Kim et al. BMC Bioinformatics

(2026) 27:45

BMC Bioinformatics

https://doi.org/10.1186/512859-025-06362-3

A negative binomial latent factor model

Check for
updates

for paired microbiome sequencing data

Hyotae Kim"", Nazema Y. Siddiqui?, Lisa Karstens® and Li Ma*"

*Correspondence:

Hyotae Kim

hyotae kim@duke.edu

LiMa

li.ma@uchicago.edu
'Department of Biostatistics &
Bioinformatics, Duke University,
2424 Erwin Road, Durham,

NC 27705, USA

’Department of Obstetrics and
Gynecology, Duke University, 203
Baker House, Durham, NC

27710, USA

*Department of Medical Informatics
and Clinical Epidemiology and
Department of Obstetrics and
Gynecology, Oregon Health &
Science University, 3181 S.W. Sam
Jackson Park Road, Portland,

OR 97239, USA

“Department of Statistics and
Data Science Institute, University
of Chicago, 5747 S Ellis Avenue,
Chicago, IL 60637, USA

K BMC

Abstract

Background Microbiome sequencing data are often collected from several body

sites and exhibit dependencies. Our objective is to develop a model that enables

joint analysis of data from different sites by capturing the underlying cross-site
dependencies. The proposed model incorporates (i) latent factors shared across sites
to explain common subject effects and to serve as the source of correlation between
the sites and (i) mixtures of latent factors to allow heterogeneity among the subjects in
Cross-site associations.

Results Our simulation studies demonstrate that stronger associations between
two sites lead to greater efficiency loss in regression analysis when such dependence
isignored in modeling. In a case study involving samples collected from a study on
the female urogenital microbiome with aging, our model leads to the detection

of covariate associations of the vaginal and urine microbiomes that are otherwise
not statistically significant under a similar regression model applied to the two sites
separately.

Conclusions We propose a latent factor model for microbiome sequencing data
collected from multiple sites. It captures the presumptive underlying cross-site
associations without compromising estimation accuracy or inference efficiency in the
absence of such associations. In addition, our proposed model improves predictive
performance by enabling the prediction of microbial abundance at one site based on
observations from another. We also provide an extended framework that allows for
clustering of subjects (samples) and cluster-specific levels of paired association. Under
this extended framework, clusters can be classified according to their association
strengths.

Keywords Bayesian modeling, Latent factor models, Paired microbiome sequencing
data, Pdlya-Gamma augmentation

Background

The advent of next-generation sequencing (NGS) technology enables the identification of
a wide range of microbes from environmental samples without the need for cultivation,
thus facilitating the exploration of microbial communities. The two most widely used
methods for sequencing microbial communities are universal marker gene amplicon
sequencing, such as the 16 S rRNA gene, and whole metagenome shotgun sequencing
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(WMS) of all microbial genomes. These methods produce sequencing reads, which are
subsequently mapped to taxa at various taxonomic levels using bioinformatic prepro-
cessing pipelines, such as DADAZ2 [1] and MetaPhlAn [2]. As a result of this taxonomic
profiling, a large, highly sparse count table of taxa per sample is produced, with typically
a finer taxonomic resolution in WMS than in 16 S amplicon sequencing.

To gain a comprehensive understanding of the human microbiome, researchers often
collect data from multiple body sites for each individual and compare the composition
and functions of the microbial communities in different parts of the body (e.g., [3, 4]).
The UMICRO data set, which we will use as a case study, includes vaginal-urine paired
samples obtained by vaginal swabbing of the distal vagina and urine collection by trans-
urethral catheterization, with the aim of identifying the microbial composition of the
two communities and analyzing their variations with respect to the menopausal status
of the participants. As the sample pairs were collected from two different body sites of
the same subject, common effects associated with the subject are likely to be present in
both vaginal and urine samples. This data set motivates the development of a model to
capture the potential associations between the vaginal and urine niches.

For the analysis of microbial sequencing data in the form of a count table with rows
for samples and columns for taxa, modeling methods originally developed for RNA
sequencing (RNA-seq) or single-cell RNA sequencing (scRNA-seq) data can be adopted.
Similar to microbial data, RNA sequencing data provide sparse count tables that report
the number of sequence fragments assigned to each gene per sample or cell, for which
the following models have been devised: negative binomial models [5, 6], zero-inflated
negative binomial models [7], Poisson zero-inflated log-normal models [8], and trun-
cated Gaussian hurdle model [9]. In addition, [10-13] introduced beta-binomial, mul-
tinomial, and zero-inflated Gaussian models, which were specifically developed for
microbiome data. Although zero-inflated models were created to accommodate the pro-
nounced sparsity of microbiome data, their validity in count-based models for sequenc-
ing reads remains controversial. As discussed in [14, 15], in many common settings
involving sparse sequencing count data, the abundance of zeros can often be adequately
accommodated by simply incorporating overdispersion into count-based sampling mod-
els, such as in negative binomial models, without needing an additional zero-inflation
component. We share this viewpoint, and because we are considering overdispersed
count-based models in this paper, we do not by default incorporate an additional zero-
inflation component, but in cases where such a component is indeed justified, incorpo-
rating it into the model is straightforward.

