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Microbiome analysis often involves differential abundance testing, determining how taxa
abundances change with respect to a community phenotype. This testing is complicated
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by the fact that microbiome data are compositional, sparse, right-skewed, and high- . . . .
dimensional. To address these challenges, MaAsLin 3 (Microbiome Multivariable Using MetaPhlAn 4, taxonomic profiles were constructed from 1637 metagenomic samples
L . . ! . » General mixed model specification Any valid Ime4 formula can be specified |An interaction term can evaluate the In the Inflammatory Bowel Disease Multi-omics Database. We analyzed microbial
Associations with Linear Models) simultaneously identifies both prevalence and difference in a treatment's effect - . g . " . . .
L . . . . . P _ associations with Crohn’s Disease, Ulcerative Colitis, and dysbiosis while controlling for
abundance associations in a biologically motivated and statistically principled manner. between two populations. e . . -
. . . . . _ _ _ _ _ _ _ — _ antibiotic use, age, and read depth. Repeated sampling was accounted for with participant-
Additionally, MaAsLin 3 enables more robust inference for abundance associations by Omnibus testing For a covariate with multiple categories, |In a study with participants from multiple specific random intercepts
accounting for compositionality with reference spike-ins or a median comparison this is an ANOVA-style test of whether |countries, this could test whether '
: : : : : o the different levels have different species abundances differ among - _
procedure. Across a variety of simulations, MaAsLIin 3 Is more robust to the statistical coefficients e Dysbiosis CD Dysbiosis UC Prevalence Abundance | Null hypothesis
- - - A _ - . _ - . : — - . Klebsiell iae (SGB10115)- A @ /N O Abundance
properties el mlcroplome data than current state-of-the-art dlﬁe_rentlal abundance Level-versus-level differences For a covariate with ordered levels, this |In a study of participants with different lelsii;S:sg:?je (SGB6169)1 A e AN o . . ...= Prevalence
methods. When applied to a large dataset of stool samples from an inflammatory bowel is a test for differences between stages of colorectal cancer, this could P seudoflavonifractor gallinarum (SGE29328). Ao N = ot
disease cohort, MaAsLin 3 indicates that the vast majority of so-called abundance consecuitive levels. test whether species abundances differ Clostridium sp. AT4 (SGBA7S3). Al e Ao EEE - S
associations are actually prevalence associations. _ _ _ between consecutive stages. Enterocloster boteae (SGB4758)] A @ AO - - - A Prevalence
Contrast testing This is a general test for a linear In a study with samples from different Veillonella parvula (SGB6939)- A @ NO I - oreval 5
combination of coefficients against a soil types, this could test whether Ruminococcus gnavus (SGB4584)- NAe AO " reyaience Fron
. . . constant (typically used for testing species abundances differ between Bacteroides fragilis (SGB1855){  # | © /0 . - . 01
I I I l p r O V e a.S S O C I a.t I O n teSt I n g whether two coefficients are diﬁerent)- each pair of soll types. Bacteroides thetaiotaomicron (SGB1861)- & O A O *k *x .
Feature-specific covariates For a covariate that differs per-feature, |In a metatranscriptomic study, this Blautia obeum (SGB4811) A O A O b > [ ] -
this includes the relevant covariate in  |controls for a gene’s DNA abundance Parasutterella excrementihominis (SGB9262){ & O A O | - fe-23
each feature’s model. when regressing the RNA abundance. o Roseburia hominis (SGB4936) A O A B - Ablflndance Pror
8 How ||ke|y is the QD How much of the % Dorea formicigenerans (SGB4575) Yo, AO . .
- Q . Q S P . . L Roseburia inulinivorans (SGB4940) A O O - R 0.1
© Q species to be present? & species is there if it’s S n t h Etl C ev al u atl O n Bacteroides ovatus (SGE1871). A @ A o EE I
U ? . I * %k * %
= 3 © present” y — _ A =
—_— - uminococcus torques (SGB4563) O AL ... 1e-23
= i . . i i
2 S| © ® e ¢ 3 Synthetic datasets were created using SparseDOSSA 2 with 100 microbes, 5 categorical or Faecalibacterium prausnitzii (SGB15316)] M O o L] % Beta coefficient
= qg_ © continuous metadata variables, and included prevalence or abundance effects for 10% of i Odlf’t:'bf“‘?‘ Sp'a”C“”_lC_?S( S(Z(;?;ig :‘O @m B = l ' O (15
(@) . . aecalibacterium prausnitzii - * % *
O % O feature-metadatum pairs. The included fold changes (abundance) or log-odds changes Bacteroides uniformis (SGB1836) | e A o - " o (0750
) — : : :
¢ 5 % (prevalence) were chosen uniformly from 2.5 to 5. All differential abundance tools were run on Clostridium sp. AF34 10BH (SGB4914)] A O G BEEEE -B» E 07515
D O O = . . e (0.75,1.5]
O Q S each dataset, and associations were false discovery rate corrected. MaAsLin 3 (with its Phocaeicola vulgatus (SGB1814) M Ao 2] d o WA
o N (D) - - - . . Eubacterium rectale (SGB4933)- A O A O .... . _
& o0 O © o default data augmentation and median comparison) outperformed other differential - socalivacterium prasnit (SGB1534) . A © ad 1 ) Covariates Prpr
Metadatum Motadatom ) M otadatum abun_dgnce methods. F_l:_harmonic mean qf _precision anc_l recall. Rel_ative shrinka_lge error: (|Fit Fascalibacterium prausnitzii (SGB15318)1 i @ AO B B " . <0
coefficient| - |True coefficient|) / [True coefficient|. Effect size correlation: Correlation between 8 4 0 4 8 4 0 4 B20CFLEERISFEE
MaAsLin 3 separates prevalence testing (determining how likely a taxon Is to be present) fit and true coefficients. cocticon tg27 S22l
from abundance testing (determining how much of a taxon is present if it is present). g §° §° <@ g § § ..
Multivariable logistic and linear models allow users to control for a wide range of parameters. F1 Relative shrinkage error Effect size correlation 2 2

1.0

. . 1.07 =
Logistic regression runs the risk that a * : Of the resulting 372 associations, 287 (/7%) were prevalence associations, suggesting that
, : O 0.757 0.571 |7 0 : many previously reported abundance associations are actually prevalence associations.
taxon’'s presence can be linearly e o oo 20008 H+ Jle | e * o e 0.5 yP STy Teps . L y P . .
separable (left). MaAsLin 3 avoids this o7 |slle o e Consistent with previous reports of decreased diversity in stool samples from patients with
by augmenting the data with a 0 and a 0.50- 0.0 0.01 Inflammatory bowel diseases, 59% of significant abundance associations and 89% of

1 pseudocount at each data point’s significant prevalence associations had negative coefficients.

covariate values and performing
weighted regression (right).
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Q . . . . . . N - E 1 .
cg 5 ) % For the abundance Abundance association detection = Prevalence association detection (n = 43) o "‘l_ - a recently isolated human
&) . . . - — 4 . ()] .
S = g associations, at any given % 1.00 C (Dysbiosie). & '_ gut commensal |
s — g g 9 recall level, precision was o5 (Dysbioss associated with metabolic
= S = — 8 improved with the median ~ 0.75- 0.75 n=112)" I— disorders in humans and
7)) O . . . 1 0 T T T T . -
<] 1 1 = g comparison or Spike-in S S ¥ oF oF o o° A® 10°  10* 102 10° prevention of .dle.t_ .
X 5 T ot 0 normalization to handle 2, 5, 2 4 50. Proportion Present Relative abundance Induced obesity in mice.
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