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ABSTRACT OF THE DISSERTATION

Spatiotemporal Modeling of
Microbial Communities
by
Liat Shenhav
Doctor of Philosophy in Computer Science
University of California, Los Angeles, 2020

Professor Eran Halperin, Chair

Microbial communities can undergo rapid changes, that can both cause and indicate host disease, rendering
longitudinal microbiome studies key for understanding microbiome-associated disorders. However, most
standard statistical methods, based on random samples, are not applicable for addressing the methodological
and statistical challenges associated with repeated, structured observations of a complex ecosystem.
Therefore, to elucidate how and why our microbiome varies in time, and whether these trajectories are
consistent across humans, we developed new methods for modeling the temporal and spatial dynamics of
microbial communities. We developed a method to identify ‘time-dependent’ microbes (Shenhav et al.,
PLoS Computational Biology 2019) and showed that their temporal patterns differentiate between the
developing microbial communities of infants and those of adults. We also developed models to deconvolute
the dynamics of microbial community formation. Using these methods, we found significant differences
between vaginally- and cesarean-delivered infants in terms of initial colonization and succession of their
gut microbial community (Shenhav et al., Nature Methods 2019) as well as the trajectories of these
communities in the first years of life (Martino*, Shenhav* et al., Nature Biotechnology). These models,
designed to identify and predict time-dependent patterns, will help researchers better understand the

temporal nature of the human microbiome from the time of its formation at birth and throughout life.
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Introduction

There is increasing recognition that the human microbiome is a contributor to many aspects of human
physiology and health including obesity, non-alcoholic fatty liver disease, inflammatory diseases, cancer,
metabolic diseases, aging, and neurodegenerative disorders[ 1-9]. This suggests that the human microbiome
may play important roles in the diagnosis, treatment, and ultimately prevention of human disease. These
applications require an understanding of the temporal variability of the microbiota over the lifespan of an
individual particularly since we now recognize that our microbiota is highly dynamic, and that the

mechanisms underlying these changes are linked to ecological resilience and host health[ 10—12].

Due to the lack of data and insufficient methodology, we currently have major gaps in our understanding
of fundamental mechanisms related to the temporal behavior of the microbiome. Critically, we currently
do not have a clear characterization of how and why our microbiome varies in time, and whether these
dynamics are consistent across humans. It is also unclear whether we can define ‘stable’ or ‘healthy’
dynamics as opposed to ‘abnormal’ or ‘unhealthy’ dynamics, which could potentially reflect an underlying
health condition or an environmental factor affecting the individual, such as antibiotics exposure or diet.
Moreover, there is no consensus as to whether the microbial community structure varies continuously or
jumps between discrete community states, and whether or not these states are shared across individuals

[13,14].

The need for understanding the temporal dynamics of the microbiome and its interaction with host attributes
have led to a rise in longitudinal studies that record the temporal variation of microbial communities in a
wide range of environments, including the human gut microbiome. These time series studies are enabling
increasingly comprehensive analyses of how the microbiome changes over time, which are in turn

beginning to provide insights into fundamental questions about microbiome dynamics[10,11,15].



One of the most fundamental questions that still remains unanswered is to what degree a microbial
community deterministically depends on its initial composition (e.g., microbial composition at birth). More
generally, it is unknown to what degree the microbial composition at a given time determines the microbial
composition at a later time. Additionally, there is only preliminary evidence of the long-term effects of
early life events on the gut microbial community composition, and it is currently unclear whether these

long-term effects traverse through a predefined set of potential trajectories [15,16].

To address these questions, we first developed a mixed effects model with variance components for the
prediction and inference of microbial community temporal dynamics (Shenhav et al., PLoS Computational
Biology 2019). This model identifies ‘time-dependent’ microbes and infers their trajectory over time. Using
this model, we characterized temporal patterns differentiating between the developing microbial
communities of infants and those of adults. We further showed that closely related species interact with
similar partners, a known phylogenetic structure, indicating ecological interactions are phylogenetically
conserved[17]. In parallel, I took part in a collaborative project (Furman*, Shenhav* et al., Nature
Communications, 2020) in which I used this method to uncover latent temporal patterns that provided data-

driven support to ecological theories of microbial community assembly.

In a second project, we sought to directly identify the meaningful, low-rank microbial community dynamics
that differentiate host phenotypes. To this end, we developed a multi-dimensional decomposition algorithm
which factorizes a tensor into a linear combination of its components (e.g., subjects, microbial abundances
and time) and allows clustering of phenotypes by microbial community dynamics (Martino*, Shenhav* et
al., Nature Biotechnology, 2020). We demonstrated the utility of this method by identifying microbial
niches unique to different modes of delivery (vaginal vs. cesarean delivery).

Finally, in a third project, we sought to quantify the origins of complex microbial communities. We modeled
a given microbial community as a mixture of potential ecosystems, and developed a scalable deconvolution
method for “microbial source tracking” (Shenhav et al., Nature Methods 2019)[18]. Our method provides

a computationally efficient tool that can simultaneously evaluate hundreds to thousands of potential source



environments, as well as the contribution of an unknown, uncharacterized source, and outperforms state-
of-the-art methods. We demonstrated the utility of our method by modeling initial colonization and
succession in the gut microbiome of infants and revealed a significantly larger maternal contribution in
vaginally-delivered infants over cesarean-delivered ones.

Overall, this thesis depicts the development of tools for microbiome analysis and the application of these
tools to analyze the human microbiome in clinical settings. Predicting the temporal dynamics of the
microbiome, as well as extracting its low-rank representation presents new opportunities in harnessing this

vast ecosystem to study and diagnose human diseases.

Methods

Modeling the temporal dynamics of the gut microbial community in adults and infants

MTV-LMM algorithm

MTV-LMM uses a linear mixed model (see [19] for a detailed review), a natural extension of standard
linear regression, for the prediction of time series data. We describe the technical details of the linear mixed
model below. We assume that the relative abundance levels of focal taxa j at time point t depend on a linear
combination of the relative abundance levels of the microbial community at previous time points. We
further assume that temporal changes in relative abundance levels, in taxa j, are a time-homogeneous high-
order Markov process. We model the transitions of this Markov process using a linear mixed model, where
we fit the p previous time points of taxa j as fixed effects and the q previous time points of the rest of the
microbial community as random effects. p and q are the temporal parameters of the model. For simplicity
of exposition, we present the generative linear mixed model that motivates the approach taken in MTV-
LMM in two steps. In the first step we model the microbial dynamics in one individual host. In the second

step we extend our model to N individuals, while accounting for the hosts’ effect.

We first describe the model assuming there is only one individual. Consider a microbial community of m

taxa measured at T equally spaced time points. We get as input an m X T matrix M, where M;, represents



the relative-abundance levels of taxa j at time point t. Lety; = (Mjp41),---, Mj¢) tbe a (T —p) x 1 vector
of taxa j relative abundance, across T — p time points starting at time point p + 1 and ending at time point
T. Let X; be a (T — p) x (p + 1) matrix of p + 1 covariates, comprised of an intercept vector as well as the
first p time lags of taxa j (i.e., the relative abundance of taxa j in the p time points prior to the one predicted).
Formally, for k =1 we have X' = l,andforl < k < p + 1we have X J = i t—k+1 for t = k. For
simplicity of exposition and to minimize the notation complexity, we assume for now that p=1. Let W be
an (T — q) X gm normalized relative abundance matrix, representing the first q time lags of the microbial
community. For simplicity of exposition we describe the model in the case q = 1, and then W;; = M;.(in
the more general case, we have W;; = M;/qt—(j moa q)» Where p,q < T — 1).

With these notations, we assume the following linear model:

yl =X+ wu +€,(1)

where u/ and €’ are independent random variables distributed as u/ ~ N (Om,O'ZujIm) and €/ ~

N(0y,, 02 jlr—1).The parameters of the model are pj(fixed effects), o2 and o2_;. We note that

w s
environmental factors known to be correlated with taxa abundance levels (e.g., diet, antibiotic usage
[11,20]) can be added to the model as fixed linear effects (i.e., added to the matrix X; ).

Given the high variability in the relative abundance levels, along with our desire to efficiently capture the
effects of multiple taxa in the microbial community on each focal taxa j, we represent the microbial
community input data (matrix M) using its quantiles. Intuitively, we would like to capture the information
as to whether a taxa is present or absent, or potentially introduce a few levels (i.e., high, medium, and low
abundance). To this end, we use the quantiles of each taxa to transform the matrix M into a matrix M, where
M € {0,1,2} depending on whether the abundance level is low (below 25% quantile), medium, or high

(above 75% quantile). We also tried other normalization strategies, including quantile normalization, which

is typically used in gene expression eQTL analysis [21,22], and the results were qualitatively similar (see



Appendix I Fig. S6). We subsequently replace the matrix W by a matrix W , which is constructed
analogously to W, but using M instead of M. Notably, both the fixed effect (the relative abundance of y; at
previous time points) and the output of MTV-LMM are the continuous relative abundance. The random
effects are quantile-binned relative abundance of the rest of the microbial community at previous time
points (matrix ). Thus, our model can now be described as

yl =X+ Wu +€,(2)
So far, we described the model assuming we have time series data from one individual. We next extend the
model to the case where time series data is available from multiple individuals. In this case, we assume that
the relative abundance levels of m taxa, denoted as the microbial community, have been measured at T time
points across N individuals. We assume the input consists of N matrices,M?,..., M", where matrix M*
corresponds to individual i, and it is of size m x T. Therefore, the outcome vector y; is now ann x 1 vector,
composed of N blocks, where n = (T — 1)N, and block i corresponds to the time points of individual i.
Formally, y; = M; (x moa (T_l))k/ -1, Similarly, we define X; and W as block matrices, with N different
blocks, where corresponds to individual i.
When applied to multiple individuals, Model (2) may overfit to the individual effects (e.g., due to the host
genetics and or environment). In other words, since our goal is to model the changes in time, we need to
condition these changes in time on the individual effects that are unwanted confounders for our purposes.
We therefore construct a matrix H by randomly permuting the rows of each block matrix i in I, where the
permutation is conducted only within the same individual. Formally, we apply permutation 7; € Sy_;on
the rows of each block matrix i, M?, corresponding to individual i, where Sy_; is the set of all permutations
of (T — 1) elements. In each r;, we are simultaneously permuting the entire microbial community. Hence,
matrix H corresponds to the data of each one of the individuals, but with no information about the time
(since the data was shuffled across the different time points). With this addition, our final model is given
by

yl = X/ + Wu +Hr+¢€,(3)



where w ~ N(0pp, 02 jl) , € ~ N(Op, 02 jlr_1) and 7 ~ N(Opp, 02, 1y).

It is easy to verify that an equivalent mathematical representation of model 3 can be given by
vy ~N(XIBJ, 0% niKe + 0% 0K, + 0% 1), (4)

— 1 .
where 0%,,; = mo?,; Ky = =W W% ,j=mo? K, = —H HT. We will refer to K; as the

3=

temporal kinship matrix, which represents the similarity between every pair of samples across time (i.e.,
represents the cross-correlation structure of the data).

We note that for the simplicity of exposition, we assumed so far that each sample has the same number of
time points T, however in practice the number of samples may vary between the different individuals. It is
easy to extend the above model to the case where individual i has T; time points, however the notations
become cumbersome; the implementation of MTV-LMM, however takes into account a variable number
of time points across the different individuals. Once the distribution of y; is specified, one can proceed to
estimate the fixed effects ; and the variance of the random effects using maximum likelihood approaches.
One common approach for estimating variance components is known as restricted maximum likelihood
(REML). We followed the procedure described in the GCTA software package [23], under ‘GREML
analysis’, originally developed for genotype data, and re-purposed it for longitudinal microbiome data.
GCTA implements the restricted maximum likelihood method via the average information (Al) algorithm.
Specifically, we performed a restricted maximum likelihood analysis using the function “—reml” followed
by the option “~mgrm” (reflects multiple variance components) to estimate the variance explained by the
microbial community at previous time points. To predict the random effects by the BLUP (best linear
unbiased prediction) method we use “—reml-predrand”. This option is actually to predict the total temporal
effect (called “breeding value” in animal genetics) of each time point attributed by the aggregated effect of
the taxa used to estimate the temporal kinship matrix. In both functions, to represent y; (the abundance of

taxa j at the next time point), we use the option “—pheno”.