We propose a modeling framework to jointly analyze microbiomes from two (or more)
body sites, adopting a negative binomial regression model for each site while incorpo-
rating a shared latent factor to parsimoniously capture potential correlation in paired
samples from different body sites in some taxa. Specifically, two negative binomial
distributions, one for each site, share a set of latent factors, which are interpreted as
unobserved common effects that contribute to their correlation. This paper focuses on
a paired two-site data set, for which the latent factor model corresponds to a mixed-
effects model. The framework can be generalized to more than two sites by introducing
multiple latent factor vectors with associated factor loadings.

Mixed-effects models are commonly used for repeated-measurement data. Zhang et
al. [16] developed a zero-inflated Gaussian mixed model for longitudinal microbiome
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data (see [17-19] for other linear (Gaussian) mixed-effects applications in microbiome
analysis). However, Gaussian-based models require transforming count data to the real
line, which can introduce bias and make the results highly sensitive to the choice of
transformation. We demonstrate this later in the model comparison, using a log trans-
formation with several choices of pseudocounts. Chen and Li [20] proposed a beta—dis-
tribution-based mixed model with two regression components: one for the probability
of observing zero abundance (i.e., presence/absence modeling) and the other for relative
abundance among nonzero observations. In this formulation, a regression coefficient no
longer represents the overall effect of a covariate on abundance but instead corresponds
to separate effects for “presence/absence” and “abundance conditional on presence” In
addition, the number of parameters doubles, increasing the complexity of inference.
More importantly, both mixed-effects approaches model relative abundances, which
induce compositionality and render the independence assumption across taxa unten-
able. In contrast, our approach models count data directly, requiring no transformation
and allowing independence across taxa to be reasonably assumed, which enables inde-
pendent modeling and parallel implementation for inference.

We extend our model to allow the latent factors to form subgroups, each of which can
exhibit distinct cross-site correlation patterns. We present versions of the model that
work both when the subgrouping is observed and when it is not. In the latter case the
subgrouping is inferred from the data. We carry out a case study on the UMICRO data,
where the subjects are categorized into three subgroups according to menopausal status.

The rest of the paper is organized as follows. Section 2 introduces our negative bino-
mial latent factor model with Sect. 2.1 for the base modeling framework and Sect. 2.2
for some model extensions. In Sect. 2.3, we present a hierarchical representation of our
model with prior specifications, followed by a posterior prediction approach. The pro-
posed model is illustrated through synthetic data in Sect. 3.1 and the UMICRO study in
Sect. 3.2. Finally, Sect. 4 concludes.

Methods

Joint negative binomial model

For a given taxon (e.g., genus), we use ys; to denote the observed count in sample i at
body site s, with ¢ = 1,...,n and s = 1, 2. Although the data are also indexed by taxa,
we suppress the taxon index throughout for simplicity, as the model is taxon-specific
and applied separately to each taxon. Let NB(y, ) be a negative binomial distribution
with mean ¢ and variance (1 + pa)p. We consider the following joint negative binomial
model (JNBM) that relates the counts from two sampling sites through a taxon-specific
latent factor, ;, in the form of a multiplicative factor on the mean count for the taxon,

ind.

Y1i ~ NB(um 041>, Hii = GXP(%)NM GXP(Xz{ﬁl)
Yoi P NB(p2s, an),  pas = exp(y;) Noi exp(X/f2) (1)

ii.d. 2 2
. ind. “ o » Lid. “
Here, the notation '~ represents “independently distributed” and "~ represents “inde-
pendent and identically distributed”. X; denotes the vector of covariates for sample i, and
Bs is the regression coefficient vector for body site s. o is the overdispersion parameter of
the negative binomial distribution. /V; indicates the total number of read counts, that is,
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the sum of y,; over all taxa of interest. The latent factor ; (or its exponential exp(v;))
is an unobserved variable representing a site-invariant, sample-specific effect, such as
unobserved clinical or demographic characteristics of participants. The multiplicative
effect of exp(7;) on the mean, /i.;, has E(exp(v;)) = 1 and Var(exp(7;)) = exp(¢?) — 1.
This distributional assumption with the mean of 1 enables the random effects of exp(~;)
to have no preference for a positive impact (> 1) or negative impact (< 1). The param-
eter ¢ measures the strength of the association between the two body sites; when ¢?
becomes zero, the model is reduced to two independent negative binomial distributions
for each body site, that is, NB(N; exp(X/f8s), as) for s = 1,2. We will refer to it as the
separate negative binomial model (SNBM). Section 3.2 will compare our joint two-site
model with SNBM in a case study on the UMICRO data.

