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The world of bacteria holds far more genetic diversity
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Visual comparision of Microorganism Sizes

Sizes of Microscopic Entities

Bacteria Cells

Blood Cells Eukaryotic Cells Human Egg Cell ﬁ



Decoding Microbiome dual-Mediation: A Tool for Advanced Zero-Inflated Data Analysis

L Microbiology and Human Microbiome Research

Microorganisms reside in every part of human body
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Microbiota dysbiosis linked with health and diseases

Microbiome constitutes a human organ

> Microorganisms interact 7
with body host’s RESBIOSIS 'i'
environment: diet,
antibiotics, chemotherapy,
etc.

Microbiome &
metabolites

7

Cancer &
Gastointestinal
disorders

» | have extensively worked on Heart disease
linking microbiome at

different body sites to L
patient outcomes.

Atherosclerosis / ~

Hypertension 'I I‘ Obesity ﬁ

Figure from Masenga SK, et al. (2022)

~

Type 2 diabetes



Decoding Microbiome dual-Mediation: A Tool for Advanced Zero-Inflated Data Analysis

L Microbiome Data and Host-Microbiome Association

Microbiome Data and Host-Microbiome Association



Decoding Microbiome dual-Mediation: A Tool for Advanced Zero-Inflated Data Analysis

L Microbiome Data and Host-Microbiome Association

Steps of quantifying bacteria composition
Data Merging

/ AN
a Sample collection
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patients with
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Typical formats of microbiome data

» OTU/ASV table

|| sam1 | sam2] sam3]
Owl 660 605 560
Otuz 362 440 180
Ow3 153 60 170
Orwd 86 20 120

Operational taxonomic unit
(OTU) are used to categorize
bacteria based on sequence
similarity.

An amplicon sequence variant
(ASV) is referred to as exact
sequence variants, zero-radius
OTUs or sub-OTUs.
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Typical formats of microbiome data

» Proportion table

Beta diversity

£

| samt | Sam2 | Sar |

Owl 034 032 029
Ow2 012 017 010
Ow3 007 003 011
Owd 006 002 0.09

Taxonomy
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Typical formats of microbiome data

» Phylogenetic tree

oTu1
oTuz
oTu3
oTu 4

oTu s



Host-Microbiome Association Study
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Tumor Microbiome and Pancreatic Cancer

Cell Pe

Volume 178, Issue 4, 8 August 2019, Pages 795-806.e12 ce":ire

Article

Tumor Microbiome Diversity and Composition
Influence Pancreatic Cancer OQutcomes

Erick Riquelme *+ 2 18 'Yu Zhang % '¥, Liangliang Zhang * #, Maria Montiel %, Michelle Zoltan !, Wenli Dong 3,
Pompeyo Quesada !, Ismet Sahin ®, Vidhi Chandra !, Anthony San Lucas ®, Paul Scheet &, Hanwen Xu !, Samir M.
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Binary outcome in the Pancreatic cancer project

Short Term Survivor (STS) Long Term Survivor (LTS)
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Identify differential features between two groups

A Class composition by Cohort
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Linear Model and Variable Selection

Porcant survival
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Mediation model
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General Structure of Mediation Model

High-dimensional and
compositional microbiome
mediators

M=(M,. M)

Treatment
T

Covariates

X=Xy Xg)
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Causal Mediation Analysis

» In clinical trials and epidemiological studies, causal mediation analysis is to explain the underlying
mechanism by which the effect of an exposure on the outcome is mediated through a casual
intermediate variable or mediator.

» General Approaches

> Structural equation modeling (SEM)
[Baron and Kenny, 1986, MacKinnon and Dwyer, 1993, MacKinnon et al., 2002].
» Counterfactual framework with potential outcomes [Albert, 2008, Robins and Greenland, 1992].

Mediator
M

Exposure QOutcome
Y

DE: Direct Effect T Y

IE: Indirect Effect T M Y
TE: Total Effect TE=IE+ DE
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Zero-Inflated Microbiome Mediators

How to characterize the microbiome mediators?
» Count Data
» Zero-inflated Data
» High-dimensional Data

Fusicatenibacter Butyrcicoccus. Ruminococcus. ' Lachnospiraceae_UCG_004

Figure: Histograms of genus level microbiome features from real human gut microbiome data [Wu et al., 2011@
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Bayesian and related methods



Decoding Microbiome dual-Mediation: A Tool for Advanced Zero-Inflated Data Analysis

L Methods

Zero Inflated Mediation Analysis

> Latent variable wj: indicate the presence of structural zeros. For instance, patients undergoing
antibiotic treatment are more likely to exhibit a zero count for a specific microbiome feature.
» In the context of the jth microbiome feature within the ith subject,

MUZ I\/’,fsf ,Ifw,_,:0
0 Cifwy =1

wij ~ Bernoulli(7j).