Time-explainability

We define the term time-explainability, denoted as y, to be the temporal variance explained by the microbial
community in the previous time points. Formally, for taxa j we define

2

ARJ
2. 2 2 .
O%pi t 0% i + 0%j

o

Xj =

The time-explainability was estimated with GCTA, using the temporal kinship matrix. In order to measure
the accuracy of time-explainability estimation, the average confidence interval width was estimated by
computing the confidence interval widths for all autoregressive taxa and averaging the results. Additionally,
we adjust the time-explainability P-values for multiple comparisons using the Benjamini-Hochberg method

[24].

Best linear unbiased predictor

We now turn to the task of predicting y;/ using the taxa abundance in time t — 1 (or more generally in the
last few time points). Using our model notation, we are given Xj and W, the covariates associated with a
newly observed time point t in taxa j, and we would like to predict y,/ with the greatest possible accuracy.
For a simple linear regression model, the answer is simply taking the covariate vector x and multiplying it
by the estimated coefficients B :y,/ = xTf. This practice yields unbiased estimates. However, when
attempting prediction in the linear mixed model case, things are not so simple. One could adopt the same
approach, but since the effects of the random components are not directly estimated, the vector of covariates
w~ will not contribute directly to the predicted value of y,/, and will only affect the variance of the
prediction, resulting in an unbiased but inefficient estimate. Instead, one can use the correlation between
the realized values of Wu, to attempt a better guess at the realization of wifor the new sample. This is
achieved by computing the distribution of the outcome of the new sample conditional on the full dataset,
by using the following property of the multivariate normal distribution. Assume we sampled t — 1 time

points from taxa j, but the relative abundance level for the next time point t, y,/, is held out from the



algorithm. The conditional distribution of y,/ given the relative abundance levels at all previous time points,
y/, is given by
ylly) ~N(x"B) + Zt,—tz—t,—t_l(yj - Xjﬁj)rZt,—tz—t,—t_lz—t,—t ), (5)

where ¥ = W WTO'u j> + HH"0? + Io%_; and positive/negative indices indicate the extraction/
removal of rows or columns, respectively. Intuitively, we use information from the previous time points
that have a high correlation with the new time point, to improve its prediction accuracy. The practice of
using the conditional distribution is known as BLUP (Best Linear Unbiased Predictor). Therefore, MTV-
LMM could be used to learn taxa effects in a train set (taxa abundance at time points 1, . . ., t), and
subsequently use these learned taxa effects to predict the temporal-community contribution in the next time
point in a test set (taxa j at t + 1). We will define the association matrix U (m x m) using BLUP, where u;;

is the effect of taxa i on taxa j.

Prediction Accuracy

The predictive ability of a model is commonly assessed using the prediction error variance, PEV =
Var(y’ — $7), where 9/is the Best Linear Unbiased Predictor of y/. The proportional reduction in relative

abundance variance accounted for by the predictions (referred to as R? in this paper) can be quantified using

_ Var(y)) = Var@’)) = Cov(y/,97)?
N Var(y/)) " Var(y)Var(®))

RZ

Notably, this definition is equivalent to the squared Pearson correlation. For every t € {p + 1,...,T}, we

calculate 9/ ¢» Where p = q and the microbial community composition at time t was held out from the

algorithm. We next compute R? between y’ P41 T}and yJ PHLLTY



Model selection

Given that the model presented in Eq (3) can be extended to any arbitrary p and q, we tested four different
variations of this model: 1. p=0and q =1 (no fixed effect, random effects based on 1-time lag), 2. p =1
and q = 1 (one fixed effect based on 1-time lag, random effects based on 1-time lag), 3. p=0and q =3 (no
fixed effect, random effects based on 3-time lags) and 4. p =1 and q = 3 (one fixed effect based on 1-time
lag, random effects based on 3-time lags). We divide each dataset into three parts—training, validation, and
test, where each part is approximately 1/3 of the time series (sequentially). We train all four models
presented above and use the validation set to select a model for each taxa j based on the highest correlation
with the observed relative abundance. We then compute sequential out-of-sample predictions on the test set
with the selected model. Based on this metric, we found p =1 and q = 1 to be the best model for most taxa.
We use these parameters when comparing with the other methods such as sVAR and ARIMA-Poisson.
There are three main justifications for the use of multiple time points in the model. First, Gibbons et al. [25]
empirically performed a time-lag analysis and found that for most taxa the autocorrelation disappeared after
3 or 4 days, whereas for some taxa the autocorrelation disappeared after 1 or 2 days. Second, previous
studies [26-28] found that the human microbiome reaches equilibrium within 10 days following small
perturbations to the community. It is imperative to model the different taxa in a manner that will fit their
temporal patterns. Third, allowing for the use of multiple previous time points increases flexibility so that

the model can select the correct time window required for each taxa.

Phylogenetic analysis

We performed the following phylogenetic analysis. First, in order to test the hypothesis that both
autoregressive and non-autoregressive dynamics carry a taxonomic signal, we fitted a linear mixed model,
where the kinship matrix is now the phylogenetic distance between pairs of taxa and the outcomes are the
time-explainability measurement for each taxa. Second, in order to test the hypothesis that only non-
autoregressive dynamics carry a non-random taxonomic signal, we conducted a permutation test by

shuffling the taxonomic order assigned to each taxa—generating new random “orders” using 100, 000



iterations. We counted the number of non-autoregressive orders in each iteration, thereby generating a null

distribution, which we then used to calculate an exact P-value for the dataset in each iteration.

Alpha diversity measures

To measure the alpha diversity, we used Shannon-Wiener index, which is defined as H = —}p; In(p;),
where pj is the relative abundance of species j. Shannon-Wiener index accounts for both abundance and
evenness of the species present. Additionally, we computed the ‘effective number of species’ (also known
as true diversity), the number of equally-common species required to give a particular value of an index.

The ‘effective number of species’ associated with a specific Shannon-Wiener index a is equal to exp(a).

Preliminary taxa screening according to temporal presence-absence patterns

To calculate the temporal kinship matrix we included taxa using the following criteria. A taxa is present in
at least 10% of the time points (removes dominant zero abundance taxa). In the David et al. dataset we
included 1051 (out of 2804), in the Caporaso et al. dataset we included 922 (out of 3436) and in the

DIABIMMUNE dataset we included 1440 (out of 7244) taxa.

Methods comparison

We compared MTV-LMM to two existing methods: sVAR suggested by [25] and Poisson regression
suggested by [29]. In the sVAR method, we followed the procedure described in [25] , while running the
model and computing the prediction for each individual separately, since it can only handle one individual
at a time. We then computed an aggregated prediction accuracy score for each taxa, by averaging the
prediction accuracy of each individual. In the Poisson regression method, we followed the procedure
described in [29], while running the model for all the individuals simultaneously and calculating prediction
accuracy for each taxa. We used the taxa that passed the screening suggested in [29] (eliminating any taxa
in the data for which there were a small number (< 6) of average reads per sample). In both models, the
training set was 0.67 of the data and the test set was the remaining 0.33 of the data. In both cases we used

the code supplied by the authors.
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Datasets
We evaluated the performance of MTV-LMM using three real longitudinal datasets with 16S rRNA gene

sequencing. All data sets are publicly available. The first data set was collected and studied by David et al.
(2014) [11](2 adult donors). The next data set was collected and studied by Caporaso et al. (2011) [10] (2
adult donors). The third data set was collected by the ‘DIABIMMUNE’ project and studied by Yassour et
al. (2016) [15] (39 infant donors). In order to compare across studies and reduce technical variance between
studies, closed reference OTUs were clustered at 99% identity against the Greengenes database 138 [30].
Open reference OTU picking was also run [31], in order to look for non-database OTUs that might
contribute substantially to community dynamics. OTU tables were normalized by random sub-sampling to
contain 10, 000 reads per sample. David et al. (2014) dataset [11]. Stool samples from 2 healthy American
adults were collected (donor A = DA and donor B = DB). DA collected gut microbiota samples between
days 0 and 364 of the study (total 311 samples). DB primarily collected gut microbiota samples between
study days 0 and 252 (total 180 samples). The V4 region of the 16S ribosomal RNA gene subunit was used
to identify bacteria in a culture-independent manner. DNA was amplified using custom barcoded primers
and sequenced with paired-end 100 bp reads on an I[llumina GAIIx according to a previously published
protocol [32]. ‘OTU picking’ and ‘quality control” were performed essentially as described [11]. In this
work, we used the OTUs shared across donors (2, 804 OTUs). Caporaso et al. (2011) dataset [10] . Two
healthy American adults, one male (M3) and one female (F4), were sampled daily at three body sites (gut
(feces), mouth, and skin (left and right palms)). M3 was sampled for 15 months (total 332 samples) and F4
for 6 months (total 131 samples). Variable region 4 (V4) of 16S rRNA genes present in each community
sample were amplified by PCR and subjected to multiplex sequencing on an Illumina Genome Analyzer
IIx according to a previously published protocol [32]. ‘OTU picking’ and ‘quality control’ were performed
essentially as described [10] . In this work, we used the OTUs shared across donors (3, 436 OTUs).
DIABIMMUNE dataset [15]. Monthly stool samples collected from 39 Finnish infants aged 2 to 36 months.
To analyze the composition of the microbial communities in this cohort, DNA from stool samples was

isolated and amplified and the V4 region of the 16S rRNA gene was sequenced. Sequences were sorted into
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OTUs. 16S rRNA gene sequencing was performed essentially as previously described in [15]. In this work,

we used all the OTUs in the sample (7, 244 OTUs).

Code availability
Code is available in https://github.com/cozygene/MTV-LMM.

Context-aware dimensionality reduction deconvolutes gut microbial community
dynamics

Preprocessing with robust-clr

Prior to running tensor factorization, we use the robust centered log-ratio transformation (robust-clr) to

center the data around zero and approximate a normal distribution[33]

Ir(x) = |log log —2—, .. log | xD](1)
rclr(x) = |log log ,...,log lo
9:00" 9 g
110
aw=]]x] @
ieq,

where x; is the abundance of microbe i, {2, is the set of observed microbes in sample x and g, (x) is the
geometric mean only defined on microbes with abundance > 0. Unlike the traditional clr transformation,
the robust-clr handles the high level of sparsity found in microbial datasets without requiring imputation.
Furthermore, this transformation has shift invariant properties that allow the restructuring of the matrix into

tensor form.

Tensor factorization via alternating least squares minimization

Here we follow the tensor notations of Lim[34] and Anandkumar et al. [35], for a full notation see the
supplemental methods. To perform tensor factorization on sparse data we followed a procedure introduced

by Jain and Oh[36]. Due to the high level of sparsity in microbiome datasets we would like to find the
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minimum rank representation of 7" that best explains only observed values defined as 2. We use the
projection Py (T);j¢

Po(T)ije = f(x) = {Ti, if(i,j,t) €NO, Otherwise (3)

The objective function being optimized through alternating least squares minimization (ALS) is given by

I Po(T) — Py (Z oi(a; ® b; ® Ci)) IF (4)

i=1

where a, b, and ¢ are unstructured, orthogonal, and have a Euclidean norm of 1. The low rank
representations a, b, and c correspond to loadings for the first, second and third tensor modes respectively.
It is important to note that this factorization is permutation invariant, meaning the order of time or space is

not a factor in the subsequent loadings of c.