To perform JNBM-based Bayesian inference, we need priors for (o, 35, ¢?); a descrip-
tion of the complete Bayesian hierarchical model can be found in Section 2.3.1. A fully
conjugate sampling recipe for posterior inference based on the Pélya-Gamma data aug-
mentation technique is detailed in Supplementary Material B.

For brevity in the model description, we assume balanced paired data, i.e., both sites
have the same number of samples. However, the model can also be used for unbalanced
data where some samples are available only for one site.

Model extension
Although JNBM assumes a constant level of cross-site association throughout all paired
samples, in real-world examples, this assumption is often unrealistic. However, allowing
each sample to have its own level of association may lead to an overly flexible model.
We thus compromise and assume that there are subgroups (either observed or unob-
served) among the samples for which the extent of cross-site association is comparable.
Consequently, we extend the base joint model by allowing different sample groups to
exhibit different levels of paired association, which can easily be achieved by replacing
the normal distribution for the latent factors with a mixture distribution. The follow-
ing is a two-component normal mixture-based model, which randomly assigns paired
samples to two groups:
7 N UN(-61/2,61) + (L-vN(=63/2.63). ¢} <4} @

It should be noted that we enforce an inequality constraint on the mixing parameter, ¢?
and ¢3, to ensure model identifiability. The general form of the mixture prior is given by
SO uN(=¢?2/2,67) with 0 < ¢3 < ... < ¢2 and Y1, vy = 1 for L > 1. In the paper,
we will call this joint negative binomial model with the two-component mixture distri-
bution JNBM_Mix. Regarding the choice of L, we recommend starting with an initial
value (e.g., L = 3 or 4) and conducting a sensitivity analysis by gradually increasing L
until the number of estimated clusters containing at least one sample is less than L for
all taxa. Supplementary Material A.4 presents random clustering results for the Lactoba-
cillus samples as an example. It also provides a table from the sensitivity analysis of the
number of estimated clusters under L = 4 and L = 8, supporting our choice of L. = 8.

Alternatively, the clustering of paired samples can be accomplished by using a given
variable ¢g(i) = {1,..., L} rather than random assignment with {v;}, where differences
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in association levels across L groups may serve as an indicator of the proximity among
them. The mixture distribution for ~; is adjusted as follows:

L
7 3 (90 )N(=67/2,07) = N(= 62 /2. 6%, 3)
=1

where d;(x) is a delta function with §;(x) = 1 for = [ and 0 otherwise. For the UMI-
CRO case study, we use Study Group variable for clustering, such that ¢g(i) = {Post-
menopausal with no estrogen, Postmenopausal on estrogen, Premenopausal}, which
model is named JNBM_SG.

Posterior inference

Hierarchical model representation

Below is a full description of the joint negative binomial model (J]NBM) presented in
(1) of Section2.1. Lety = {ys; : s =1,2and i =1,...,n},y={vi:i=1,...,n},and
Bs ={Bsp:p=1,...,P}for s =1,2. The model is defined as

2 n -1 -1

P(ys‘i + Oéfl) Q. A Msi Ysi
p(yHas}, {Bs},v) = { - s ( —* ) ( — ) ]
5];[1 }:[1 F(ysi + 1)F(O£S 1) Qg 1 —+ Wi g 1 + si
nle? KN(=¢2/2,6), i=1,...,m,
B‘S‘P|T3ir}g. (_Ts2/277-3)3 pzlv"'ap7 521327

(a5, 6%, 72) "™ Exp(an)Exp(age)Exp(asz), s =1,2,

rhs

where p15; = exp ('y,; + log(Ng;) + X! ﬁs). For simplicity, we place exponential priors on
(a5, @*,72). The rate parameters (aq, ag2,a,2) are chosen through sensitivity analysis.
Our primary parameters of interest, the regression coefficients, are robust to the choice
of these hyperparameters unless they are set to be substantially large, in which case the
estimates of (cvs, $2, 72) are unduly forced toward zero, which in turn shrinks the regres-
sion coeflicients toward zero. Accordingly, we began the sensitivity analysis with an arbi-
trary value and gradually decreased it until the estimates of {3, } stabilized. We choose
the hyperparameters (aq, ag2,a,2) = (1,0.1,0.001) for the analyses in Section 3, with
sensitivity analysis results for the case study provided in Supplementary Material A.6,
using Streptococcus as an example. Although the posterior distributions of (a, ¢?, 72)
are sensitive to the choice of hyperparameters, those of the regression coefficients show
little change unless the priors are deliberately set to be concentrated near 0 using larger
hyperparameters.

As with ;, we specify normal priors for the regression coefficients 3, with mean
—72/2 and variance 72, so that the multiplicative effects of exp(3s,) on ps; have mean
1 and variance exp(72) — 1. Supplementary Material B discusses the augmented likeli-
hood under this negative binomial modeling framework, which enables the regression
coefficients and the latent factors to have full conditionals in closed form.

