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The human microbiome

Trillions of microbes carrying orders of magnitude more genes than the
host genome, shaping metabolism, immunity, and inflammation (Belizirio
and Napolitano, 2015).
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host genome, shaping metabolism, immunity, and inflammation (Belizirio
and Napolitano, 2015).

Actinobacteria

= Other Actinobactera
Bacteroidetes

Oral Microbiome
/ )

Firmicutes \
Lactobacil J
B Srpracoccss Caries
Other Firmicutes \j- Periodontal Diseases
== Fusobacteria  Gingivitis
= Protecbactera {
e Mouth: tonsil
Obesity GutMicrobiome \ st
Metabolic Syndrome // ) Placenta Microbiome
Diabetes 2
C. difficile Infection z:“e"“ B»""h(
Colorectal Cancer |- 1 wn:i?ammom i
Inflammatory Bowel
Diseases Gut stool | / g\; TORCH Infections
Psychiatric Dlsordersr @ i / P s e
Allergies Skin Microblome i Vagina Microbiome
Acne o
Psoriasis Vaginosis
Atopic Dermatitis _ Sexually Transmitted
Ectodermal Dysplasia | Diseases
YeastInfection
Skin' antecubital fossa -

Skin Cancer

Balance Mediation

Vagina

Associations are abundant.

N



The human microbiome

Trillions of microbes carrying orders of magnitude more genes than the
host genome, shaping metabolism, immunity, and inflammation (Belizirio
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Why multi-omics?

Composition tells us ; it does not tell us the community
acts on the host.
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Why multi-omics?

Composition tells us ; it does not tell us the community
acts on the host.

Microbiome composition

who is there
16S rRNA amplicon / shotgun metagenomics

'

Microbial products
GC-MS, LC-MS/MS

Host response marker

what reaches the host

how the host responds

ELISA / multiplex immunoassay

{

[Clinical outcome J what we care about

Many cohorts, including the iHMP (Lioyd-Price et al., 2019) and MEC (Hullar
et al., 2021), profile these layers on the same subjects — enough to ask a
question.
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Mediation analysis

Does the effect of the microbiome on the outcome run the
intermediate layer?

. Microbiome Mediator B Outcome
Covariates - > B microbial product o .
composition clinical endpoint
Y
We study the case where the microbiome is the rather than the

mediator.
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Challenges when the microbiome is the exposure

1. Abundances carry only 3
relative information (Gloor et al, 2017).
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1. Abundances carry only 3
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Challenges when the microbiome is the exposure

1. Abundances carry only 3
relative information (Gloor et al, 2017).

overdispersed counts, excess zeros.
3. A O L]

direct or indirect effect of a

high-dimensional exposure is well

defined only after the exposure is >jmy =1

reduced to a low-dimensional summary

(Kramer et al., 2026).

£t xo

How do we reduce dimension so that the latent exposure is
?
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Dimensionality reduction

how each taxon enters

Diversity index

PCA on log-ratios
(Zhao et al., 2022) ] H | H

(Rivera-Pinto et al., 2018) |l | |
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Balances

A balance is the log-ratio between two geometric means

_ a+a— 9(Xz,)
B(z,X) = 1/a+ i log JX )

where z = (21,...,24) is an indicator vector such that z; € {+1,0,—1},
ar =124 and a_ = |7 |

B(z,X;) €R
u—n n—uu o= — (=, X:) €
one number per subject
t 1 d

one cell per taxon, j

. 25 +1: numerator Z__ z;j = —1: denominator Z__ zj = 0: excluded

~
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Balances

A balance is the log-ratio between two geometric means

_ a+a— 9(Xz,)
B(z,X) = 1/a+ i log JX )

where z = (21,...,24) is an indicator vector such that z; € {+1,0,—1},
ar =124 and a_ = |7 |

B(z,X;) €R
u—n n—uu o= — (=, X:) €
one number per subject
t 1 d

one cell per taxon, j

. 25 +1: numerator Z__ z;j = —1: denominator Z__ zj = 0: excluded

e Intervention can be done by modulating the balance (Rivera-Pinto et al.,
2018).