Factorization trajectories

Here, we focus on the interpretation of tensor factorization for biological data. We are primarily concerned
with 3rd-order tensors from studies following multiple subjects over several timepoints. In this tensor the
first mode is the subjects or environments sampled. The second mode is biological features such as
microbes, metabolites, or genes. The third mode is timepoints where subjects/environments were sampled
repeatedly. Of utmost interest is the relation between subject or features and the third mode of time. To

obtain easily interpretable loadings we introduce trajectories given by

Subject Trajectory =a O c=[a; Q ¢1,...,ar Q c,] € Ra*xr

Feature Trajectory =b O c =[b; ® ¢4, ...,b Q ¢,] € Ra*xr
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where © represents the Khatri-Rao product. These trajectories are of the shape (subjects X time, rank) or

(features X time, rank) where each rank-1 column has an accompanying singular value o,

Log-ratio feature selection

In order to explore how feature rankings in b or b (O ¢ partitioned subjects we used log-ratios between
highly (positive) and lowly (negative) ranked features along the first axis of variation. To avoid the use of
pseudo-counts we explore the sum of the minimum number of highly and lowly ranked features summed
across all samples, such that no log-ratio contains a zero value. For ECAM 1400 and DIABIMMUNE 750
total features were used and split between numerator and denominator evenly such that no samples were
dropped due to zero values (Appendix II Fig S5). We then used a Linear Mixed Effects (LME) model via
statsmodels (v. 0.11.0) to test if the log-ratio changed over time and in response to birth mode for ECAM
and DIABIMMUNE separately. The LME model produced residual R? values of 0.976 and 0.986 for
DIABIMMUNE and ECAM respectively. The resulting p-values from the LME were significant (P <.05)
by birth mode, time in days, and the interaction of the two (Appendix II Table S4). To produce the microbial
birth-mode signature, we used only sequences shared among ECAM, DIABIMMUNE, and the American
Gut Project (1,064 features total). We used the ranking structure inferred from ECAM and DIABIMMUNE
to evenly divide these shared features into vaginal or cesarean-associated taxa (532 each in the numerator
and denominator, respectively). A t-test via SciPy (v. 1.4.1) was used on the microbial birth-mode signature
(i.e., log-ratio) to test for significance between birth modes stratified by age or time point for both data sets,

respectively.

Data driven simulation benchmarks

Data driven simulations were designed to benchmark different characteristics of data without making
assumptions about microbial dynamics. The IBD dataset was chosen due to its high temporal resolution
and two-group (low-rank) comparison. Simulations were generated using a procedure from Aijo et al.[37]

modified to use a Poisson-lognormal distribution (PLN) [38] as opposed to a Poisson-Multinomial
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distribution. This simulation was repeated for different levels of dispersion, subsampling (i.e. sparsity),

sampling density (i.e. number of timepoints) and percentage of randomly missing samples.

Case Study Sequence Processing

Raw sequences were quality controlled, trimmed at 100 nucleotides, and clustered as amplicon sequence
variants (sOTUs) using QIIME 2 release 2019.7 and Deblur (v. 1.1.0)[39]. The phylogenetic tree was
created using SEPP sequence insertion with the Greengenes tree 13.8 release as the reference tree[30,40].
Taxonomy assignments were made using a Naive Bayes classifier as implemented in QIIME2 (v. 2019.7).
All data preprocessing was conducted on Qiita’* where all the data used here is freely available. All other

visualizations were plotted through Matplotlib.

Quantitative comparison of metrics

All comparisons were made between Jaccard, Bray-Curtis, Weighted UniFrac, Unweighted UniFrac,
Aitchison, and CTF distances. All distance metrics were calculated through QIIME2 (v. 2019.7).
PERMANOVA on distances between subject groupings (i.e. vaginal vs. caesarean birth mode) was
performed through scikit-bio (v. 0.5.5). Dimensionality reduction on distances was performed through
PCoA via scikit-bio (v. 0.5.5). The first three components of each dimensionality reduction were evaluated
through k-nearest neighbors (KNN) classification via scikit-learn (v. 0.21.2). To assess the classification
accuracy, KNN classification was performed with 100-fold 40:60 cross-validation evaluating AUC and

APR prediction accuracy at each fold-iteration via scikit-learn (v. 0.21.2).

Basis for simulations

Halfvarson et al. The IBD cohort used as the introduction example is a previously published dataset by
Halfvarson et al. (Qiita ID 1629)[41]. The dataset consists, after filtering as described below, of 23 subjects
(14 Crohn’s disease (CD), 9 Control) each with one to eight samples for a total of 134 samples. Samples
were filtered from the original data for only CD and Control. For the data-driven simulations, only the first
6 time points were retained to reduce the missing time points across subjects. The resulting data was then

run through the data-driven simulation protocol described above for a sequencing depth of 500, 1000, and
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10000 mean reads per sample. CTF was performed on each simulated data set through gemelli (v. 0.0.5)

with a set rank of 2.

Case study: ECAM
The ECAM dataset published by Bokulich et al. followed 43 infants (19 c-section, 24 vaginally delivered)

from birth over the first year of life with monthly fecal sampling (Qiita ID 10249)[42]. Three months (month
6, 15, and 19) were removed for a lack of subjects represented and CTF analysis was run with a set rank of
2. Features with < 5 total counts across samples were filtered. Samples with <2000 reads per sample were

removed.

Case study: DIABIMMUNE
The DIABIMMUNE dataset, published by Yassour et al., followed 39 infants (4 c-section, 35 vaginally

delivered) from the 2nd month after birth over the first three years of life with monthly fecal sampling (Qiita
ID 11884)[15]. Two months (month 28 and 30) were removed for a lack of subjects represented and CTF
analysis was run with a set rank of 4. Features with < 5 total counts across samples were filtered. Samples

with <2000 reads per sample were removed.

Case study: American Gut

The  American Gut  Project data and metadata  tables were acquired from
ftp://ftp.microbio.me/AmericanGut/manuscript-package/ which was provided in McDonald et al. [43].
From this data the combined ECAM and DIABIMMUNE log-ratio feature set was used on the subset of

the data with age and birth-mode labels provided (8,436 total samples).

Data availability
The sequences and biom tables for the IBD, ECAM, DIABIMMUNE, and AGP datasets can be found on

Qiita (http://qiita.microbio.me) under study IDs 1629, 10249, 11884, and 10317 and at EBI or BioProject

under ERP020401, ERP016173, PRINA290381, and ERP012803.
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Code availability

The CTF codebase named Gemelli is a fully unit tested open-source python package, and is installable
through pip or conda. Additionally, CTF is wrapped in a QIIME2 plugin:
https://github.com/biocore/gemelli; All the code and analyses are available in the ‘Code Ocean’ capsule:

https://dx.doi.org/10.24433/C0.5938114.v1.

FEAST: fast expectation-maximization for microbial source tracking

The FEAST probabilistic model

Consider a single sink sample represented by a vector x, where x; corresponds to the abundance of taxa j,
1< j < N. Let K be the number of known sources. Each known source is represented by a vector y;,
where y;; is the observed abundance of taxa j in source i (1 < i < K). Additionally, we assume there is
an unobserved source (K + 1). Let C; =) ]I-Vzlyi jandC =} ]I-Vzlxj be the total taxa counts of the known
sources and sink respectively. With this notation, the generative model is as follows: we assume that there
are mixture proportions a—a vector of length K + 1—where «; corresponds to the fraction of source i in
the sink, hence Y¥X** @; = 1. We also assume that there is an unknown relative abundance for each of
the sources. For each source, 1< i < K+ 1, we have a vector y;, where ). ]{vzl Yij = 1. Each

Yij represents the true relative abundance of taxa j in source i.

K+1
ﬁj = 2 a; Vij
i=1
Vi ~ Multinomial(Ci, (22 ...,yiN))
x ~ Multinomial(C, (B4, ---,Bn))

Importantly, a and y are not observed and are parameters of the model.
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Fast inference via Expectation-Maximization

FEAST uses an Expectation-Maximization approach[44] to infer the model parameters. The likelihood is

given by
C N r C N r
P X1, e Xy/ L ﬁl L 1 \y;q, .,/ 1 1Y
j=1 i=1 Jj=1
N /K+1 Xj K N
= a; VL] ( ] ] ) —[yij
X1, 'y XN j=1 =1 ‘{:1 )’11: ---,le ‘j‘:l

E step The log likelihood is given by

N K+1 K N
log log p(a,y) = Exj log log (2 aiyi]-> + 23'” log log (yij) + const
—l

j=1 i=1j=1

=1

The expected complete log likelihood (Q) is given by

K+1 N K N
Q = 2 ij p(j) - log(a; vij) +2 yij log(yij) + const
=1 =1 i=1j=1
where
® ., @®
N Y
r(il) = S oo
i=1 4 " Vi)

A more detailed derivation can be found in Appendix III.

M step Since the y;; are required to sum to 1, we use Lagrange multipliers §; to constrain the y;; values.

The Lagrangian is given by
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ixj p(j) - log(a; vij) +iiyij log(yij) —idi ZVU -1

i=1j=1 i=1 j=1

£M+

Taking partial derivatives of L and solving gives the optimal update

) _ %N p() + yij
Y axp() +yy

The update for the mixing probabilities is given by

N . N (t) ®
(t+1) 2 X; P(J) Xj Yij
a.: = _ _—
l I C ZK+1 ® (t)
j=1 l l]

FEAST has two hyperparameters: the convergence threshold and the maximum number of iterations. In all
our experiments we set these to default values of 107 and 1000 respectively. We used the multinomial
distribution to model the data generating process since it is particularly relevant when analyzing
microbiome datasets. Specifically, it addresses count uncertainty rather than directly transforming counts
to relative abundances, and also models the competition to be counted (between taxa) instead of treating

the counts of each taxon as independent[45].

Simulation studies

Parameters and settings To construct realistic simulation scenarios, we used real microbiome data as
sources, and simulated sinks as convex combinations thereof. Therefore, our simulations are representative
of the abundance, over-dispersion of zeros, and technical noise mostly observed in real microbiome data.

We designed our simulation parameters to reflect the wide range of Jensen-Shannon divergences and
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potential sources observed across the real datasets we investigated. For a detailed description of the

parameters and settings in each simulation study, see Appendix III.

Main simulation study In order to examine the accuracy of FEAST, we used multiple source environments
with varying degrees of overlap in their distribution by randomly sampling from the Earth Microbiome
Project. Each source environment was sub-sampled to contain 10,000 reads. In each iteration of the
simulation we sampled K+1 known environments and used them to build a synthetic sink, with different
mixing proportions. To simulate an unknown source, only K source environments are designated as known
sources. We used 30 mixing proportions (corresponding to 30 simulated sinks) and K = 20 known sources

in each iteration. For a detailed description of the simulation, see Appendix III.

Sequencing depth simulations In order to examine the robustness of FEAST to varying levels of sequencing
depth, we used multiple source environments from the Earth Microbiome Project while varying their
sequencing depth. In each iteration of our simulation we sampled environments (with median Jensen-
Shannon divergence of 0.95) and used them to build a synthetic sink, with different mixing proportions and
a set sequencing depth ranging from 100 through 10,000. Notably, by choosing a median Jensen-Shannon
divergence of 0.95 we wanted to emphasize that even under the scenario in which the sources are non-
overlapping and thus trivial to disambiguate, the sequencing depth will have an effect. Additionally, in
these simulations, we only varied the sequencing depth of the sources. However, since the sink samples are
a linear combination of the sources, these samples are also, indirectly, affected. To simulate an unknown
source, only K source environments are designated as known sources. We used 30 mixing proportions
(corresponding to 30 simulated sinks) and K = 20 known sources in each iteration. For a detailed

description of the simulation, see Appendix III.

Unknown source simulations In order to evaluate FEAST’s ability to estimate the contribution of the

unknown source, we used real source environments from Lax et al. (2014) [46] and created synthetic sink
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communities. Given that any source not sampled should, theoretically, be accounted for in the unknown
source, realistic values of the unknown source can therefore span the range of percentages occupied by the
observed sources. Specifically, there are scenarios in which the known sources comprise the entirety of the
sink (unknown source contribution = 0), or on the other hand, scenarios in which the known sources did
not contribute any taxa to the sink (unknown source contribution = 1). Therefore, the unknown source
contribution values in our simulation ranges from 0 to 1. As a measure of accuracy, we used the squared
Pearson correlation between the estimated mixing proportions and the true mixing proportions for each
individual source across repeated simulation runs for the same scenario as the measure of accuracy. We
used 30 mixing proportions (corresponding to 30 simulated sinks) and 5 sources (4 known sources) in each

iteration. For a detailed description of the simulation, see Appendix III.