Similarly, we can represent the extended models — INBM_Mix and JNBM_SG — with
variations in distributional assumptions on +; as follows,

[JNBM _Mix] : with auxiliary variables {{;} for a hierarchical representation of the

mixture distribution on ~;,
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ild3, . 00,6 T N(=g2,/2,62), i=1,...,n

p&=lv)=v, 1l=1...,L
(1, svn) ~ Dir(puy, -, Pur)

ind.
o "~ Exp(¢7|age),

(4)

where Dir(p1, ..., pr) denotes a Dirichlet distribution with p; = 1/L.
[JNBM_SG] :

ind. .

ind.
i~ Exp(eflag),

where g(i) is an observed variable, e.g., the study group clinical variable of the UMICRO
data in Sect. 3.2. We specify the hyperparameter g of the exponential prior for ¢7,
with the assumption of ag2 =,...,=ag,in the same manner as a2 of ¢* in JNBM.

Cross-site prediction

In making predictive inferences about unknown observables y*, we consider the poste-
rior predictive distribution below, from which we draw predictive samples and compute
their average. The posterior predictive distribution is

p(y"ly) = / p(y*10)p(6])db. 5)

where y denotes the observed data and 6 is a vector of model parameters: (a, 3) for
SNBM and (a, 8, 7) for JNBM. Posterior predictive samples for y* are drawn from the
negative binomial sampling distribution p(y*|0) with parameters that are substituted
with the posterior samples of  taken from p(@|y). Then, the mean of the posterior pre-
dictive samples becomes the predictive value for y*.

One useful feature of our joint model is the ability to predict counts at one site
using observations from the other site. Compared with SNBM, which relies only on
{ys,i : 1 € A— I}, ]NBM takes advantage of additional information from {ys,; : i’ € I}
for predictive inference, specifically through posterior sampling of model parameters.
By plugging the posterior samples of the model parameters (s, , S5, ,vir) into the sam-

pling distribution NB ( exp(vir + log(Ns, i) + X[ Bs,), a‘S,l) for JNBM (with ~;; = 0 for

SNBM), we obtain posterior predictive samples of y,, /. Let ggi’i, be a posterior predic-
tive sample from NB(exp('yi(,b) +log(Ns,ir) + XU, §§>), ag?)) with (agﬁ), ﬂg?), 'yi(b))
acquired at b-th MCMC iteration for b =1, ..., B. Then, the predictive value §s,; for
Ys,« is defined as the posterior mean, that is, s, = Zle gilz,/B.

In Section 3.2, we evaluate the predictive performance of the models using cross-val-
idation (CV), where zeros are intentionally imposed on the test-set counts to emulate
the anomalous zeros that may require prediction in real data. Sequencing depths for
the test-set samples are recalculated by subtracting the counts that are enforced to zero.
We employ 10-fold CV for each body-site data set: in each repetition, one-tenth of the
samples are held out as a test set, the models are fitted to the remaining data, and predic-
tions are generated for the held-out samples. This process is repeated ten times so that
every sample serves as a test observation exactly once for each data set and taxon.
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Results

Simulation

We conduct simulation studies of paired samples under varying levels of association,
comparing the separate negative binomial model (SNBM), the joint negative binomial
model (JNBM), and its extensions JNBM_SG and JNBM_Mix. Synthetic data are gen-
erated by drawing n = 300 pairs of samples from negative binomial distributions with
latent factors defined as,

ind.
y1i ~ NB(exp(y; +1og(Nyi) + X;b1), on);

ind.

y2i ~ NB(exp(vi + log(N2i) + X;f2), a2);

7 R N(=67/2,67).
The dispersion parameters and regression coefficients are arbitrarily cho-
sen to be a1=2 ax=1, f1=(b11,0P12,013) = (—10,0.03,0.03), and
B2 = (B21, P22, f23) = (—9,0.02,0.01), where X; = (41, %2, %:3)" is a vector consist-
ing of an intercept x;1, a continuous covariate ;53 ~ Unif(20, 80) and a binary covariate
233 ~ Bern(0.3). Unif(a, b) and Bern(p) are (continuous) uniform and Bernoulli distri-
butions with means (a + b)/2 and p, respectively.

Again, the dispersion parameter ¢? of the latent factors in the underlying distribu-
tion determines the strength of association between paired samples. It is set to O for
independent pairs and to 1 or 5 for dependent pairs, with 5 indicating stronger asso-
ciation. We also consider a scenario in which the association strength varies across
samples, with 80% of samples randomly assigned ¢? = 10 and the remainder assigned
¢%2 =0.5. Ni; and Ny; are offsets, which in real-world applications normalize for
sequencing depth (or the sum of abundances across selected taxa of interest). We set
Ny "R NB(8000000, 1) 4+ 8000000 and Na; NS NB(2000000, 1) 4+ 2000000; sampling
Ns; from the negative binomial distribution produces sequencing depths with right
skewness, as observed in the UMICRO data set. Using the parameters, covariates, and
offsets defined above, we generated 100 sets of 300 sample pairs for analysis. Sparsity
(the proportion of zero counts) varies across scenarios and reaches at most 20% on aver-
age in the final scenario with two different levels of paired association.