~
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Balance mediation model

Observed data {X;, m;, y; }7 ;.

® B(z,X;): latent scalar exposure
® m;: scalar mediator (multivariate case later)

® y;: continuous outcome
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Balance mediation model

Observed data {X;, m;, y; }7 ;.

® B(z,X;): latent scalar exposure
® m;: scalar mediator (multivariate case later)

® y;: continuous outcome

Linear SEM:
m; = aB(z, X;) + e;, e; ~ N(0,02),
Yi :’YB(z,Xi)JrﬂmiJr&, E; NN(O,O’?).
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Balance mediation model

Observed data {X;, m;, y; }7 ;.

® B(z,X;): latent scalar exposure
® m;: scalar mediator (multivariate case later)

® y;: continuous outcome

Linear SEM:

m; = aB(z, X;) + e;, e; ~ N(0,02)

€

Yi = ’YB(Z7X1‘) + Bm; + &5, €~ N(O, 0’?)

)

Under the standard identification assumptions (VanderWeele, 2016), per unit
change in the exposure:

=ap, =7.
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Bayesian inference

Unknowns: the balance z, effects (a, 3,7), variances (02, 02).
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Bayesian inference

Unknowns: the balance z, effects (a, 3,7), variances (02, 02).
Priors:
e independent prior on each taxon,

zj € {+1,0, =1} w.p. (1, 1 —n1 —n2, 12);

smaller n = sparser balance;
e conjugate normal-inverse-gamma on effects and variances;

° LNM or LTN prior on X; to capture sampling zeros.

Balance Mediation 9



Bayesian inference

Unknowns: the balance z, effects (a, 3,7), variances (02, 02).
Priors:
e independent prior on each taxon,

zj € {+1,0, =1} w.p. (1, 1 —n1 —n2, 12);

smaller n = sparser balance;
e conjugate normal-inverse-gamma on effects and variances;

° LNM or LTN prior on X; to capture sampling zeros.

The balance is learned with the effects.
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Posterior inference

Conditional on z, everything is conjugate:
e f(a,B,7 | z,Data): normal

o f(0% 0% | z,Data): inverse-gamma

Balance Mediation 10



Posterior inference

Conditional on z, everything is conjugate:
e f(a,B,7 | z,Data): normal

o f(0% 0% | z,Data): inverse-gamma

So we and are left with one hard object:

f(z | Data) — discrete, no closed form.

Balance Mediation 10



Posterior inference

Conditional on z, everything is conjugate:
e f(a,B,7 | z,Data): normal

o f(0% 0% | z,Data): inverse-gamma

So we and are left with one hard object:
f(z | Data) — discrete, no closed form.

Collapsing improves mixing; the problem reduces to
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Gibbs sampler

Update z one taxon at a time:
e sweep j =1,...,d in random order;

e draw z; € {+1,0, -1} from its full conditional (keeping
Z4, Z_ non-empty);

e relabel the sign so that v > 0.
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Gibbs sampler

Update z one taxon at a time:
e sweep j =1,...,d in random order;
e draw z; € {+1,0, -1} from its full conditional (keeping
Z4, Z_ non-empty);
e relabel the sign so that v > 0.

One sweep costs O(d) density evaluations.
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Metropolis—Hastings algorithm

Update value pairs (k, 1) according to a local proposal g, (k, 1) (Huang, 2020).
e Current state z.

Pick a pair of values (k,1) € {(1,-1),(1,0),(—1,0)} uniformly at
random.

e Propose a new z’ by modifying (k, 1) according to ¢..