Noisy samples among sources As source assignment is discretionary (i.e., multiple samples can be pooled
to a single source or considered as individual sources), we sought to examine the robustness of FEAST in
the case where we have noisy realizations of the sources and their effect on prediction accuracy, we used
K+1 distinct source environments by randomly sampling from the Earth Microbiome Project (i.e., soil,
fresh water, feces, sebum, etc.), where each source was represented by 10 different samples (e.g.,
soily, soil,, etc.). We then amalgamated these 10 samples (per source environment) and used the
amalgamation of each source to build simulated sinks, with 30 different mixing proportions (corresponding
to 30 simulated sinks). In each iteration of our simulation, we aggregated s € {1, ... ,10} samples from the

representative samples of each source environment to estimate the different mixing proportions.

Prediction accuracy

To measure accuracy, we used the squared Pearson correlation coefficient between the estimated and true
mixing proportions, for each individual source across repeated simulation runs (i.e., different mixing
proportions) for the same Jensen Shannon divergence value. In each iteration we varied the degree of

similarity of the source environments.
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Running time measurements

In each iteration, we used K randomly selected source environments from the Earth Microbiome Project,
where K € {5,10,50,100,500,100}. Each source environment was down-sampled to contain 10,000
reads. We recorded the run-time of each method, for each number of source environments, each iteration.
Notably, the running time of the hundreds of samples using the random forest classifier is relatively short.
However, given that both SourceTracker and FEAST substantially improve accuracy over the random forest

approach, we focused on these two methods for all subsequent benchmarks shown.

Comparing model performance

We evaluated the performance of our model against common approaches widely used for microbial source
tracking—namely, SourceTracker[47] and the random forest classifier [48]. Both methods use community
structure to measure the similarity between sink samples and potential source environments. The statistical
model used by FEAST shares many similarities with the model proposed by SourceTracker[47], namely
that both models assume each sink is a convex combination of the known and unknown sources.
Additionally, in both methods, source assignment is discretionary (i.e., multiple samples can be pooled to
a single source or considered as individual sources). Thus, the main difference between the methods lies in
their optimization procedure. FEAST uses an Expectation-Maximization algorithm to evaluate the
proportions of source contribution, whereas SourceTracker uses a Gibbs Sampler (MCMC). Notably, in
other fields in genomics it has been demonstrated that such optimization can be critical in terms of the
reduction of running time. For example, in statistical genetics, the original method for the inference of
population structure, STRUCTURE [49], uses a Markov chain Monte Carlo for the parameter estimation,
while other methods such as FRAPPE [50] and ADMIXTURE [51] uses Expectation-Maximization and
quasi-Newton optimization techniques respectively to reach similar accuracy, but considerably more
efficiently. This improvement in running time eventually may translate to improvement in accuracy.
Particularly, the accuracy achieved by SourceTracker may be improved by increasing the number of burn-

in iterations, however this comes at the expense of additional running time.
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Distinguishing ICU patients from healthy adults
The objective of this set of experiments is to classify each sink (ICU patient or a healthy adult) using its

overall dissimilarity to all sources (healthy adults). The dependent variable (y) is a binary vector of cases
(ICU patients) and controls (healthy adults) y; € {0,1},i ={1,..., N} where N is the number of sink
samples. When classifying using FEAST or SourceTracker, we designate the proportion of the unknown
source as a predictor for each sink's class label. When classifying using Jensen-Shannon, and UniFrac, we
designate the average of the dissimilarity measurements between the sink and all the other sources as the
predictor.

FEAST We applied FEAST to every sink sample (ICU or healthy), where the known sources are 100
distinct healthy individuals from the American Gut Project. We next used the estimated proportions of the
unknown source as the input to the classifier.

SourceTracker We applied SourceTracker to every sink sample (ICU or healthy), where the known
sources are 100 distinct healthy individuals from the American Gut Project. We next used the estimated
proportions of the unknown source as the input to the classifier.

Jensen Shannon divergence We calculated the Jensen Shannon divergence value between each sink
sample (ICU or healthy) and the known source samples used in FEAST and SourceTracker (e.g., 100 distinct
healthy individuals from the American Gut Project). We next used the average Jensen Shannon divergence
value (across known sources) as the input to the classifier.

UniFrac We calculated the Weighted UniFrac distance between each sink sample (ICU or healthy) and the
known source samples used in FEAST and SourceTracker (e.g., 100 distinct healthy individuals from the
American Gut Project). We next used the average Weighted UniFrac distance (across known sources) as

the input to the classifier.
Data distribution
Throughout the paper, the box-plot elements are: center line, median; box limits, upper and lower

quartiles; whiskers, 1.5x interquartile range; points, outliers.
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Data sets

We evaluated the performance of FEAST using five data sets collected using both 16S rRNA gene and

whole metagenome shotgun sequencing.

The first data set was collected and studied by Backhed et al. 2015[16] (accession number ERP005989),
which characterizes the temporal gut microbiome of 98 Swedish infants, each sampled at birth, four months
after birth, and 12 months after birth. This data set also contains gut microbiome samples collected from
the infants’ corresponding mothers during the first few days after delivery. 83 infants were delivered
vaginally and the remaining 15 by C-section. In this dataset, shotgun sequencing reads were assembled
into contigs using SOAPdenovo2 [52]. The contigs were binned according to their abundance variations
across samples and GC-depth pattern for further assembly into draft genomes. The draft genomes were then
clustered into MetaOTUs based on MUMIi[53] and the Spearman distance [54], and their taxa were

determined in relation to the NCBI genomes.

The second data set was collected and studied by Lax et al. 2014[46] (accession number ERP005806). This
study used the V4 region of the 16S rRNA gene to evaluate the microbial contamination from seven groups
of individuals in their respective residences over the course of six weeks. In our analysis, we investigated
one house, where the inhabitants were genetically related. We used skin samples of inhabitants from
several body parts (hand, foot, and nose) as sources, and indoor house surfaces (e.g. kitchen floor, kitchen

counter) as sinks.

The third dataset was collected and studied by Knights et al. 2011 [47] (data from this study are stored in

https://github.com/danknights/sourcetracker). This study used datasets of bacterial 16S rRNA [55,56]

(V2 region of the 16S rRNA gene) to investigate contamination in settings such as office buildings,
hospitals, and research laboratories. As potential contaminants, human skin, oral cavities, feces and

temperate soils were considered.
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The fourth dataset was collected and studied by McDonald et al. 2016 [57] (accession number ERP012810),
the American Gut Project [43] (EBI project number PRJEB11419), Using the V4 region of the 16S rRNA
gene, McDonald et al. characterized a cohort of patients from an intensive care unit (ICU). The study
collected samples from the skin, mouth and feces (gut) of 115 American and Canadian ICU patients at time

of admission (within 48 hours) to the ICU as well as at time of discharge from the ICU.

The fifth dataset was collected and studied by Taur et al. 2012 [58] (data from this study are stored in
http://www.ncbi.nlm.nih.gov/sra). In this study by Taur et al. 2012[58], fecal specimens were collected
longitudinally from 94 patients undergoing allo-HSCT from before treatment up to 35 days after treatment.

This study used the V1-V3 region of bacterial 16S ribosomal RNA genes.

Data Availability

All of the datasets analyzed in this paper are public and can be referenced at the following accession
numbers: The first data set was collected and studied by Backhed et al. 2015[16] (accession number
ERP005989). The second data set was collected and studied by Lax et al. 2014[46] (accession number
ERP005806). The third dataset was collected and studied by Knights et al. 2011[47] (data from this study
are stored in https://github.com/danknights/sourcetracker). The fourth dataset was collected and studied by
McDonald et al. 2016[57] (accession number ERP012810) and the American Gut Project [43] (EBI project
number PRJEB11419). The fifth dataset was collected and studied by Taur et al. 2012[58] (data from this

study are stored in http://www.ncbi.nlm.nih.gov/sra). In our simulations we used the Earth microbiome

project (ftp://ftp.microbio.me/emp/releasel/otu_tables/closed ref greengenes/).

Code availability
Code is available in https://github.com/cozygene/FEAST
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Results

Modeling the temporal dynamics of the gut microbial community in adults and infants

A brief description of MTV-LMM

We begin with an informal description of the main idea and utility of MTV-LMM. A more comprehensive
description can be found in the Methods. MTV-LMM is motivated by our assumption that the temporal
changes in the abundance of taxa are a time-homogeneous high-order Markov process. MTV-LMM models
the transitions of this Markov process by fitting a sequential linear mixed model (LMM) to predict the
relative abundance of taxa at a given time point, given the microbial community composition at previous
time points. Intuitively, the linear mixed model correlates the similarity between the microbial community
composition across different time points with the similarity of the taxa abundance at the next time points.
MTV-LMM is making use of two types of input data: (1) continuous relative abundance of focal taxa j at
previous time points and (2) quantile-binned relative abundance of the rest of the microbial community at
previous time points. The output of MTV-LMM is prediction of continuous relative abundance, for each
taxon, at future time points. In order to apply linear mixed models, MTV-LMM generates a temporal
kinship matrix, which represents the similarity between every pair of samples across time, where a sample
is a normalization of taxa abundances at a given time point for a given individual (see Methods). When
predicting the abundance of taxa j at time t, the model uses both the global state of the entire microbial
community in the last q time points, as well as the abundance of taxa j in the previous p time points. The
parameters p and q are determined by the user, or can be determined using a cross-validation approach; a
more formal description of their role is provided in the Methods. MTV-LMM has the advantage of increased
power due to a low number of parameters coupled with an inherent regularization mechanism, similar in

essence to the widely used ridge regularization, which provides a natural interpretation of the model.
Model evaluation

We evaluated MTV-LMM by testing its accuracy in predicting the abundance of taxa at a future time point

using real time series data. Such evaluation will mitigate overfitting, since the future data points are held
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out from the algorithm. To measure accuracy on real data, we used the squared Pearson correlation
coefficient between estimated and observed relative abundance along time, per taxon. In addition we
validated MTV-LMM using synthetic data, illustrating realistic dynamics and abundance distribution, as
suggested by Aijo et al. 2018 [37]. Following [37], we evaluate the performance of the model using the
‘estimation-error’, defined to be the Euclidean distance between estimated and observed relative
abundance, per time point (see Appendix I Note S1). We used real time series data from three different
datasets, each composed of longitudinal abundance data. These three datasets are David et al. [11] (2 adult
donors—DA, DB—average 250 time points per individual), Caporaso et al. [10] (2 adult donors—M3,
F4—average 231 time points per individual), and the DIABIMMUNE dataset [15] (39 infant donors—
average 28 time points per individual). In these datasets, the temporal parameters p and q were estimated
using a validation set, and ranged from 0 to 3. See Methods for further details. We compared the results of
MTV-LMM to common approaches that are widely used for temporal microbiome modeling, namely the
AR(1) model (see Methods), the sparse vector autoregression model sVAR [25] , the ARIMA Poisson
regression [29] and TGP-CODA [37]. Overall, MTV-LMM’s prediction accuracy is higher than AR’s
(Appendix I S1 Table) and significantly outperforms both the sVAR method and the Poisson regression
across all datasets, using real time-series data (Fig. 1). In addition, since TGP-CODA can not be fully
applied to these real datasets (due to scalability limitations), we used synthetic data, considering a scenario
of 200 taxa and 70 time points with realistic dynamics and abundance distribution, as suggested by the
authors of this method. Similarly to the real data, MTV-LMM significantly outperforms all the compared

methods (Appendix I Fig. S1).
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Figure 1. Model comparison. MTV-LMM outperforms commonly used methods in prediction accuracy (R?) and
detection of autoregressive dynamics. MTV-LMM predictions are in red, ARIMA Poisson regression in green, and

sVAR in blue.