We evaluate the models with regard to the accuracy of their estimated regression coef-
ficients. Table 1 shows the mean squared error (MSE) between the estimated and true
coefficients for the two covariates under each model, demonstrating that JNBM is supe-
rior to SNBM for the data with non-zero associations (¢? # 0). This indicates that ignor-
ing the latent sample effect (v;), as in SNBM, can reduce efficiency in estimating the
underlying relationships between the response variables and predictors. In other words,
the loss of efficiency is an artifact of model misspecification: SNBM does not account
for correlation between the two data sets, treating them as independent despite shared
effects on their abundances. The gap in estimation accuracy between the two models
widens as the paired association in the underlying distribution strengthens. Regression
estimates from JNBM_SG and JNBM_Mix are comparable to those from SNBM and
JNBM when no more than one paired association is present, but the extended models
provide superior performance when two distinct association strengths exist across sam-
ples. INBM_SG requires an additional covariate corresponding to the grouping variable
g(i). For the (0.5, 10) case, we use the true allocation parameter from data generation
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to assign the dispersion parameters; for the other cases, g(i) € {1,2} is sampled ran-
domly. For INBM_Mix, we set L = 3 for all cases. Under (0.5, 10), INBM_SG attains
lower MSEs than J]NBM_Mix because it uses the true allocation, whereas JNBM_Mix
must estimate §; € {1, 2, 3}.

Additionally, we compare ]NBM with a Gaussian mixed model (GMM) using syn-
thetic data, where both models include random effects «;. INBM incorporates sequenc-
ing depth as an offset, whereas GMM normalizes counts by sequencing depth and
applies a log transformation with an added pseudocount to map responses to the real
line. Because no universally optimal pseudocount exists, we consider four choices:
1074, 1077, 10719, and a data-dependent choice based on (ys;, N;), defined for each
sas min{0.5 X ys;/Ng; : ysi # 0,4 =1,...,n}. Pair data are generated from the Lomax
distribution Lo(2, us;), a heavy-tailed distribution with mean pg; = exp(y; + X/58s)
and infinite variance, which is therefore neither negative binomial nor Gaussian;
counts are obtained by rounding the Lomax draws. The heavy-tailed property captures
sparsity, with many zeros alongside substantial non-zero values. With fixed regres-
sion coefficients 7 = (0,—3,1) and B2 = (—3,—2,1.5), covariates are generated as
X; = (w1, Tin, wi3), where ;1 = 1, 50 ~ N(5,1), and ;3 ~ N(0, 1). Sequencing depths
aresimulatedas Ny; "< NB(200000, 1) + 200000and No; "= NB(100000, 1) + 100000,
and random effects follow y; ~ N(0, 5). The proportion of zero counts, averaged across
100 iterations, is approximately 70% for y1; and 60% for ys;, with sample sizes of 100
for each. Using these data, we benchmark JNBM against SNBM a second time to assess
whether its superiority persists under non-NB underlying distributions.

Table 2 illustrates a key limitation of GMM: its high sensitivity to the choice of pseu-
docount. We did not identify a single value that achieved the most accurate estimates
across all coefficients. For this data set, a pseudocount of 10~ resulted in smaller MSEs
for B22 and Sa3, whereas 10710 provided better performance for 312 and (313. The data-
driven choice min(ys;/Ng;) can serve as a general option, but it does not guarantee
optimal MSEs. In contrast, JNBM directly models the count data and thus avoids this
sensitivity. It shows superior performance to SNBM in the presence of a non-zero paired
association, even when the data are generated from a non-NB distribution.

Table 3 provides additional comparative results across a broader range
of simulation settings, including smaller sample sizes (n =250 for both

s=1,2), larger sequencing depths (N1, - NB(800000, 1) + 800000
and Na; b NB(300000, 1) 4+ 300000), smaller sequencing depths
iid i.id.

(N1; '~ NB(70000,1) + 70000 and No; ~ NB(40000,1) 4+ 40000), and alternative
sampling distributions (rounded exponential samples and Poisson counts).