Compute the acceptance probability

(1 FEa k] 2)
m(2',z, k1) = (1, f(z)qr(k,l|z)>’ k#1L.

e Accept z’ with probability m otherwise stay at z.
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Metropolis—Hastings algorithm

Update value pairs (k, 1) according to a local proposal g, (k, 1) (Huang, 2020).
e Current state z.

e Pick a pair of values (k,1) € {(1,—1),(1,0),(—1,0)} uniformly at
random.

e Propose a new z’ by modifying (k, 1) according to ¢..

e Compute the acceptance probability

(1 FEa k] 2)
m(2',z, k1) = (1, f(z)qr(k,l|z)>’ k#1L.

e Accept z’ with probability m otherwise stay at z.

Stochastic search is fast, but for large d.
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Multivariate mediators

Real pathways involve mediators.
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Multivariate mediators

Real pathways involve mediators.

e mediator model with a

e select active mediators jointly with the balance, adapting the
of correlated mediators (Song et al., 2021).
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Data generating model

e d = 50 taxa; zero-inflated log-normal counts (~40% zeros),
total-sum normalized.

e True balance z = (+1,41,+1,-1,-1,-1,0,...,0).
o True effects a =v=1/3, B € {0,2} = IE =af € {0, 2/3}.
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d = 50 taxa; zero-inflated log-normal counts (~40% zeros),
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True balance z = (+1,+1,+1,—-1,-1,-1,0,...,0).
True effects « =v=1/3, f € {0,2} = IE = af € {0, 2/3}.

¢ Scenarios:

I: correctly specified model
Il: misspecified balance weights




Data generating model

d = 50 taxa; zero-inflated log-normal counts (~40% zeros),
total-sum normalized.

True balance z = (+1,+1,+1,—-1,-1,-1,0,...,0).
True effects « =v=1/3, f € {0,2} = IE = af € {0, 2/3}.

¢ Scenarios:

I: correctly specified model
Il: misspecified balance weights

Competitors:

(true 2)
unsupervised principal balance
regDOC (Wang et al., 2019) on CLR-transformed data
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Results: indirect effect (Scenario 1)

; an outcome-blind balance does not.

Bias RMSE  Covergs Reject

Null (8 = 0)

BalMed —0.04 0.06 0.73 0.27
Oracle 0.00 0.03 0.96 0.04
Principal balance 0.00 0.02 —_ —
IE=2/3(8=2)

BalMed 0.13 0.21 0.59 0.97
Oracle 0.00 0.12 0.93 1.00

Principal balance —0.67 0.69 — —

Sample size n = 100. Gap to the oracle is calibration, and shrinks at n = 200.
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Results: indirect effect (Scenario I1)

Same pattern under — BalMed is robust to
the loading pattern.

Bias RMSE  Covergs Reject

Null (8 = 0)

BalMed —0.02 0.05 0.81 0.19
Oracle 0.02 0.04 0.93 0.08
Principal balance 0.00 0.02 — —
IE=2/3(8=2)

BalMed 0.15 0.22 0.62 0.95
Oracle —0.04 0.12 0.93 1.00

Principal balance —0.67  0.69 — —

Under the null, even the oracle’s Type | error is mildly inflated by the misspecified

weights.
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Results: taxon selection

Scenario | Scenario Il

1.00 A z :
[ :
© 0.751 : BalMed
.g : — regDOC
‘Z 0.501 :
g : - n=100
2 0.254 —I_/_J_/_/ —’_,_,_4—’—/ — n=200
= -~ _-- ¢V - L __ ,

0.00 | :

00 01 02 03 04 0500 01 02 03 04 05
false discovery rate

e BalMed regDOC across the range.
e At FDR = 0.1: recovers of active taxa vs. for
regDOC.
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Sensitivity analysis