Inference on the estimated association matrix

We applied MTV-LMM to the DIABIMMUNE infant dataset and estimated the species-species association
matrix across all individuals, using 1440 taxa that passed a preliminary screening according to temporal
presence-absence patterns (see Methods). We found that most of these effects are close to zero, implying a
sparse association pattern. Next, we applied a principal component analysis (PCA) to the estimated species-
species associations and found a strong phylogenetic structure (PetMANOVA P-value = 0.001) suggesting
that closely related species have similar association patterns within the microbial community (Fig. 2). These
findings are supported by Thompson et al. [17], who suggested that ecological interactions are
phylogenetically conserved, where closely related species interact with similar partners. Gomez et al. [59]
tested these assumptions on a wide variety of hosts and found that generalized interactions can be
evolutionary conserved. We note that the association matrix estimated by MTV-LMM should be interpreted
with caution since the number of possible associations is quadratic in the number of species, and it is,
therefore, unfeasible to infer with high accuracy all the associations. However, we can still aggregate
information across species or higher taxonomic levels to uncover global patterns of the microbial

composition dynamics (e.g., principal component analysis).
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Figure 2. The first three principle components of the inferred association matrix recover known phylogenetic
structure. Closely related species, in the DIABIMUNE dataset, have similar association patterns within the microbial
community. Shown on each axis is the percentage of variance explained by each principal component for the top five

orders in the data.

Time-explainability as a measure of the autoregressive component in the microbial community

In order to address the fundamental question regarding the gut microbiota temporal variation, we quantify
its autoregressive component. Namely, we quantify to what degree the abundance of different taxa can be
inferred based on the microbial community composition at previous time points. In statistical genetics, the
fraction of phenotypic variance explained by genetic factors is called heritability and is typically evaluated
under an LMM framework [60]. Intuitively, linear mixed models estimate heritability by measuring the
correlation between the genetic similarity and the phenotypic similarity of pairs of individuals. We used
MTV-LMM to define an analogous concept that we term time-explainability, which corresponds to the
fraction of temporal variance explained by the microbiome composition at previous time points. In order to
highlight the effect of the microbial community, we next estimated the time explainability of taxa in each
dataset, using the parameters q = 1, p = 0. The resulting model corresponds to the formula: taxa(t) =

microbiome community(t—1) + individual effect(t—1) + unknown effects. Of the taxa we examined, we
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identified a large portion of them to have a statistically significant time-explainability component across
datasets. Specifically, we found that over 85% of the taxa included in the temporal kinship matrix are
significantly explained by the time-explainability component, with estimated time-explainability average
levels of 23% in the DIABIMMUNE infant dataset (sd = 15%), 21% in the Caporaso et al. (2011) dataset
(sd = 15%) and 14% in the David el al. dataset (sd = 10%) (Fig. 3, Appendix I Fig. S2). Notably, we found

that higher time explainability is associated with higher prediction accuracy (Appendix I Fig. S3).
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Figure 3. Time-explainability distribution. Time-explainability distribution in the DIABIMMUNE infant dataset
(left) and David et al. adult dataset (right). The average time-explainability (denoted by a dashed line) in the
DIABIMMUNE cohort is 23% and in David et al. is 14%.

Non-autoregressive dynamics contain phylogenetic structure

As a secondary analysis, we aggregated the time-explainability by taxonomic order, and found that in some
orders (non-autoregressive orders) all taxa are non-autoregressive, while in others (mixed orders) we
observed the presence of both autoregressive and non-autoregressive taxa (Appendix I Fig. S4), where an
autoregressive taxa have a statistically significant time-explainability component. Particularly, in the
DIABIMMUNE infant data set, there are 7244 taxa, divided into 55 different orders. However, the taxa
recognized by MTV-LMM as autoregressive (1387 out of 7244) are represented in only 19 orders out of
the 55. The remaining 36 orders do not include any autoregressive taxa. Unlike the autoregressive

organisms, these non-autoregressive organisms carry a strong phylogenetic structure (t-test p-value <
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10—16), that may indicate a niche/habitat filtering. This observation is consistent with the findings of
Gibbons et al. [25] , who found a strong phylogenetic structure in the non-autoregressive organisms in the
adult microbiome. Notably, across all datasets, there is no significant correlation between the order
dominance (number of taxa in the order) and the magnitude of its time-explainability component (median
Pearsonr=0.12). For example, in the DIABIMMUNE data set, the proportion of autoregressive taxa within
the 19 mixed orders varies between 2% and 75%, where the average is approximately 20%. In the most
dominant order, Clostridiales (representing 68% of the taxa), approximately 20% of the taxa are
autoregressive and the average time-explainability is 23%. In the second most dominant order,
Bacteroidales, approximately 35% of the taxa are autoregressive and the average time-explainability is
31%. In the Bifidobacteriales order, approximately 75% of the taxa are autoregressive, and the average
time-explainability is 19% (Fig 4). We hypothesize that the large fraction of autoregressive taxa in the
Bifidobacteriales order, specifically in the infants dataset, can be partially attributed to the finding made by
[61], according to which some sub-species in this order appear to be specialized in the fermentation of
human milk oligosaccharides and thus can be detected in infants but not in adults. This emphasizes the
ability of MTV-LMM to identify taxa that have prominent temporal dynamics that are both habitat and
host-specific.

As an example of MTV-LMM’s ability to differentiate autoregressive from non-autoregressive taxa within
the same order, we examined Burkholderiales, a relatively rare order (less than 2% of the taxa in the data)
with 76 taxa overall, where only 19 of which were recognized as autoregressive by MTV-LMM. Indeed,
by examining the temporal behavior of each non-autoregressive taxa in this order, we witnessed abrupt
changes in abundance over time, where the maximal number of consecutive time points with abundance
greater than 0 is very small. On the other hand, in the autoregressive taxa, we witnessed a consistent
temporal behavior, where the maximal number of consecutive time points with abundance greater than 0 is

well over 10 (Appendix I Fig. S5).
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The autoregressive component of an adult versus infant microbiome

The colonization of the human gut begins at birth and is characterized by a succession of microbial consortia
[62—65], where the diversity and richness of the microbiome reach adult levels in early childhood. A
longitudinal study has recently been used to show that infant gut microbiome begins transitioning towards
an adult-like community after weaning [66]. This observation is validated using our infant longitudinal data
set (DIABIMMUNE) by applying PCA to the temporal kinship matrix (Fig. 4). Our analysis reveals that
the first principal component (accounting for 26% of the overall variability) is associated with time.
Specifically, there is a clear clustering of the time samples from the first nine months of an infant’s life and
the rest of the time samples (months 10 — 36) which may be correlated to weaning. As expected, we find a
strong autoregressive component in an infant microbiome, which is highly associated with temporal
variation across individuals. By applying PCA to the temporal kinship matrix, we demonstrate that there is
high similarity in the microbial community composition of infants at least in the first 9 months. This
similarity increases the power of our algorithm and thus helps MTV-LMM to detect autoregressive taxa.
In contrast to the infant microbiome, the adult microbiome is considered relatively stable [10,67], but with
considerable variation in the constituents of the microbial community between individuals. Specifically, it
was previously suggested that each individual adult has a unique gut microbial signature [68,69], which is
affected, among others factors, by environmental factors [20] and host lifestyle (i.e., antibiotics
consumption, high-fat diets [11] etc.). In addition, David et al. [11] showed that over the course of one year,
differences between individuals were much larger than variation within individuals. This observation was
validated in our adult datasets (David et al. and Caporaso et al.) by applying PCA to the temporal kinship
matrices.

In both David et al. and Caporaso et al., the first principal component, which accounts for 61% and 43% of
the overall variation respectively, is associated with the individual’s identity (Fig. 5). Using MTV-LMM
we observed that despite the large similarity within adult individuals, there is also a non-negligible
autoregressive component in the adult microbiome. The fraction of variance explained by time across

individuals can range from 6% up to 79% for different taxa. These results shed more light on the temporal
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behavior of taxa in the adult microbiome, as opposed to that of infants, which are known to be highly

affected by time [66].
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Figure 4. The first two principal components of the temporal kinship matrix in infants. The first two principal
components of the temporal kinship matrix color coded by individual (left; 39 infant donors) and by time (right;
before and after nine months) using the DIABIMMUNE data.
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Figure 5. The first two principal components of the temporal kinship matrix in adults. The first two principal
components of the temporal kinship matrix color coded by individual. Caporaso et al. [10] (left; 2 adult donors: M3,

F4) and David et al. [11] (right; 2 adult donors: DA, DB).
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Context-aware dimensionality reduction deconvolutes gut microbial community
dynamics

Host-associated microbiomes are often host-specific, with the subject driving most of the variation. This
host-specific variation can obscure microbial changes that are broadly associated with a given phenotype.
Collecting multiple samples from the same participant, either longitudinally or from different body sites
(that is, ‘repeated measures’), is a valid experimental approach to control for interindividual variation.
However, there are multiple challenges to leveraging this type of experimental design due to the nature of

microbiome sequencing datasets.

One common way to explore microbiome sequencing data is by performing dimensionality reduction on a
distance matrix (for example, principal coordinates analysis (PCoA)), which describes the relationship
among samples, allowing global differences across a dataset to be observed. Nonetheless, when applied to
repeated measures, this approach does not account for the inherent temporal or spatial correlation structure.
An alternative to analyze repeated measures microbiome data is by using supervised methods, which are
focused on generative models inferring the dynamics of these communities (for example, generalized Lotka
Volterra)[37,70-72]. Although these methods account for the correlation structure induced by repeated
measures, as well as for sparsity and compositionality, their output does not directly allow clustering of

phenotypes by microbial community dynamics.

To address these challenges simultaneously, we developed compositional tensor factorization (CTF), which
allows an unsupervised dimensionality reduction for repeated measures data, producing both a traditional
beta-diversity analysis as well as a differential feature abundance assessment. In the first step, a two-
dimensional matrix is transformed using the robust, centered log-ratio technique[33] to account for the

inherent sparse and compositional nature of next-generation sequencing datasets[73] (Fig. 6a). Next, this
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transformed matrix is restructured into a three-dimensional tensor, which relates microbial sequences,
sampled host and time or space (Fig. 6b). Decomposition (that is, factorization) of this tensor provides
distinct vectors for subjects (U), microbial features (V) and timepoints (W) (Fig. 6¢). Analogous to the
concept of reference frames[74], these vectors are unit scaled and therefore can be ordered, where their
ranking indicates their association to the underlying phenotypic groups. From here on, we will refer to the
ordering of these vectors as ‘rankings’ (that is, ‘feature rankings’). Notably, CTF assumes the data harbors
an underlying low-rank structure, where only a few phenotypic factors explain the majority of the

variance[33] (Fig. 6d—g).

Model evaluation using data-driven simulations

To demonstrate the use of CTF, we applied it to a simulated longitudinal dataset with two phenotypic
groups. Simulations were generated based on distributions in real longitudinal 16S data from Halfvarson et
al.[41] while varying the sequencing depth and temporal sampling densities as described by Aijo et al.[37]
This dataset was chosen because there were strong differences in microbial composition and beta diversity
between subjects with and without Crohn’s disease[41]. We compared CTF to state-of-the-art beta-diversity
metrics through PCoA including Jaccard[75], Bray—Curtis[76], Aitchison[77], unweighted UniFrac[78] and
weighted UniFrac[79]. K-nearest neighbor (KNN) classification by disease state in each of our simulations
revealed that CTF exhibited higher accuracy than existing methods regardless of sequencing depth or the
number of longitudinally collected samples (Fig. 7, Appendix II Table S1 and Fig. S1). CTF also exhibited
higher discriminatory power by PERMANOVA F statistic across all levels of sequencing depth and at

higher sampling densities (=3 timepoints, Fig. 7).
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Figure 6. Overview of the CTF algorithm. (a) CTF utilizes feature abundance matrices for subjects over time. For
each subject with a phenotype of interest, the data is represented as relative abundances of features (abundance

gradient represented in grayscale) over time. (b) The matrices are concatenated, robust-centered log-ratio transformed



(R-CLR) and structured into a tensor format with modes corresponding to subjects, features and time. (¢) The resulting
tensor is then factored based only on observed data into loading vectors for each dimension (i.e. subject, timepoint,
and feature). (d) Simulated count data is plotted on the y-axis for three taxa with the mean counts in bold and missing
values absent from the bold line. Standard deviation of distributions are shaded behind. Two phenotypes are compared;
a control unchanging in time (left) and a dynamic phenotype with a perturbation at time point 2 (right). Taxon 1 (blue)
is highly abundant and noisy, taxon 2 (red) is lowly abundant but growing exponentially in phenotype 2, and taxon 3
(orange) is oscillatory with increasing amplitude in phenotype 2. The first two principal component axes (i.e. loadings)
from CTF (PC1 (top) and PC2 (bottom)) are plotted on the y-axis with the corresponding sample (e), time (f), and
feature loadings (g). In PCI, phenotype 2 is linked to the unstable oscillatory waveform of highly loaded taxon 3
(orange, top). Similarly, in PC2, phenotype 2 is linked to the sigmoidal waveform of highly loaded taxon 2 (red,
bottom).
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Figure 7. CTF outperforms popular distance metrics in longitudinal in silico data-driven simulations. Increasing
sequencing depth (500 - 10,000; rows) over differing temporal sampling densities (x-axis) evaluated for
PERMANOVA F-statistic as a measure of discriminatory power (left column), in addition to KNN-classification
cross-validation by AUC (n=100; middle column), and APR (n=100; right column). Compared among CTF (green)
and popular distance metrics Aitchison (blue), Bray-Curtis (orange), Jaccard (grey), unweighted (purple), and

weighted (red) UniFrac. Error bars represent standard error of the mean.
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Tracking infant gut development

We next applied CTF to two published datasets that tracked infant gut development over time. The datasets
abbreviated to ECAM (n subjects, 43)[42] and DIABIMMUNE (z subjects, 39)[15] followed infants for
the first 2 and 3 years of life, respectively. Both studies observed that birth mode (that is, vaginal delivery
or cesarean section (c-section)) differentiated microbial community composition. Similar to our results from
the simulated data, CTF is tenfold better at discriminating vaginally from cesarean born infants compared

to state-of-the-art beta-diversity metrics (Appendix II Figs. S2a,b, S3a,b and Table S2).

