey711.github.io/phyloseq/index.html

Statistical
hypothesis testing

- Univariate analysis

- Multivariate analysis




Statistical hypothesis testing

Research Hypotheses

Association of microbiome with host.

Association of microbiome with
environmental covariates.

Assoclation between environment and
host.

~

{ Microbiome

>

Environment Host

Xia & Sun, Genes and Diseases, 2017
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Statistical hypothesis testing

Hypothesis testing steps

Formulate the Collect the Compute the
null and data, make test statistics, Make our
alternative the statistical compute p- decision
hypotheses assumptions value
Ho:m = ... =m = .... = my versus Ha : at least two means are different

—7 is the mean proportion

Type I and II errors

Power of the test = 1-

14



Sample size and power analysis

How many subjects do we need?

Standard statistical tests are Other factors that affect power
driven by sample size.

Experimental design

1007 Number of groups

Effect size Statistical procedure and model

= 0.2 . . .
— o Correlation between time points

= 0.8

0.751

0.50 1

FPower

Missing data

Alpha

=— 0.005

0.25 -« 005

R packages
2o s % HMP (La Rosa et al. 2016)
Sample size
’ Micropower (Kelly et al. 2015)

0.00 4

Graphic from stanford.edu
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Univariate community analysis

Parametric Nonparametric

One-sample T-test

, Wilcoxon signed rank test
Paired T-test o

Mann Whitney
Kruskal Wallis

Spearman correlation

Independent T-test
Analysis of variance (ANOVA)

Regression and Pearson Correlation

Parametric tests are based on the assumption of normality.
I Check graphically via histogram, QQ plot, boxplot, or

perform Shapiro-Wilk test.

16



I Univariate community analysis

GHOW

Percent of total

T T T T
20 25 3.0 35
Shannon diversity

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

La Rosa et al, Metagenomics for Microbiology, 2015.

100-

factor(Group4)
F= cacalvar-
ES Fecalvdr-
5 cocawT
3 FecalwT

value
[==]
=
1

- =

Cecal Vdrd- FecalVdr/- Cecal WT Fecal WT
Groupd

» 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
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Univariate community analysis

Chi-square test: Comparing rates

Tahle . Distribution of the Streptococcus Rate Across Stool and Left-Retroauricular

Crease Samples Obtained from the Human Microbiome Project

Body Site Presence Absence Total
Left creaze 157 {92?:6:1 14 fS?r‘E-J 151
Stool 135 (65%) 74 (35%) 209

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.

18



Multivariate community analysis

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.

Multivariate analysis of variance with permutation (PERMANOVA).
Analysis of group similarities (ANOSIM)

Multi-response permutation procedures (MRPP)
Mantel's test (MANTEL)

19



Multivariate community analysis: PERMANOVA

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.
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p=0.007, weighted analysis (p=0.15).
Slight differences between the gut
microbiota of omnivores and vegans.

Wu et al.. Gut, 2016, 65(1).
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Multivariate community analysis: ANOSIM

PC2 - Percent variation explained 3%

PCoA -PC1 vs PC2

Post-Treatment (unweighted)
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Test the association of microbiome composition between treatments and among

time points within treatments using weighted and unweighted UniFrac distances.

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.

Kelley et al., 2016. PloS one, 11(1)
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R packages that implement statistical analysis

Vegan /\
biom m

icrobiome e
DESeq @
DESeq2 o
limma —thlDSEQ
metagenomeSeq L -
microbiome
phyloseq

Microbiome and phyloseq are more comprehensive statistical tools.

22
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Compositional data

A B Microbiome sequencing data are compositional
Bacterial population

0SS
740

Sequence counts

3\/

Total
bacteria —
(o]
oo |

Anything that can be represented
as ‘part of whole’ 1s compositional.

* Sequencing data are compositional.

* Proportions cause problems, breaking the
statistical assumptions.

Proportion
bacteria

0

C . .
Change in number / proportion . .
152 153 253 Increase 4 * A zero is not necessarily a zero
- ) H 4 {)} = | Decrease o True zeros: treat as NMAR, replace
B ’ ’ ' ' é — | No change me= with small nonzero value.

o Under sampling zeros: Bayesian-

multiplicative methods to replace them
Gloor, Gregory B., et al. Frontiers in microbiology 8 (2017): 2224.

24



Operation Standard Compositional
approach approach
Rarefaction Centered Log Ratio (CLR)
Normalization DESeqd’ Isometric Log Ratio (ILR)
d Additive Log Ratio (ALR)
Bray-Curtis
Distance UniFrac Aitchison
Jenson-Shanon
Ordination PCoA PCA
(Abundance) (Variance)
Multivariate perMANOVA perMANOVA
comparison ANOSIM ANOSIM
Correlation Pearson SparCC .
Spearman SpiecEasi
Differential metagenol%sfgz ALDEx2
abundance ANCOM
DESeq

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.