When the sequencing depth increases, the mean proportion of zero counts across 100
repetitions decreases to approximately 60% and 50% for y1; and y2;, respectively. In con-
trast, the lower sequencing depth increases these proportions to about 80% and 70%.
The two alternative sampling distributions represent cases with reduced sparsity: the
Poisson distribution can be viewed as a special case of the negative binomial distribution
with overdispersion parameter oz = 0, where the variance equals the mean. The expo-
nential distribution has an exponential tail and finite variance, whereas the Lomax dis-
tribution is heavy-tailed, yielding infinite variance when the shape parameter is set to 2.
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Table 2 MSE (SE) of the regression coefficients Bsp, with s = 1,2 and p = 2, 3, under GMM with
four different pseudocount (PC) choices, and under SNBM and JNBM

Model 6712(06—212) ?22(06—222) 67213(0:213) e?23(03,.)
GMM (min(ys; /Ns; ) PC) 3.63 (0.09) 1.07 (0.04) 0.47(0.02) 0.71(0.03)
GMM (104 PQ) 7.36 (0.05) 2.85 (O 03) 0.91 (0.01) 80 (0.02)
GMM (10~7 PQ) 9(0.08) 1(0.03) 0.30(0.02) 0.23(0.02)
GMM (10—10 pQ) 0.24 (0.03) 1.12(0.09) 0.16 (0.02) 0.63 (0.06)
SNBM 0.35(0.03) 0.09 (0.01) 0.29 (0.05) 0.27 (0.04)
JNBM 7(0.02) 0.07 (0.01) 0.12(0.02) 1(0.02)

In each scenario, all other simulation settings remained unchanged. These analyses
demonstrate that the sensitivity of the GMM to pseudocounts (as shown in Table 2) is

Table 3 MSE (SE) of the regression coefficients Bsp, with s = 1,2 and p = 2, 3. GMM1:
pseudocount = min(ysi/Nsi); GMM2: pseudocount = 10~ *°

Case Model e12(o5 ) en(og ) efs(oz ) e?s(og)
Smaller n GMM1 332(0.09) 0.82 (0.04) 053(003) 0.80 (0.04)
GMM2 0.38(0.05) 1.25(0.12) 0.43 (0.06) 0.89(0.10)
INBM 026 (003) 0.16 (0.04) 050 (0.09) 030 (0.05)
Larger N GMM1 234(0.07) 064 (0.03) 0.32(0.02) 0.46 (0.03)
GMM2 0.43 (0.05) 1.24(0.10) 0.18 (0.03) 0.76 (0.07)
INBM 0.19(002) 0.08 (0.01) 0.10(001) 0.12(0.02)
Smaller Ng; GMM1 4.75 (0.09) 1.45 (0.04) 0.61(0.02) 0.97 (0.03)
GMM2 0.27 (0.05) 0.82 (0.09) 0.18(0.03) 0.44 (0.05)
INBM 0.14(002) 0.07 (0.01) 031(007) 9(0.03)
Exponential GMM1 3.29(0.07) 0.88 (0.04) 043 (0.02) 0.60 (0.03)
GMM?2 035 (0.04) 138(0.11) 023(003) 0.86 (0.10)
INBM 0.12(001) 0.07 (0.01) 023(011) 022(0.11)
Poisson GMM1 2.93(0.07) 0.73(0.03) 0.39(0.02) 0.50(0.02)
GMM?2 061 (0.06) 1.73(0.12) 0.24(0.04) 0.98 (0.09)
IJNBM 0.08 (0.01) 0.04 (0.01) 0.22 (0.03) 0.15(0.02)

not an artifact of that discretized Lomax setting, further revealing the inherent difficulty
of selecting an appropriate pseudocount, since no universal choice exists that ensures
optimal performance across conditions. The examples also illustrate the JNBM’s com-
petitive performance in coefficient estimation. The GMM’s results may be influenced by
bias introduced through pseudocount adjustments and by its assumption of unimodality
at a positive value, whereas the synthetic data have a mode at zero.

Case study: the UMICRO Data

We apply INBM to the UMICRO data set and compare the resulting inferences to those
from SNBM in the estimation of regression coefficients and in the prediction of taxa
abundance at one of the sites. Again, data were collected from two different body sites by
catheterization for urine samples and vaginal swabbing for vaginal samples. Full-length
contigs received from Loop Genomics (Element Biosciences, San Diego, CA), which
we refer to as LoopSeq, were processed with DADA2 (v 1.24.0) to generate amplicon
sequence variants (ASV), using parameters as recommended for synthetic full-length
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Fig. 1 Posterior distributions of regression coefficients for age in the vaginal and urine data sets for Streptococcus
(first two panels); and regression coefficients for BMI in the data sets for Gardnerella (last two panels). The dashed
lines indicate the posterior means
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Fig. 2 Posterior distributions of ¢§(i), the dispersion hyperparameters of latent factors, from JNBM_SG for the
three different genera