Indicator Mediat
Under counterfactuals, © e er&la o
NDE = E(Ya+,m, ., C) — E(Yam, ., |Ci) /
NIE = E( Yor M |G) — E(Ya*,l\/la* |Ci) Exposure Out(;ome
2 W g% 1Wa T
+ E(Yar M+, |C) — E(Yar m,.0,1Ci)
' NIE T > W M Y

= NIEpreve/ance + NIEabundance
NIE T M Y
TE=E(Yoru. .. 1G) — E(Vou, ., |G) @

= NIE + NDE
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ZIMMA Framework

» Mediator Model

> Prevalence Model:

» Abundance Model:

» QOutcome Model

My = M ,?fUJij:O
0 ,if wi

Il
—

wij ~ Bernoulli(my),

Tij
1—

logit(7j;) = log(

Mjj ~ NB(pjj, 7;)
Hij = SiAjj

log(Ajj) = Boj + B1; Ti + /ngci

E(Y)) =ap+arTi+ayM +alC

)= 7 Ti +’YchCi~
™

&)

()
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Scaling and size factors

Scaling and Transfor
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Expected abundance

Specifically, Mj; ~ NB(p,7;) has the following probability mass function (PMF)
[Pillow and Scott, 2012]:

. rm+n)( =\’ 5 \"
M = i) = 1— 4
p( ij m” |, 75) r(Tj)m*! i + 7 wij + 7 (4)

where m* is a non-negative integer, I'(-) is the Gamma function, and the parameters u;; and 7; control
the mean and dispersion, respectively.

The expected value of the observed taxon counts, Mj;, given the treatment group T; and pre-treatment
confounding variables Cj, is:

E(My | Ti, Ci) = (1 — mj)E(My | wy = 1, Ti, G) + mE(My | wy = 0, T;, Ci)
=1 -m)E(M; | T;, G)

1
=(1—
(-3 +exp(yo + 7 Ti +7§C)

)Siexp(Boj + B Ti + ﬂgjci) (5%
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Hypothesis on Indirect Effect

Under sequential ignorability assumption (no unmeasured confounding), for each of the mediator,

o trTa +v G Vot rTat vl G

Average NIE

prevelance

n
1 T *48T¢c:
== E ay(a® — a)SieﬂOJrﬂTa +BcGi = — =
n erotTat+yc G +1 grotrratyc G +1
i=1
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Yo+yTatyc G X
€ < S [630+BT3 +8L¢ _ eBo+Bra+BZC;]

n
1 T
Average NIE == g ay(a® —a j
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i=1

Average NIE
Average NIE

=0 amy=0o0rvyr =0,

prevelance

=0 au=0o0rf87r=0.

abundance

There is no indirect effect through jthe microbiome mediator only if

Average NIE = 0 and Average NIE =0

abundance ﬁ

prevelance
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Mediator Selection through Spike and Slab prior

w Spike
awm, Br,y7 ~ N(0,61°)
6 =(1— Ka,8,v)00 + Ka,8,~01 g
a <+ o
Ka,8,y ~ Bernoulli(0q,5.+)
2 1G(a, b) Slab
1 o ' ;
Oa,8,y ~ Beta(i» E) ’ 1 ’ 1 ’
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Unidentifiable source of zeros

Unidentifiapility

Current prior: y,~ N(0.1), t ~\gamma(0.01, 0.01)

True(1/7) | True (yo) 0% | True(r) Est.(t) Est.(yo)
0.5 0(p=0.5) | 67% 2 0.28 (0.08, 0.54) | -0.55 (-1.79, 0.52)
0.5 -2(p=0.12) | 21% 2 2.02(1.23,2.93) | -1.63 (-2.37,-0.93)
0.5 -3 (p=0.04)| 14% 2 2.18(1.31,3.06) | -1.95 (-2.70,-1.30)
1 -3 (p=0.04)| 20% 1 0.84 (0.54,1,18) |-2.08 (-3.06, -1.17)
2 -3 (p=0.04)| 32% 0.5 0.47(0.29, 0.68) | -1.86 (-2.88, -0.87)
5 -3(p=0.04)| 47% 0.2 |0.22(0.13,0.33) | -1.53 (-2.71,-0.43)

Results: Different combination of over _dispersion and prevalence model
intercept would result in similar zero%, but the non-zero counts would have
different over dispersion (histograms on the right).