We sought to examine CTF’s ability to reproducibly identify differentially abundant microbes in an
unsupervised manner. To this end, we compared the feature rankings between the ECAM and
DIABIMMUNE datasets along the first axis of variation and found they were significantly correlated
(Pearson correlation, R2=0.974, P <10—10) (Appendix II Fig. S2). While these two datasets had <50%
overlap at the sOTU level (Appendix II Fig. S2d), high- and low-ranked sOTUs, grouped at the genus level,
were similar across both datasets (Appendix II Fig. S2e). We note that although these datasets were
collected and processed using distinct protocols and by different laboratories, CTF identified the same taxa

driving gut microbiome differentiation by birth mode, suggesting a robust microbial structure across infants.

We constructed a birth-mode log ratio of vaginally delivered to-cesarean features using the sOTUs most
associated with vaginal and cesarean birth in each dataset (Appendix II Fig. S4 and Methods). Samples
were substantially separated by birth mode in both datasets along time (Appendix II Fig. S5 and Table S3).
We note that these birth-mode microbial signatures are not confounded by established differentiators such
as antibiotics usage or feeding mode (Appendix II Fig. S5). Nonetheless, we cannot rule out the possibility
of unmeasured confounders. We next combined those sOTUs common to both ECAM and DIABIMMUNE

birth-mode ratios to create a ‘microbial birth-mode signature’.
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To examine the robustness of this microbial birth-mode signature, we tested its discriminatory ability in
data from the American Gut Project (AGP) (n=8,099), a large cross-sectional dataset[43]. We found that
this signature significantly differentiated participants under the age of four by birth mode (#-test P=0.042,
Appendix II Fig. S6), consistent with our previous findings. The robustness of this microbial signature,
across multiple datasets, highlights the ability of CTF to identify differentially abundant features

reproducibly associated with a phenotype.

In both the ECAM and DIABIMMUNE datasets we observed that throughout infant development samples
from vaginally versus cesarean-born infants became less distinct as time progressed (Appendix II Fig.
S2a,b). Similarly, the microbial birth-mode signature no longer differentiated participants by birth mode in

samples from participants above the age of four in the AGP dataset (Appendix II Fig. S6).

FEAST: fast expectation-maximization for microbial source tracking

A brief description of FEAST
FEAST is a highly efficient Expectation-Maximization-based method that takes as input a microbial

community (called the sink) as well as a separate group of potential source environments (called the
sources) and estimates the fraction of the sink community that was contributed by each of the source
environments. By virtue of these mixing proportions often summing to less than the entire sink, FEAST
also reports the potential fraction of the sink attributed to other origins, collectively referred to as the
unknown source. The statistical model used by FEAST assumes each sink is a convex combination of
known and unknown sources. FEAST is agnostic to the sequencing data type (i.e., 16s rRNA or shotgun

sequencing), and can efficiently estimate up to thousands of source contributions to a sample.

Model evaluation using data-driven synthetic mixtures

We compared the accuracy of FEAST to both SourceTracker[47], and the random forest classifier used in
previous source-tracking work[48]. We source communities based on distributions in real source

environments from the Earth Microbiome Project[80], while varying the level of divergence between
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sources (see Methods). In each of our simulations, FEAST exhibited higher accuracy than SourceTracker
and the random forest classifier across all levels of divergence (Fig. 8a; Appendix III Fig. S1). Since both
SourceTracker and FEAST substantially improve accuracy over the random forest approach, we focused
on these two methods for all subsequent benchmarks shown. Next, we examined the robustness of FEAST
and SourceTracker through varying levels of sequencing depth, when disambiguation between sources is
trivial (high divergence). As expected, the accuracy of both algorithms increased as sequencing depth
increased. Nonetheless, we observed that FEAST still compared favorably across all levels of sequencing
depth (Appendix III Fig. S2). Finally, as it may be nearly impossible to obtain sequencing data for all
potential sources in a study, we sought to evaluate FEAST’s ability to estimate the contribution of the
unknown source. To this end, we used real source environments from Lax et al. (2014)[46], while varying
the unknown source contribution from absent to exclusive. Across these experiments, FEAST was
significantly more accurate in estimating the unknown source proportion (two-sided t-test p-value <
10~1%). Notably, by properly adjusting its estimates for the unknown source, FEAST also produces more

accurate mixing proportions for the observed sources as well as low variance (Fig. 8b; Appendix III Fig.

S3, S4).
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Figure 8. Methods comparison. (a) The accuracy of FEAST, the random forest classifier and SourceTracker on
simulated data. Each simulation was performed using 20 real source environments and simulated sinks. The x axis is

average Jensen—Shannon divergence value across known sources (that is, the degree of overlap between the sources
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from completely identical to completely non-overlapping). The y axis represents correlation across all source
environments between true and estimated mixing proportions; error bars show the standard error of the mean

(n=30). (b) Evaluation of FEAST and SourceTracker through varying levels of unknown source proportions.

Running time
One of FEAST’s distinct advantages over other methods is its speed (Fig. 9; Appendix III Table S1).

Specifically, across all experiments, FEAST reduced running time by a factor of 30-300 compared to
SourceTracker, while maintaining and even improving the accuracy. Consequently, FEAST can
simultaneously estimate thousands of potential source environments on the order of minutes to hours,
wherein SourceTracker may take upwards of days (Appendix III Table S1). We note that SourceTracker’s
accuracy may potentially be improved by increasing the number of burn-in iterations or otherwise
increasing the number of iterations of the Markov chain, however, this comes at the expense of additional

running time (See Methods for a comprehensive discussion of the tradeoff between time and accuracy in

Method
m FEAST
= Source tracker

1 000

Markov Chain Monte Carlo).

215
510 _
25 J ‘
20
100 500

Number of sources

Running time (s)

Figure 9. Running time comparison to current state-of-the-art. Running time (log scale, seconds) comparison

across all simulation studies, using a sequencing depth of 10,000 reads per source.
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Real data applications

We applied FEAST to five real datasets in order to demonstrate the utility of microbial source tracking
methods across different contexts. We first use FEAST as it was originally intended—to quantify the

contribution of sources to specific sink environments.

Succession and initial colonization in infants

Using FEAST for time-series analysis offers a quantitative way to characterize developmental microbial
populations, such as the infant gut. In this context, we can leverage previous time-points and external
sources to understand the origins of a specific, temporal community state. For instance, we can estimate if
taxa in the infant gut originate from the birth canal, or if they are derived from some other external source
at a later time point. To demonstrate this capability, we used longitudinal data from Backhed et al. 2015[16],
which contains gut microbiome samples from infants as well as from their corresponding mothers. In this
analysis, we treated samples taken from the infants at age 12 months as sinks, considering respective earlier
time points and maternal samples as sources. In these settings, FEAST revealed a significantly larger
maternal contribution in vaginally-delivered infants over caesarean-delivered infants (Fig. 10), where other
methods did not (Appendix III Fig. S5). These results are consistent with the results of Backhed et al. 2015.
We further explored whether biological mothers were more likely to be identified as sources of their infant's
microbiome than other potential source communities. We considered all maternal and early infant samples
as potential sources and found that for over 83% of the sink samples, the top contributing sources were

from the same family (Appendix III).
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Figure 10. FEAST estimations of source contribution to the sink; that is, gut microbiome of focal infant at 12-
months of age. Box plots indicate the median (central lines), IQR (hinges) and the 5th and 95th percentiles (whiskers).

Sources: gut microbiome of mother, focal infant at 4 months and focal infant at birth. (n =98 sinks).

Detecting contamination

To validate FEAST's utility in detecting contamination, we first replicated the analysis of Knights et al.[47]
who investigated contamination in settings such as office buildings, hospitals, and research laboratories. In
these settings, where the disambiguation between sources was relatively easy, FEAST estimated source
contributions consistent with those reported by Knights et al.[47], despite minor discrepancies (Appendix
III Fig. S6). Next, we analyzed longitudinal data collected by Lax et al.[46]. In this analysis, we investigated
one household, where the inhabitants were genetically related. We used skin samples of inhabitants from
several body parts as sources and indoor house surfaces as sinks. Our analysis using FEAST shows that
surfaces in home-settings are more diverse than their human sources, and might not be entirely composed
of bacteria originated from humans (Fig. 11). Our results stand in qualitative contrast to those of Lax et
al.[46], where they found that an overwhelming majority of microbial communities on these surfaces
originated from humans. We believe that the difference stems from an underestimation of the unknown
source by SourceTracker, which was used in the original analysis of Lax et al. Such underestimation is

exacerbated in cases like this, when disambiguation of sources is challenging, i.e., due to all individuals
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living in the same house. We further investigated whether we could elucidate the composition of these
unknown sources, at the first time point, by including additional source environments from the Earth
Microbiome Project. Indeed, in addition to the contribution of the four inhabitants, we find potential
evidence for contributions from avian egg product (8%), freshwater fish (8%) and soil (1%). As a

consequence, the unknown source contribution was reduced to 5.8% (from approximately 25%; Fig. 11).
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Figure 11. The proportion of the unknown sources in kitchen counter samples using FEAST and
SourceTracker. (a) Source estimates considering 12 known human sources (hand, foot and nose across four
inhabitants) using data from Lax et al.15 (b) FEAST estimations of source contribution in one house kitchen counter,

at the first time point, using additional sources from the Earth Microbiome Project.

Microbial source tracking as a metric of similarity

In the following experiments we used FEAST in a different context—as a metric of similarity. To the best
of our knowledge this is a novel application of microbial source tracking. In these experiments we focused
on the human gut microbiome, but rather than seeking among sources the contributors to a sink sample
(e.g., gut microbiome), we seek to represent each sink as a mixture of characteristic environments,' —
source environments that are similar in composition to the sink and therefore capture its characteristics. We
then quantify the similarities between the sink and its characteristic environments using mixing proportions

reported by FEAST.