(A) Prior on z (B) Dimension
IE RMSE TPRatFDR = 0.1 IE RMSE TPR at FDR = 0.1
L%
S 0.754
~, 0.64
02 LY
~. 0.70
s 0.4
0.651
0.1 0.24
0.60 L
—
U3 U5 120 3 U5 120 40 60 80 100 40 60 80 100
prioron z (eta) number of taxa d — beta=0
(C) Signal density (D) Unmeasured confounding - beta=2
IE RMSE TPRatFDR = 0.1 IE RMSE TPR at FDR = 0.1
0.99 i
03 151 .
S 0.8 L .
02 R O ¢ 071 1.04 e
064 =
01 0.5 ~ 0.54 - -
e I -
ot r——
25 50 75 100 25 50 75 100 00 05 10 15 20
active taxa per side
e Robust to the prior, dimension, and sparsity of z.
e Breaks down under , as

the identification theory predicts.
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Gibbs vs. Metropolis—Hastings

>
@

Agreement (paired by replicate) Efficiency (Gibbs / MH)

IE TPR at FDR = 0.1 g 30
125 ., 06 . . o4 8 3
e . "
2 oo
100 A
04 o g
0.75 . e 5 .
I . S X
= , =3
¥ g
0.50 P , 2
¢ X S 5
. 0.2 E
0.25 3 = iy
J s X
0.001% %
0 o4 0B 2 025 050 075 100 § 1f - ----c-cccooon
o ESS/sec move rate CPUliter

e Same answers (points on y = z).

e Gibbs is far more efficient: ~ the effective samples per second.
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MEC-APS study

Does mediate the effect of the gut microbiome on liver fat?
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MEC-APS study

Does mediate the effect of the gut microbiome on liver fat?

e Multiethnic Cohort—Adiposity Phenotype Study (Hullar et al., 2021);
n = 1513 older adults, 5 ethnic groups.

o Exposure: gut microbiome (135 genera).

¢ Mediator: lipopolysaccharide-binding protein (marker of
endotoxemia).

e Outcome: percent liver fat (MRI).

20




MEC-APS study

Does mediate the effect of the gut microbiome on liver fat?

e Multiethnic Cohort—Adiposity Phenotype Study (Hullar et al., 2021);
n = 1513 older adults, 5 ethnic groups.

o Exposure: gut microbiome (135 genera).

¢ Mediator: lipopolysaccharide-binding protein (marker of
endotoxemia).

e Outcome: percent liver fat (MRI).

Adjusted for demographics, total body-fat percentage, diet, behavior, season, and
diabetes status. Sensitivity fits vary the prior, swap diabetes for metformin use (or
neither), drop the adiposity adjustment, or exclude metformin users or participants

with diabetes.
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MEC-APS: effect decomposition

Effect decomposition Path coefficients
DE (y) IE (aB) a (B LBP) B(LBP -y)
0= 1120, diabetes —_——— ———
0= 113, diabetes
0= 1/5, diabetes
1 = 1120, metformin —_—— —
1= 1120, neither
no adiposity —_—a —_
metformin excluded
diabetes excluded
009 010 011 012 013 014 0000 0002 0004 0006  0.0080.0150.0200.0250.030 0.0350.040 000 005 010 015 020
posterior mean (95% Crl) posterior mean (95% Crl)

- primary & sensitivity

o direct effect, v = 0.12 (95% Crl 0.10 to 0.13), in all eight
fits.
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MEC-APS: effect decomposition

Effect decomposition Path coefficients
DE (y) IE (aB) a (B LBP) B(LBP -y)
0= 1120, diabetes —_——— ———
0= 113, diabetes
0= 1/5, diabetes
1 = 1120, metformin —_—— —
1= 1120, neither
no adiposity —_—a —_
metformin excluded
diabetes excluded
009 010 011 012 013 014 0000 0002 0004 0006  0.0080.0150.0200.0250.030 0.0350.040 000 005 010 015 020
posterior mean (95% Crl) posterior mean (95% Crl)

- primary & sensitivity

o direct effect, v = 0.12 (95% Crl 0.10 to 0.13), in all eight
fits.

e Small indirect effect through LBP, o8 = 0.0023 (0.0004 to
0.0045): about 2% of the total effect.
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MEC-APS: effect decomposition