Compositional analysis

R packages that analyze compositional data

»

»

»

»

»

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.

26



Fecohved: 05 July 2007 Peviedt 13 hovormber 2017 Armopiad 1 Movenber 2015

DOE: 10 10053 mba 977

ORIGINAL ARTICLE

ATl OPY s WILEY

Absolute quantitation of microbes using 165 rRNA gene
metabarcoding: A rapid normalization of relative abundances
by quantitative PCR targeting a 165 rRNA gene spike-in

standard

Olivier Zemb | Caroline 5. Achard® | Jerome Hamelin® | Marie-Léa De Almeida’
Eéatrice Gabinaud® | Launantl:auqui1 | Lizanne M.G. Verschuren™** |

Jean-Jacgues Godon®

-l'.d'ri:'\.-!-l‘ LUniwvendid da Toulows, [HRA
HPT, EFWT, Caafsnet Toloaon, Franes
“Lallomsd 545 Blagnec oadex. Franos
LEE IFEA, Unteendty o Rortpelier,
hartonre, Forcs

*Topige Mormsin Fosmrch Conler B
Bauningon, The Fatheriandy
.-Hbr'urwn_!c Liemiock Emasch
Wiingani rggen. Tha Hotharisnch
‘agrocampas Dust, Zain -G o, Francn

Corremporedsrcs

Dilivior Tormb, GeenFheSE, Unheoraitid do
Towlowma, KRS IMET, FRWT, Caatamal
Tzionan:, France

Ermalt ol ko ramisZinm fr

Funding inflormaston

Frargm Ciro mique Pla bional: Sgaros
Hationuin poar by Recharcha, Grant iAsrd
Fiurnber; Al U0l H DR

Abstract

Matabarooding of the 165 rRNA gare & commanly used to characteriz= microbizl
communities, by estimating the relative abundance of microbes. Here, we pressnt
a method to retrisve the concendrations of the 145 rfRNA penie per zram of any en-
vronmentsl sample wming 3 synibetic standard in minescube amooms (100 ppm fo
1% of the 165 rBNA s=quences) that is added to the sample before DNA axtrac-
ticm and quantified by two quantitstive polymerase chain reaction (gPCR)reactions.
This abows normalizing by the mitial micrabial density, taking inks account the DNA
recovery viehd. 'We guantified the irdemal standard and the total kad of 165 FRNA
peres by gPCR. The oPCR for the lafter usas the exact same primers as those used
For lhuming sequencing of the ¥W3-V4 hypervariable regions of the 165 RNA gene to
incresse socurscy. We ane able to caloulabe the absclubs concendration of the spe-
cies per gram of samgle, taking into acoount the DNA recovery vield. This is onocial
for am acourate estimate s5 the vield vaned betwesn 20% and B4%. This method
awcids sacrifidng 2 bigh proportion of the sequencing =Hort fo quandify the intemal
standard. K sacrificing a part of the sequencing effort fo the imterral standard is ac-
capiable, we however recommend that the internal standard sccounds for 20% of
= mpweinomemendal 165 R NA zenes bo avoid the PCR bias associzted with rare phy-
lotypes. The method proposed here was bested on 2 fepes sample but can be spplied
mare Beoadly oo any ervironmental sample. This methed offers 3 real imgroverant
of metabarooding of microbizl communities since it makes the method quarditathe
with Imited =fiorts.

RETWORDS
125 rRHA gene, sbaolute count dats, i mlke=-in

I Avoiding Compositionality

From relative to absolute abundances

» qPCR with universal 16S primers
« It works
* It ischeap

» Spike-ins work too

» Zemb et al. Microbiology Open 2019
» Smets et al. Peerd 2015
» MB dJones, et al. PNAS 2015
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Modeling
microbiome data




Modeling microbiome data

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

29



Over-Dispersed and Zero-Inflated Models

» A hurdle model, also called a two-part

. : : del, with the first t bei
» A zero inflated (ZI) model, is a mixture of a model, with the Lrst part being a
: : : binomial/Poisson probability and the
Poisson or NB model with a point mass at zero to second beine count data truncated.at.zero
allow for the inclusion of structural zeros. 5 '
Z1P ZHP P(Y|X;,Z) = p: for ¥; =0,
¥
PVIX.Z) — (1 — p) SRR oy o,
P(Yi|X;.Z) = pi+ (1 — pi)exp(—p;) for ¥; =0, b Z) =1 p}i’ffil —ep(-m)
¥;
P(Y|X,,Z) = (1 —p;)“"P(_}‘fj)(”f) for ¥; > 0,
ZHNB
ZINB
P(Yj|X;,Z;) =p; for ¥; =0,
P(YilX;, Z:) = pi+ (1 = pi)g(u;), if Yi=0, PYiX:. Zi)