Density
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Empirical prior

ST s Gamma(myj, mo;j)
2. We fit an NB regression model using only the non-zero data and applying maximum likelihood
estimation (MLE) to obtain an estimate of the dispersion, 7;" [Venables and Ripley, 2002].

3. The mean of the gamma prior, my;/my;, is then set to Tf, with a small variance, v} (e.g., 0.1) ,

+2
Y. . . mi; . . . T. .
specified as the prior variance 3 to account for uncertainty, implying my = L, mp; = VT—L
2 1 I

®
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Algorithm Algorithm 1 ZIMMA Posterior Sampling Algorithm

for each iteration from 1 to R do

Step 1: Update all parameter associated with j-th mediator, j =
for j from 1 to P do
draw latent structural zero indicator w;;:

Flwi| My = 0,rest), if My; =0
plwij = 1My, rest) =

0, if My #0
draw Polya Gamma variable ¢;|w;;, rest ~ PG(1,v0; + 70, T; + ¥c; Ci) -
draw (305, Y1y, ¥e5)” |Kny vest ~ MVN(py, ).
draw f;, Brj, Bej, 7; using random walk Metropolis-Hastings sampling al-
gorithm with a normal proposal distribution.

draw |, rest ~ N(u%,nz]).

o 5,
; )
iy eg.85.75

-

draw Ko, g, Ky |arjs Brjs Yrj; rest ~ Bernoulli (

)
draw 12,3, 12 |a, 8,y test ~ IG (L + 5,1 + 7(‘”2’2 Prii)y

oy g7 g B515

draw fa;, 03, 0, Koy 5,7 Test ~ Beta(a + Kay,5,,, 0+ 1 — Koy p0)-
end for
Step 2 Draw the rest coefficients in Equation (4): ag,|. ~ N(uay,02) , ar ~
N(tag02,), e ~ MVN(h, 00 )

Step 3: Draw the error term o3 Equation (4): 0% |ao, ar, am, acrest ~ 1G(1,2,&,2)-
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Simulation and applications
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Simulation Results

> N =100; 7 = 0.5; Effect size = 1

» Compared Methods: CMM [Sohn and Li, 2019]; microHIMA [Zhang et al., 2021]; LDM

[Yue and Hu, 2022]
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Simulation Results

» N = 100; 7 = real data median; Effect size =1
» Compared Methods: CMM [Sohn and Li, 2019]; microHIMA [Zhang et al., 2021]; LDM

[Yue and Hu, 2022]
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Real Data Application on COMBO Study

Applicationl: COMBO

Total Effect of Fiber Intake on BMI
p-value = 0.02

+ N=98
40
« Exposure/treatment: fiber intake
E 30
+ Outcome: BMI @ \
« P =99 (Genus level, Prevalence > 10) 20
-1 0 1 2 3
Treat

Wu, G. D., Chen, I, Hoffimann, C., Bittinger, K., Chen, Y. Y., Keilbaugh, S. A., Bewtra, M., Knights, D., Walters, W. A., Knight, R., Sinha, R., Gilroy, E., Gupta, K., Baldassano, R., Nessel, L., Li,
H., Bushman, F. D, & Lewis, J. D. (2011). Linking long-term dietary patterns with gut microbial enterotypes. Science (New York, N.Y.), 334(6052), 105-108. https:/doi.org/10.1126/science. 1208344
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Real Data Application on COMBO Study

Indirect effect through prevalence and abundance (NIE_AP)

Feature Name Abund: Esti (PIP) P 1 Esti (PIP) Outcome Estimate (PIP)

Lachnispriraceac_UCG-010 -1.61 0.90) -1.50 (0.82) 0.96 (0.84)

Lachnospiraceae_UCG-010

|
)

log(Relative Abundance)
& & 4

40
TRUE —
o /

-1 0 1 2 3 -1 0 1 2 3 -8 -7 -6
Treat Treat log(Relative Abundance) @

Structure Zeros
M
8
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Real Data Application on COMBO Study

Indirect effect through abundance or prevalence (NIE_A, NIE P)