16 S LoopSeq data in [21]. Taxonomic classifications were assigned using BLCA (v 2.2)
and the 16 S NCBI database (downloaded on 11/16/2021). The processed data contain
68 sample pairs with 151 common taxa (genera) found in both vaginal and urine sam-
ples, while the following analysis focuses on nine taxa of interest: Gardnerella, Strep-
tococcus, Lactobacillus, Aerococcus, Anaerococcus, Bifidobacterium, Corynebacterium,
Fannyhessea, Prevotella. A boxplot of the sequencing depth distributions is provided in
Figure S17 of Supplementary Material A.7. We incorporate several clinical and demo-
graphic metadata for the subjects as covariates in the models: age, body mass index
(BMI), diabetes (yes/no), daily yogurt or probiotic consumption (yes/no), race_ethnicity
(0: White, 1: Black, 2: Others), the presence or absence of overactive bladder (OAB) (yes/
no). In addition, the study group variable on menopausal status (Postmenopausal with
no estrogen; Postmenopausal on estrogen; Premenopausal) is used to cluster the samples
for INBM_SG, introduced in Section 2.2.

Figure 1 shows examples of differences between SNBM and J]NBM when it comes to
the estimation of regression coefficients. INBM indicates relatively pronounced positive
trends of age and BMI with Streptococcus and Gardnerella counts in both vaginal and
urine samples, while these trends are negligible under SNBM. In the previous section,
we saw that the joint model provides more accurate estimation results when paired asso-
ciations are present. Here, the posterior means (and standard deviations) of ¢? for Strep-
tococcus and Gardnerella are given by 16 (4) and 17 (5), respectively. It favors the results
of JNBM for the regression coefficients. Furthermore, the positive relationships of age
and BMI with the taxa under JNBM are consistent with the biological findings reported
in [22, 23]. More results on regression coefficients can be found in Supplementary Mate-
rial A.1.
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Fig. 3 Boxplots (from the 1st to 3rd quartiles) of DAREHCBM'JNBM_SG, the differences in the absolute residu-
als between SNBM and JNBM_SG, for each taxon. The genera on the y-axis are ordered by their median DARs in
each data set, with vaginal on the left and urine on the right

JNBM_SG clusters the samples according to the study group variable and allows each
group to have its own distinct level of paired association. The first two panels of Fig. 2
illustrate that the two postmenopausal groups have similar association strengths but dif-
fer from the premenopausal group, which exhibits a weaker association. In the last panel,
Gardnerella shows notable differences in association strength across the three groups,
with the postmenopausal group without estrogen displaying the strongest association,
followed by the postmenopausal group with estrogen. Figure S11 presents the posterior
distributions of the parameters for all nine taxa.

To assess the predictive performance of the models for the microbial composition, we

calculated the residuals between the observed and predicted relative abundances of each
~M
microbial genus, denoted as 7’;\/[ Yotk — gy“"{M , where y4;, is an observed

e 22:1 Ysik Zkzl Ysik

count for the k-th taxon in the i-th sample of the s-th body site and §/, the corresponding

predicted count under model M. Figure 3 presents the difference in the absolute residuals
between SNBM and JNBM_SG, that is, DARSSCBM_JNBM*SG = |rSNBM| _ |r‘s]g€BM*SG |
The greater the difference, the better the predictive performance of INBM_SG. The box-
plots represent the distributions of DARs per taxon for each body site, with the positive
medians (in most taxa) indicating that JNBM_SG enhances the predictive efficiency of
SNBM. The improvement in prediction under the joint model is attributed to the bor-
rowing of information between sites. As such, the base joint model, JNBM, also outper-
forms SNBM, which has been further improved by accommodating different levels of
association for clusters in INBM_SG and J]NBM_Mix (Figure S10).

As another measure of predictive performance, we computed Kullback-Leibler
(K-L) divergence—type residuals, defined as D = Zszl Ppsik log(psir/PM), where
Dsik = Ysit) oy ysik and pM = M /SOK GM with K = 9. Again, §, is a pre-
dicted value obtained from the posterior predictive samples (see prediction details in
Section 2.3.2), not the fitted mean used in the deviance residuals. §%/, can be zero when
the recalculated sequencing depth for a test-set sample is zero, in which case the pre-
dicted value becomes zero across all NB-based models considered in this study. To avoid

this issue, we recommend adding a small positive constant (we used 0.1) to the predicted
M

st 7

values before computing D,;, which does not affect the relative ranking of predic-
tive performance across models. The means across samples (D = S"" | DM /n) for
SNBM and JNBM_SG are 4.45 and 3.09, respectively, for vaginal data, and 3.60 and 2.62,
respectively, for urine data. These results are consistent with the superior predictive per-
formance of JNBM_SG observed in the DAR above. Distributions of D for s = 1,2
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under each model (M) are presented as boxplots in Figure S13 of Supplementary Mate-
rial A.5. In addition, to examine whether the difference between N1; and Na; influences
inference for a given sample, we tested the association between the absolute differences
and the residuals D?/ using cor.test() in R and found no significant correlations across
all sites s and models M.