44



FEAST distinguishes ICU patients from healthy adults

To demonstrate FEAST's utility in distinguishing and characterizing bacteria-related health conditions, we
first replicated the analysis of McDonald et al. 2016[57] (Appendix III Fig. S7) in which they characterized
a cohort of patients from an intensive care unit (ICU). Indeed, we find that our results using FEAST are
consistent with the analysis of McDonald et al., i.e., gut samples from ICU patients are markedly different
than those of healthy individuals. Next, we performed an additional analysis that was not included in the
original study of McDonald et al.: we used a bidirectional approach, randomly assigning gut samples from
the American Gut Project (healthy controls) as either sources or sinks, in addition to the ICU patient gut
microbiome sinks (see Methods for complete description). In doing so, we aimed to quantify the similarity
between the gut microbiome of ICU patients and healthy controls by comparing their source composition.
Using FEAST, we found significant differences in the source composition between the two sink types (p-
value = .02551; Appendix III Fig. S8). To verify our findings, we used UniFrac distance[78], Jensen
Shannon divergence and the Bray-curtis dissimilarity (Fig. 12, Appendix III Fig. S8), which also captured
the differences between the ICU patients and healthy controls (i.e. healthy sources are more similar to
healthy sinks). However, we note that there is a large variance in the microbiome similarities among healthy
controls, whether they are sources or sinks. We hypothesize that this variance stems from differences
between individuals’ microbiomes unrelated to their health (e.g., diet). We note that these results should be
interpreted with caution, since the healthy and ICU patients are not matched and therefore batch effects or
other confounders may affect the results. Nevertheless, if indeed the prediction accuracy is driven by
confounders, these results demonstrate that FEAST can capture such confounder information better than

existing methods.
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Figure 12. The receiver operating characteristic curve using FEAST, weighted UniFrac and Jensen—Shannon
divergence to classify healthy individuals and patients in ICU with dysbiosis. FEAST area under curve (AUC),
0.91; weighted UniFrac AUC, 0.78 and Jensen—Shannon divergence (JSD) AUC, 0.87.

FEAST implicates time-related compositional shifts in a cancer longitudinal study

Considering the utility of FEAST as a method for classifying phenotypes, we sought to also characterize a
cohort of cancer patients undergoing allogeneic hematopoietic stem cell transplantation (allo-HSCT). In a
study by Taur et al.[58], it was suggested that assessing the gut microbiome of patients undergoing allo-
HSCT may identify those at high risk for bloodstream infection (i.e., bacteremia). Notably, many of the
patients were found to have intestinal domination, a condition in which at least 30% of the microbiome is
comprised of a single bacterial taxon. As the exact nature of the association between compositional shifts
in the microbiome and bacteremia is unclear, it is crucial to elucidate the dynamics of microbial community
composition in patients undergoing allo-HSCT. This led us to examine whether FEAST can be used as a
tool for such an assessment. To this end, we labeled the two consecutive samples from before and during
the first event of intestinal domination as sinks, and all corresponding samples from earlier time points as
sources (per patient). FEAST revealed a significantly larger proportion of the unknown source in the sink

samples with intestinal domination in comparison to the sink samples before intestinal domination (two-

46



sided t-test p-value < 0.001; Fig. 13, Appendix III Fig. S9). This is expected, as bacterial domination is
defined in terms of abundance fractions, so by definition would be reflected in mixture proportions.
Nonetheless, this result was not significant using other methods (two-sided t-test p-value = 0.09). We
therefore demonstrated FEAST's ability to capture shifts in microbial community composition that may

underlie differences between pathogenic and neutral phenotypes.
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Figure 13. Significant differences in the distribution of the unknown source between sink samples before and
during the first event of intestinal domination across 94 patients undergoing allo-HSCT. Box plots indicate the

median (central lines), IQR (hinges) and the 5th and 95th percentiles (whiskers).

Discussion

In this work we presented three algorithms, tailored to the spatiotemporal nature of microbial communities,
aimed to elucidate how and why microbial communities vary across time and space, and whether these
trajectories are consistent across host phenotypes.

First, we presented MTV-LMM, a flexible and computationally efficient tool, which can be easily adapted
by researchers to select the core time-dependent taxa, quantify their temporal effects and predict their future
abundance. Using MTV-LMM we find that in contrast to previous reports, a considerable portion of
microbial taxa in both infants and adults display temporal structure that is predictable using the previous

composition of the microbial community. In reaching this conclusion we have adopted a number of
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concepts common in statistical genetics for use with longitudinal microbiome studies. We introduce
concepts such as time-explainability and the temporal kinship matrix, which we believe will be of use to
other researchers studying longitudinal microbiota dynamics, through the framework of linear mixed
models. Time-explainability can be informative for selecting autoregressive taxa that are essential to
understanding the temporal behavior of the microbiome in longitudinal studies. In particular, such taxa can
be used to characterize the temporal trajectories of the microbial community. The temporal kinship matrix
can be used to uncover low-rank temporal structure. Using MTV-LMM, we have demonstrated that taxa
autoregressiveness is a spectrum where certain taxa are almost entirely determined by the community
composition at previous time points, some are somewhat dependent on the previous time points, and others
are completely independent of previous time points. We further show that MTV-LMM can identify
autoregressive taxa in both ‘evolving’ (i.e., infant’s gut) and ‘stable’ (i.e., adult gut) ecosystems.

Next, we presented CTF, an unsupervised method that allows full use of repeated measures and specifically
longitudinal data, while accounting for the inherent properties of microbiome sequencing datasets, namely
high-dimensionality, sparsity and compositionality. In both simulated and real datasets, CTF outperformed
the current state-of-the-art beta-diversity metrics. Although CTF can reveal robust microbial signatures,
several considerations are necessary when applying this tool. First, CTF relies on an assumption that the
underlying data is of low rank. This assumption can be violated, making CTF inappropriate to use, such as
when the data are driven by a gradient rather than discrete groupings (for example, the 88 Soils dataset[56]).
Our implementation of CTF estimates the underlying rank and informs the user if the data does not meet
this requirement[81]. Second, CTF, like other beta-diversity metrics, does not directly account for the
presence of confounders that may affect downstream clustering, requiring additional validations. Finally,
although CTF leverages repeated measures to account for interindividual variation and is optimal in the
case of a synchronization event (for example, treatment, diet), it is permutation invariant and does not take
into account the ordering of longitudinal data. In addition to longitudinal datasets as benchmarked here,
CTF could also be used for spatially repeated measurements. This includes studies where samples are

collected contemporaneously; for example, where multiple body sites are measured (such as skin and saliva)
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or sites with different phenotypes (such as lesioned versus adjacent non lesioned skin). Furthermore, CTF
could be used to analyze other types of data with high interindividual variation, such as metabolomics or
proteomics. In summary, CTF leverages the power of repeated measures study design to elucidate
biological changes while accounting for interindividual variability. We propose the use of this tool both for
the reanalysis of existing datasets and for future microbial community research.

Finally, we presented FEAST, a method designed to address an important need in the rapidly evolving field
of microbiome research—namely, to quantify the fraction of each source environment in a target microbial
community (sink), through a natural, scalable statistical model. As a result, it provides a computationally
efficient tool that can simultaneously evaluate hundreds to thousands of potential source environments, as
well as the contribution of an unknown, uncharacterized source, outperforming state-of-the-art methods in
terms of both speed and accuracy. The utility of FEAST is established in two different contexts. First, we
used FEAST as it was originally intended—to quantify the contribution of different source environments
to a target microbial community. In this context, we were able to address questions surrounding succession
and initial colonization of microbial species. Specifically, using FEAST we quantitatively reaffirmed the
findings of Backhed et al., [16] who demonstrated that gut microbiota of infants delivered by cesarean
section showed significantly less resemblance to their mothers’ compared to vaginally delivered infants.
Second, we used FEAST as a metric of similarity. In this context, FEAST can help researchers better
understand the compositional characteristics of the human microbiome. We showed the ability of FEAST
to differentiate between the gut microbiome of ICU patients experiencing dysbiosis and that of healthy
controls as well as in patients experiencing intestinal domination. These results suggest that FEAST may
be useful in distinguishing and characterizing phenotypes or conditions related to microbial injury.
Furthermore, by highlighting novel differences among source composition, FEAST may contribute insight
to downstream analyses aiming to implicate differences between healthy and diseased phenotypes at the
taxa level.

We expect these methods to drive research into the role of microbiome dynamics in health and disease.
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Figure. S1 Estimation errors of MTV-LMM, TGP-CODA, sVAR and ARIMA Poisson models. Estimation errors
calculated using synthetic data, illustrating realistic dynamics and abundance distribution, with 200 taxa and 70 time
points, as suggested by Aijo et al. 2018[37]. Estimation error is defined to be the Euclidean distance between estimated
relative abundance and the true ones per time point (Wilcoxon test P-value MTV-LMM vs. TGP-CODA =
0.01501, MTV-LMM vs. sVAR P-value = 2.224¢ — 08).
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Figure. S2 Time-explainability distribution. Time-explainability distribution in Caporaso et al. dataset. The average

time-explainability in this cohort is 0.2 (denoted by a dashed line).
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Figure. S3 Prediction accuracy (R2) as a function of time-explainability.
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Figure. S4 Time-explainability distribution differ by taxonomic order across datasets. Boxplots illustrate the

time-explainability distribution across all datasets. Presented are the top seven orders in the DIABIMMUNE dataset.
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Figure. S5 Relative abundance of taxa from order Burkholderiales in the DIABIMMUNE dataset, colored by
individual. Right hand-side, the autoregressive taxa, taxa with a significant time-explainability component (top and
bottom: time-explainability = 0.49, 0.35, 95% CI=[0.4, 0.58], [0.33, 0.36]). Left hand-side are the non-autoregressive

taxa.
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Figure. S6 Sensitivity analysis of the binning parameters used to normalize microbial abundance. Each boxplot
corresponds to the prediction accuracy distribution under different binning parameters, i.e., a 25% lower quantile and
a 75% upper quantile compared to 5% and 55%, 15% and 65%, 35% and 85%, and quantile normalization. This
analysis was conducted on a simulated microbial community composed of 50 species over 50 time points (data was

generated as described in the simulation section).
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S1 Table Predictive accuracy comparison. P-values of the Wilcoxon test comparing the prediction accuracy (R2)
of MTV-LMM with the prediction accuracy of the AR(1) model, the sVAR model and the ARIMA (1, 0, 0)-Poisson

regression model.

Supplementary Note 1 Simulation study.

To further test the capabilities of MTV-LMM to accurately estimate the temporal dynamics and predict the
future abundance of microbes within a community, we used synthetic data, illustrating realistic dynamics
and abundance distribution, as suggested by Aijo et al. 2018 [37]. Specifically, we consider the Subject A
time series from David et al. (2014) [11] and match the relative abundances and dynamics of taxa in
synthetic data using real data:

1. We filter the proportion estimates series using a running median filter of length 15; y(fieey =

median (Y7, Vit—6}r - Vit—1} Yith Yit+1p Y{t+2}» - Yit+6} Yit+7}) 1n order to reduce the
amount of noise present in estimates. The filtered estimates are re-normalized to ensure that they
sum up to one at each time point.

2. We discard those bacterial species that are lowly abundant (average proportion is less than a
threshold) followed by a re-normalization step leaving us noise-free relative abundances of 200
bacterial species.

3. We transform the simplex-valued estimates to real space using the inverse softmax function to add
noise and sampling zeros.

4. We add Gaussian distributed noise with zero-mean and standard deviation (SD) o = 0.5 and
impose a predefined number of sampling zeros by setting corresponding log odds ratios to -10, i.e.,

to a value that is much smaller than the other values.
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5. Noisy relative abundances are obtained by projecting the values onto the simplex using the softmax
function.

6. Noisy (over dispersed and zero-inflated) count data (N; is sampled from the Poisson distribution
with the rate A = 10,000 are generated from Multinomial distribution using the noisy relative
abundances of the part of the Subject A time series (days from 60 to 140) that is highly dynamic
David et al. (2014).