Saccharibacteria_ge

? w
2
3 S
3 ° /
Abund: E Pr E: Outcome Esti < T ——
Feature Name ®IP) (PIP) (PIP) g A Teat log(Relatve Abundance)
g Megasph
Saccharibacteria -1.02 (0.77) 0.50 (0.54) g eosspneer ©
D Sw /
Megasphaera -2.68 (0.95) 0.64 (0.62) e \
-5 20
&
i %
Actinomyces -3.60 (0.91) 0.44 (0.53) g s 0 e e * g(Flasve Abundance)
e g Actinomyces
Rhodospirillaceae_uncl -0.64 (0.54) 049 (0.61) 8 ... a0
ass as0
3 el
2700
Bz \ N
E750
] R B N T 35 S0 s 70 4
- Treat log(Relative Abundance)
Rhodospirillaceae_unclass
P
8
Lo - .
2 H
g _—
&
I R

Ry 5 o )
log(Relative Abundance)
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Real Data Application on COMBO Study

Active Genus Features Phylum NIE_Category NIE Direction
Romboutsia Firmicutes NIE zbundance -+ —-
Ruminococcaceae_UCG-002  Firmicutes NIE 2pudance - - =+
Saccharibacteria_ge Saccharibacteria  NIEapundance -4 —-
Coprococcus_3 Firmicutes NIE 2bundance -+ —-

Romboutsia _UCG-002 _ge Coprococcus_3
T ) R . ) ) )

O et |

v ! Tea T T o

. -0 € i I/ I\

Counts Gounts Counts Gounts

Mi
BMI
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Real Data Application on Cardiovascular Study

Application2: Cardiometabolic Disease

« N=220
+ Male, No diabetes.

« Exposure/treatment: HC (Heathy Control) vs. MMC (individuals with features of the
metabolic syndrome and, thus, at increased risk of ischemic heart disease (IHD)).

Total Effect Disease Status on BMI

« HC (Status =0) =104 p<2e-16
« MMC (Status =1) =116 -
» Outcome: BMI i

disease spectrum. Nat Med 28, 303-314 (2022). https:/doi.org/10.1038/s41591-022-01688-4

. P =106 (Genus level, Prevalence > 10%) - $ ‘ ﬁ
Fromentin, S., Forslund, S.K., Chechi, K. et al. Mi and features of | i i “

I3
Diseease Status
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Real Data Application on Cardiovascular Study

Indirect effect through prevalence and abundance (NIE_AP)

Feature Name Abundance Estimate (PIP) Prevalence Estimate (PIP) Outcome Estimate (PIP)
Hespellia -8.68 (0.99) -0.51(0.78) -0.51(0.78)
Porphyromonas -4.28 (0.95) 0.41 (0.68) 0.30(0.53)
Hespellia StructralZero - FALSE - TRUE O
6.0
~6.65- % 40
om0 o H
H 30
675 @ 30 _—
-6.80 20 779% 724% 20
3 7 [ 7 -0 75 70 85 80
Disease Status Disease Status log(Relative Abundance)
Porphymmonas Structural Zero FALSE TRUE =
50 a0
60 _
w0 H
H 30
@ a0 _—
-85
> 2 51.9% 52.6% 20
[ hy s

1
Disease Status

0 1
Disease Status

k3 -6
log(Relative Abundance)
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Real Data Application on Cardiovascular Study

Indirect effect through abundance or prevalence (NIE_A, NIE_P)

Feature Name Abund: i (PIP) Preval Estimate (PIP) Outcome Estimate (PIP)
Acidaminococcus 1.27(0.83) 0.85(0.97)
Parasutterella -1.11 (0.62) 0.41 (0.68)
g Acidaminococcus 50 Parasutterella 50
e
§ ’ 40 Structural Zero FALSE TRUE 4
S5 = =
2 5 H 50 E
2 30 / %0 30 -
) Z %
& 20 20 59.6% 51.7% 20
_8”7 0 8 7 B -5 -4 3 0 1 B 7 5 )
Disease Status log(Relative Abundance) Disease Status log(Relative Abundance)
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Conclusions and Future Work

Conclusions —

> Addressing Zero-Inflation: ZIMMA's ability to detect structural zeros avoids the bias introduced

by pseudo counts, a common strategy in dealing with zero-inflated count data.

> Precise Interpretation: By decomposing the indirect effect into abundance and prevalence
pathways, ZIMMA provides a more precise interpretation of active microbiome mediators.

» High Power: ZIMMA demonstrates superior statistical power compared to existing methods.
Future Works—

» More Applications To demonstrate the usage of ZIMMA.

» Sensitivity Analysis To what extent does violating assumptions affect the magnitude of bias?
» Microbiome Correlation

®
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