Lastly, regarding computational intensity for posterior inference, each taxon needs a
different burn-in period until the posterior distributions of model parameters stabilize.
Empirically, 1,000,000 MCMC iterations with a burn-in of 500,000 achieves conver-
gence of the posterior distributions for almost all taxa across models. On an Apple M1
machine (8-core CPU, 8 GB RAM), posterior inference takes approximately 1.5 h for
SNBM, 2 h for JNBM and JNBM_SG, and 3.5 h for NBM_Mix with L = 8.

Conclusions
We have proposed a joint negative binomial model (JNBM), a latent factor model based
on negative binomial distributions, for paired microbiome data. The UMICRO data,
gathered from two different body sites for each of the subjects, is a motivating real-world
example, and the proposed model incorporates a set of latent factors to capture asso-
ciations between the two body sites. INBM has been extended by modifying the distri-
bution for the latent factors, which permits varying levels of paired association across
groups of samples.

We focus on paired data in this paper. Extensions to more than two sites
(s=1,...,5, S >2) are outside the scope of this work, though the latent fac-
tor model can be generalized in such cases. Specifically, the single latent fac-

tor 7; may be replaced with ~v; = (Vi1,...,7is), 7ij g N(=¢3/2,¢%), yielding

tsi = (A,y; 4+ log(Ny;) + X!Bs), where Ay = (As1,...,Ass)" and J < S. For identifi-
ability, one factor loading vector may be fixed (e.g., A\; = (1,...,1)’), while priors such
as normal or horseshoe distributions can be assigned to the others. The latter encour-
ages shrinkage, allowing many loadings to be close to zero so that only a subset remain
active. The model reduces to JNBM when J =1 and A; = 1. Allowing A\ to vary may
capture negative paired associations, but we restrict attention to positive associations,
consistent with our hypothesis that the proximity of vaginal and urine sites promotes
similar microbial compositions.

The cross-site prediction can serve as an effective means of checking model adequacy.
A persistent and large discrepancy between the predicted and observed counts may sug-
gest that the single—latent-factor specification is inadequate, and further extensions with
additional latent factors may be required. It can also indicate that the samples are highly
heterogeneous and that unstructured variability not accounted for in our latent factor
model may be prevalent. A third, hopefully less frequent, possibility is that there are sys-
tematic biases or data issues at one of the sites. This may prompt the practitioner to
examine the sampling and preprocessing steps.

Our joint negative binomial model (J]NBM) provides more accurate regression esti-
mates than the separate negative binomial model (SNBM) when there exists a non-zero
paired association in the data. The extended models (J]NBM_SG and JNBM_Mix) pro-
vide regression estimates comparable to those from SNBM and JNBM when there are
zero or only a single paired association, but they perform better when two different
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association strengths exist across samples. A comparison of JNBM with a Gaussian
mixed model (GMM) highlights the limitation of GMM, its high sensitivity to the pseu-
docounts required for transforming counts into real values. Moreover, INBM continues
to outperform SNBM when the data are generated from a non-NB underlying distribu-
tion with nonzero paired associations.

In the UMICRO case study, the joint model reveals conspicuous positive patterns of BMI
and age with Gardnerella and Streptococcus abundances, respectively, which are in agree-
ment with some previous research findings [22, 23]. Moreover, the joint model outperforms
the separate model in prediction, which can be attributed to the use of observations from the
opposite body site for prediction via latent factors. With extended models, prediction perfor-
mance can be further enhanced due to their ability to assign different association strengths
to each group. In addition, estimates of the association strengths can also be used to charac-
terize sample groups. For example, in the UMICRO case study, we found that the two post-
menopausal cohorts (with and without estrogen) exhibited similar associations, whereas the
premenopausal cohort showed relatively weaker associations for Lactobacillus and Aerococ-
cus. On the other hand, Gardnerella displayed differences across all cohorts.

Although the case study focuses on nine taxa of interest, we have applied these models to
other genera. Unsurprisingly, the models struggled to predict taxa that are prevalent in one
site but rare in the other. For example, Escherichia, Klebsiella, and Pseudomonas are patho-
gens that are common in the urine but scarce in the vagina, showing a high sparsity (high
proportion of samples with zero count) in the vaginal data set. It is particularly challeng-
ing to predict non-zero counts (urine) using zero counts (vaginal) compared to the reverse
scenario. The shared latent factor assumption under our model also becomes questionable
when the taxon is rarely present in one of the sites but common in the other.

Finally, the predictive performance is evaluated using relative abundances, as micro-
bial composition is of primary interest, by comparing predicted values with observed
ones. Previous work [24] has questioned the validity of measured relative abundances,
noting that they do not represent the true (ground-truth) composition but rather the
product of the actual abundances and relative efficiencies (taxon- and protocol step—
specific biases). Because our analysis does not account for such biases in microbial com-
position, we acknowledge that the predicted relative abundances may not reflect the true
underlying composition.
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