Effect decomposition Path coefficients
DE (y) IE (aB) a(B—LBP) B(LBP —vy)
0= 1120, diabetes —_——— ———

n=1/3, diabetes

n=1/5, diabetes

= 1120, metformin —_— —_——

n = 1120, neither

no adiposity _— —_—

metformin excluded

diabetes excluded

009 010 011 012 013 014  0.000 0.002 0.004 0.006 0.0080.015 0.020 0.025 0.030 0.035 0.040 0.00 005 010 015 020
posterior mean (95% Crl) posterior mean (95% Crl)

- primary & sensitivity

o direct effect, v = 0.12 (95% Crl 0.10 to 0.13), in all eight
fits.

e Small indirect effect through LBP, o8 = 0.0023 (0.0004 to
0.0045): about 2% of the total effect.

e The indirect effect’s Crl includes zero under less sparse priors and in
the exclusion fits; dropping the adiposity adjustment
it.
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MEC-APS: taxon selection

21 genera selected (PIP > 0.5) in the primary fit; 10 are selected in all
eight fits.

Numerator (higher liver fat, LBP)

Lachnospiraceae (uncultured)  +1.00 Clostridia UCG-014 —1.00
Marvinbryantia +0.99  Oscillospira —1.00
Lachnoclostridium +0.96  Erysipelatoclostridium —0.97
Veillonella +0.91 Intestinimonas —0.95
Bacteroides +0.89 Haemophilus —0.90
Lachnospiraceae CAG-56 +0.76 Lachnospiraceae NK4A136 —0.89
Howardella 40.74  Christensenellaceae (uncultured) —0.82
Colidextribacter +0.73  Anaerotruncus —0.66
Negativibacillus +0.67 Holdemania —0.65
Ca. Stoquefichus +0.60  Cloacibacillus —0.51
Bilophila +0.60

® Denominator: mostly obligate anaerobes, several SCFA producers — in line with
the butyrate-producer depletion reported in fatty liver disease (Aron-Wisnewsky
et al., 2020).

® Numerator: Gram-negative Bacteroides, Veillonella, Bilophila, and several
Lachnospiraceae.

N
N}
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MEC-APS: taxon selection

21 genera selected (PIP > 0.5) in the primary fit; 10 are selected in all
eight fits.

Numerator (higher liver fat, LBP)

Lachnospiraceae (uncultured)  +1.00 Clostridia UCG-014 —1.00
Marvinbryantia +0.99  Oscillospira —1.00
Lachnoclostridium +0.96  Erysipelatoclostridium —0.97
Veillonella +0.91 Intestinimonas —0.95
Bacteroides +0.89 Haemophilus —0.90
Lachnospiraceae CAG-56 +0.76 Lachnospiraceae NK4A136 —0.89
Howardella 40.74  Christensenellaceae (uncultured) —0.82
Colidextribacter +0.73  Anaerotruncus —0.66
Negativibacillus +0.67 Holdemania —0.65
Ca. Stoquefichus +0.60  Cloacibacillus —0.51
Bilophila +0.60

® Denominator: mostly obligate anaerobes, several SCFA producers — in line with
the butyrate-producer depletion reported in fatty liver disease (Aron-Wisnewsky
et al., 2020).

® Numerator: Gram-negative Bacteroides, Veillonella, Bilophila, and several
Lachnospiraceae.

the direct effect is an order of magnitude larger, so the balance
mainly reflects the direct association; data are observational.
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e Bayesian mediation analysis when the exposure is a
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e Bayesian mediation analysis when the exposure is a

e A reduces the composition to an interpretable scalar
log-ratio — learned jointly with the effects.
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e Bayesian mediation analysis when the exposure is a

e A reduces the composition to an interpretable scalar
log-ratio — learned jointly with the effects.

e Collapsed Gibbs/MH sampler.
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e Bayesian mediation analysis when the exposure is a

e A reduces the composition to an interpretable scalar
log-ratio — learned jointly with the effects.