P(}IEIXE;ZE):(]'_I?E)JC(#E); },i>0;

T (v 1 | U | .
o (:r:_a j ( 'I-i- ) ( '“-;- ) for ¥; = 0,
(- () o re = W

Xia et al., 2018. Springer Series in Statistics 30



Analysis
Pipeline

Description

1. Descriptive

Summary statistics of demographic and clinical fac-

tors

Zero proportion of the OTU counts

Statistics )
Histograms of the total reads
Histogram of OTU counts
OTU counts as dependent variable
2. Model Key predictor (i.e. gender in this study)
Setting Adjusted covariates (i.e. age)
Offset variable (i.e. total reads)
AIC calculation and comparison
8. M°‘E’°' Vuong test for nested models
Selection
Predictive ability comparison
Parameter estimation and standard error
4. Statistical P-values for the zero and count components
Inference

Overall p-value for predictor effect

5. Conclusion

Hypothesis testing
Robustness checking and sensitivity analysis

Zero proportion prediction

Over-Dispersed and Zero-Inflated Models

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.

» 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.

Xu et al. Plos One 2015.
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Over-Dispersed and Zero-Inflated Models

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

Model Logit* Count distribution overall AIC
B1 (SE) Pr(> |t]) v+ (SE) Pr(> |t[) p-value**
LOLS NA NA —0.074 (0.074) 0.316 0.316 1388
Poisson NA NA -0.782 (0.091) <107° <10°° 2781
NB NA NA -0.841 (0.306) 0.006 0.006 @76’r
WRS NA NA NA NA 0.420 NA
2P-LOLS 0.335(0.236) 0.156 0.002 (0.220) 0.992 0.365 1051
PH 0.320(0.236) 0.174 —0.598 (0.096) <107° <10°° 1792
ZIP 0.226(0.237) 0.342 -0.599 (0.096) <107® <107® 1793
NBH 0.320(0.236) 0.174 -0.923 (0.470) 0.049 0.059 @7@*
ZINB 0.022(3.567) 0.995 -0.813 (0.410) 0.047 0.047 og1tMt
2P-WRS NA NA NA NA 0.597 NA

The standard errors (SEs) of estimations are in parentheses. The first, second and third smallest AIC value among different models (except logistic

regression) are displayed with superscript T, Tt and T respectively. The model with its name in bold font is the final selected model.

*: logit(¢;) = Iog(lf—"@_) = X' 3, where ¢ is the probability of zeros/structural zeros as defined in hurdle/ZI models.

Xu et al. Plos One 2015.
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Over-Dispersed and Zero-Inflated Models

(A) (B)
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Xu et al. Plos One 2015.



Dirichlet-Multinomial Models

» La Rosa et al. 2012 proposed the
Dirichlet-Multinomial distribution to
perform hypothesis testing, power and
sample size calculation.

P(X;=x;;n,0)=

N I 1Y {m(1—6)+ (r—1)6)

. : N:
.‘k“].,.,.‘l.,-ji']. Ha':l

(1—8)+(r—1)8

» R statistical package HMP (LL.a Rosa et
al. 2016) can fit these models.

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.

La Rosa et al. Plos One 2012.
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Zero-Inflated Longitudinal Models

Longitudinal designs and analyses of microbiome data

ZINB mixed-effects model % R statistical package NBZIMM
(Nengjun Yi, 2021), function
‘elmm.zimb’, can fit this model.

oslali) = Xy ] o (0] [
) 1 0

o
| |
“*u..__.___..-r“'

lﬂgit(i'l'{”l"{':l = ZUI}' =+ vy,

X;; and Z; are vectors of covariates for the
NB and the logistic components, and  and y
are the vectors of regression coefficients.
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Zero-Inflated Longitudinal Models

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.

log( E( Yyu;) = X + u; + log(totaly)

log E(Y;) w; | = X + u;.
totaly v

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

ZINB model parameters for Haemophilus

Parameter Estimate s.E. P value 95% CI
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Least square mean estimates (points) and corresponding 95% confidence intervals
(whiskers) of Haemophilus relative abundance by eosinophilic oesophagitis
diagnosis across anatomical sites.

sequen

erdispersion  0-63 0-09 <0-01 0-46 to 0
0-57 0-09 <0-01 0-39 to 0-75
2-49 1-12 to 3
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Multivariate Bayesian Mixed-Effects Model

Grantham et al. 2019 propose a Bayesian mixed-

effects model to analyze microbiome data.

 MIMIX performs spike-and-slab variable
selection to 1dentify 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

Grantham et al. Journal of the American Statistical Association , 2019
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Bayesian MIMIX outperforms PERMANOVA and the non-Bayesian MIMIX.
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Take home ...

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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