Collapsed Gibbs/MH sampler.

MEC-APS: a robust direct association with liver fat, and a small
indirect effect through LBP that depends on adiposity adjustment.

Balance Mediation
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Preprint: bioRxiv, doi:10.64898,/2026.09.24.754147
Code: github.com/drjingma/BalExMed

This work was supported by NIGMS.



References |

Balance

Judith Aron-Wisnewsky, Chloe Vigliotti, Julia Witjes, Phuong Le, Adriaan G Holleboom, Joanne Verheij, Max Nieuwdorp, and Karine
Clément. Gut microbiota and human NAFLD: disentangling microbial signatures from metabolic disorders. Nature Reviews
Gastroenterology & Hepatology, 17(5):279-297, 2020.

José E Belizdrio and Mauro Napolitano. Human microbiomes and their roles in dysbiosis, common diseases, and novel therapeutic
approaches. Frontiers in Microbiology, 6:1050, 2015.

Gregory B Gloor, Jean M Macklaim, Vera Pawlowsky-Glahn, and Juan J Egozcue. Microbiome datasets are compositional: and this is not
optional. Frontiers in Microbiology, 8:2224, 2017.

Lu Huang. Bayesian Balance Regression and Mediation Analysis for Microbiome Compositional Data. PhD thesis, University of
Pennsylvania, 2020.

Meredith A J Hullar, Isaac C Jenkins, Timothy W Randolph, Keith R Curtis, Kristine R Monroe, Thomas Ernst, John A Shepherd,
Daniel O Stram, lona Cheng, Bruce S Kristal, Lynne R Wilkens, Adrian Franke, Loic Le Marchand, Unhee Lim, and Johanna W
Lampe. Associations of the gut microbiome with hepatic adiposity in the multiethnic cohort adiposity phenotype study. Gut Microbes,
13(1):1965463, 2021. doi: 10.1080/19490976.2021.1965463.

Patrick Kramer, Edward H Kennedy, and Isaac M Opper. Causal inference with high-dimensional treatments. arXiv preprint
arXiv:2602.21423, 2026.

Jason Lloyd-Price, Cesar Arze, Ashwin N Ananthakrishnan, Melanie Schirmer, Julian Avila-Pacheco, Tiffany W Poon, Elizabeth Andrews,
Nadim J Ajami, Kevin S Bonham, Colin J Brislawn, et al. Multi-omics of the gut microbial ecosystem in inflammatory bowel diseases.
Nature, 569(7758):655-662, 2019.

J Rivera-Pinto, JJ Egozcue, Vera Pawlowsky-Glahn, Raul Paredes, Marc Noguera-Julian, and ML Calle. Balances: a new perspective for
microbiome analysis. mSystems, 3(4):e00053-18, 2018.

Yanyi Song, Xiang Zhou, Jian Kang, Max T Aung, Min Zhang, Wei Zhao, Belinda L Needham, Sharon L R Kardia, Yongmei Liu, John D
Meeker, Jennifer A Smith, and Bhramar Mukherjee. Bayesian hierarchical models for high-dimensional mediation analysis with
coordinated selection of correlated mediators. Statistics in Medicine, 40(27):6038-6056, 2021.

Tyler J VanderWeele. Mediation analysis: A practitioner's guide. Annual Review of Public Health, 37:17-32, 2016.

Yu-Bo Wang, Zhen Chen, Jill M Goldstein, Germaine M Buck Louis, and Stephen E Gilman. A bayesian regularized mediation analysis
with multiple exposures. Statistics in Medicine, 38(5):828-843, 2019.

Yi Zhao, Lexin Li, and Alzheimer's Disease Neuroimaging Initiative. Multimodal data integration via mediation analysis with
high-dimensional exposures and mediators. Human Brain Mapping, 43(8):2519-2533, 2022.

Nediation

25




	Motivation
	Methods
	Bayesian Inference
	Simulations
	Data application
	Conclusion
	Appendix
	References