Following [37] we evaluate the performance of the model using the 'estimation-error', defined to be the
Euclidean distance between estimated relative abundance and the true ones per time point. The 'estimation-

error' was calculated on a held-out test set that was kept hidden from the algorithm.
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Figure S1. IBD dataset benchmarking. CTF was applied to longitudinal 16S data from Halfvarson et al.®. Multiple
distinct downstream analyses were generated from the CTF output: (a) The subject (U) and feature (V) loadings can
be visualized as compositional biplot ordinations, using the top two ordination axes where each point represents a
subject’s time series and the arrows represent the top-ranked microbial features differentiating the subjects. (b) The
compositional biplot axis driving phenotypically relevant separation was used to track sample distance over time
(referred to here as a ‘trajectory’). This trajectory demonstrates that Crohn’s disease samples are compositionally
distinct from healthy control samples across the entire sampling timeline. (¢) Differentially abundant microbes most
associated with the phenotypes were identified by plotting the feature rankings by the major axis of separation. The
highest ranked sOTUs revealed by CTF are associated with Crohn’s-disease while the lowest are associated with the
control group. (d) sOTU feature rankings averaged by genus colored by control (n=9 subjects; 950 sOTUs; blue) and
Crohn's (n=14 subjects; 950 sOTUs; red; number of sOTUs in each genus annotated on plot). (e) These phenotype-
associated taxa were chosen based on the feature ranks to identify reference frames (log-ratios of sequencing counts)
that can differentiate phenotypes, distinguishing healthy (n=9 subjects) from Crohn’s (n=14 subjects) disease samples.
These trajectories and differentially abundant taxa are supported by previous findings in the IBD literature®!*2! (f)
Disease status PERMANOVA F-statistic among different distance metrics. (g) K-Nearest Neighbor classification
compared by APR (left) and AUC (right) among different distance metrics. Error bars represent standard error of the

mean.
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Figure S2. Feature rankings distinguishing birth-modes across the ECAM and DIABIMMUNE datasets are

tightly correlated. (a & b) PERMANOVA F-statistic (y-axis) separating vaginal vs cesarean birth-mode colored by
distance metric for ECAM (top) and DIABIMMUNE (bottom). (¢) Regression plot between sOTUs ranked in ECAM
and DIABIMMUNE datasets (R?>=0.974, P<10-'%); Pearson correlation shown with two-tailed p-value. (d) Venn

diagram of the number of disjoint and shared sOTUs between datasets. (e) The top and bottom 10% ranked sOTUs
averaged by genus in ECAM and DIABIMMUNE colored by vaginal (blue) and cesarean (orange) birth modes

(number of sOTUs in each genus annotated on plot). Error bars represent standard error of the mean.
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Figure S3. CTF outperforms traditional distance metrics in distinguishing samples by birth-mode over time. (a
& b) Comparison between the ECAM (top) and DIABIMMUNE (bottom) infant development studies with the first
principal component (y-axes) of various distance metrics over time (x-axes) colored by vaginal (blue) and cesarean

(orange) birth-modes. The relative percent explained variance is the fraction of the first component divided by the top

3 components to normalize eigenvalues among methods. Error bars represent standard error of the mean.
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Figure S4. Selecting the number of features used in the log-ratio to prevent sample dropouts from zeros. The
percent of samples retained (y-axis) when including a number of ranked features (x-axis) in the log-ratio colored by
the percent of features used from the total dataset for ECAM (A) and DIABIMMUNE (B). The red line represents the

number of features used in the final log-ratio for each dataset.

58



DIABIMMUNE

=@== \/aginal -0

)

7.5+
/ 0e®0—0""0" " ge-0-
501 8 _f x

25{ W x £

Vaginal Associated
Cesarean Associated

log(

Ay

Cesarean

0000®
0% X

20
Month

Anitbiotic Exposure
=@= No Antibiotics -0

0 10

)

=)} [o)
1 f

Vaginal Associated
N
X

Cesarean éssociated
>%

o
!

log(

30

Antibiotics

20 30

Month

Diet Type (bottle vs. formula)

== fd = bd

)

(o)) [oc]
| L

X

o,

Cesarein Associated

Vaginal Associated

N
N
"~

o

log(

20
Month

0 10

30

ECAM

=@= \/aginal =4 » Cesarean
—_~
E E 24 o—0—o—0—0_
s |C x
23 o® /N
HER 4 /
v |<T L] 0.9-0 X =
E S-_24 L .-./.s./ " x= <
g |3 % e
S E “ x 1
E p-41 U A If‘ ek
%
L L
D) -6 g
RS , : : .
0 5 10 15 20
Month
Anitbiotic Exposure
L o] -if y
—_
i)
° ] o,
0 % 2 x»/x‘\xfx\:<:
B[S ¥
] /p-’ﬁ\
% < X ‘& L
N N
© e oo [x0
£ qL) \/.;‘~x,§'
S®_, 0 @
S| !
|} XX, J
N —6‘
(@)
RS . : . : :
0 5 10 15 20
Month
Diet Type (bottle vs. formula)
=== fd =%+ bd
—_—
el
ke
2% —
8IG 27 Y
Qo xl S
IS Ay
0 (¢ / /\o
IS o o X &
< < x}&f./
®|® o/’
oy 8 () 'Y ./I
=~ d N 0
% 3—2 \ \.ﬁ /}‘_g o X
Q B % Y
> U ,\x.x/
= -4 ‘x‘xl
(@)}
S R ‘
0 5 10 15 20
Month

Figure S5. Birth-mode ratios designed from CTF feature rankings distinguish samples by birth-mode over

time. The log-ratios for the ECAM (1400 sOTUs) and DIABIMMUNE (750 studies are plotted on the y-axis over

time (x-axis) showing separation by birth-mode using these ratios. This grouping of subjects is not confounded by

antibiotics exposure (yes/no) or by diet. Error bars represent standard error of the mean.
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Figure S6. Birth-mode microbial signature in AGP dataset. Birth-mode microbial signature (log-ratio of the 532
most highly and 532 most lowly ranked features that were all identified in the DIABIMMUNE, ECAM, and AGP
datasets) is plotted on the y-axis in all sub-panels. Birth-mode microbial signature over age groups (years; x-axis)
colored by cesarean (orange) and vaginal (blue) birth modes in the AGP dataset. The box plots represent the minimum,

maximum, median, first and third quartile values (shaded region). Significance was evaluated by a two-sided t-test.
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CTF Fold-Increase

CTF Percent-Increase

Sequencing Comparison
Depth F-stat Fold Increase APR AUC
(seq/sample) Method
500 Aitchison 3.90+1.93 23.04+6.86 33.48 £8.92
Bray-Curtis 4.78 £2.42 24.49 £ 6.66 42.61 +£8.32
Jaccard 4.69 +£2.36 18.55+7.24 26.74+12.31
UniFrac 3.01+1.48 18.99 +£4.94 28.48 £5.89
W-UniFrac 5.55+3.08 18.91 +7.63 38.70 £ 15.35
1000 Aitchison 320+ 1.28 23.62+6.50 33.48 £10.28
Bray-Curtis 4.23+£1.80 33.04+7.58 51.09 + 12.69
Jaccard 3.66 £ 1.61 23.77+7.24 33.48 £10.14
UniFrac 223+0.85 17.39+1.73 24.57 +2.63
W-UniFrac 5.69+2.12 26.01 £4.76 46.74 + 8.80
10000 Aitchison 3.67+1.94 22.97+2.90 30.22 £3.60
Bray-Curtis 6.80+4.11 24.49 £ 17.02 42.17+12.89
Jaccard 3.54+1.97 14.64 +3.66 19.57+5.79
UniFrac 1.91 £1.02 11.59 +£4.54 18.48 £2.48
W-UniFrac 9.94+£6.33 12.90 +£5.55 20.00 = 10.35

Table S1. CTF shows improvement over traditional distance metrics in simulations across different sequencing
depth. Fold increase in PERMANOVA f-statistic (left) or percent increase in K-Nearest Neighbor classification

(right) by CTF over other distance metrics in simulated dataset.

AUC and APR percent increase mean + s.d. across all time points for mean 100-fold cross-validation at each time point.

PERMANOVA F-statistic fold-increase mean + s.d. across all time points.
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PERMANOVA F-statistic CTF

APR Fold-Increase
Comparison 1, ) pyMIMUNE ECAM DIABIMMUNE ECAM
Method
0.983 +0.001 0.768 + 0.007
CTF 1.0+ 0.0 1.0+£0.0
0.885+0.003 0.552 +£0.004 6.13+0.39
Aitchison 8.11+1.17
0.87 +£0.002 0.589 + 0.006 5.00+0.24
Bray-Curtis 8.88+£2.53
0.88 +£0.002 0.592 +0.006 6.40 + 0.48
Jaccard 8.66 £ 1.05
0.874 +£0.001 0.552 +0.005 5.324+0.22
UniFrac 7.79 £1.09
0.864 +0.003 0.582 +0.007 3.944+0.45
W-UniFrac 10.41 +4.94

Table S2. CTF improves over existing methods across all time and increases the number of significant time
points. Comparison of KNN-classification and PERMANOVA quantitative benchmarking between CTF and existing
methods for DIABIMMUNE and ECAM datasets.

APR mean + s.d. across all time points for mean 100-fold cross-validation at each time point.

PERMANOVA F-statistic fold-increase mean + s.e. across all time points.
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Intercept birth-mode month birth-mode:month Group Var
-2.491 6.362 0.306 -0.204 1.791
Coef.
. .832 .02 .02 21
Std.Err. 0.785 0.83 0.023 0.025 0.215
Z -3.173 7.644 13.306 -8.259 -
DIABIMMUNE
0.002 <.001 <.001 <.001 -
P>z
-4.03 4.731 0.261 -0.252 -
[0.025
-0.952 7.993 0.351 -0.156 -
0.975]
-4.362 2.097 0.16 0.067 3.279
Coef.
Std.Err. 0.483 0.641 0.025 0.032 0.335
Z -9.037 3.272 6.395 2.131 -
ECAM
0 0.001 0 0.033 -
P>z
-5.308 0.841 0.111 0.005 -
[0.025
-3.416 3.353 0.209 0.129 -
0.975]

Table S3. Linear mixed-effects model results on birth mode associated log-ratios is significant by birth mode for both

ECAM and DIABIMMUNE. P>|z| represents two-tailed p-value of the approximated z-statistic for a given parameter

estimate.
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Figure S1. The accuracy of FEAST and SourceTracker using data-driven synthetic mixtures. The accuracy of
FEAST and SourceTracker on simulated data. Each simulation was performed using 10 real source environments and
simulated sinks. The x-axis is average Jensen-Shannon divergence value across known sources. The y-axis represents
correlation across all source environments between true and estimated mixing proportions, measured by (a) the
squared Pearson correlation coefficient averaged across sources, and (b) the squared Spearman correlation coefficient

averaged acCross sources.
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Figure S2. Evaluation of FEAST and SourceTracker through varying levels of sequencing depth. Evaluation of
FEAST and SourceTracker through varying levels of sequencing depth. Similarity of sequences remained constant
(Jensen-Shannon divergence = 0.95, trivial to disambiguate), while sequencing depth was set to vary in the range 100-

10,000.
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Figure S3. The expected variance in FEAST's output. The expected variance in FEAST's output using the dataset
from McDonald et al. We used the gut microbiome of one, randomly selected, ICU patient as a sink, and the sources
considered by McDonald et al. : 126 healthy controls, 126 samples of mammalian corpse decomposition, 126 samples
of the gut from healthy children, and 126 samples from indoor house surfaces. By repeating this analysis 100 times
and calculating the standard deviation of each source we demonstrate that the variance in FEAST’s output is very

small (i.e., sd(dust) = 7.7e-05, sd(healthy adults' feces) = 0.01, sd(healthy children's feces) = 0.01,sd(soil) = 5e-05,

sd(unknown) = 8.5¢-05).
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Figure S4. The effect of noisy samples among sources on prediction accuracy. As we increase the number of

samples per source, FEAST’s prediction accuracy improves, however this effect is moderate (squared Pearson

correlation ranges from 0.9 - 0.99, Jensen-Shannon divergence values range from 0.87-0.92).
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Figure SS. The source proportions using SourceTracker. SourceTracker estimations of source contribution (the
gut microbiome of mother, infant at 4 months and infant at birth) to the gut microbiome of 12-month-old infants.
According to SourceTracker differences between C-section (n = 15) and Vaginally-delivered (n = 83) infants in terms
of maternal contribution are not significant (two-sided t-test p-value = 0.6408). Box plots indicate the median (central

lines), interquartile range (hinges), and the 5th and 95th percentiles (whiskers).
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Source

Gut 0.031

Oral 0.004

Skin 0.117

Soil 0.001
Unknown 0.847

Source

Gut 0.06 [0.03, 0.123]
Oral 0 [0, 0.001]

Skin 0,135 [0.048, 0.266]
Soil 0.015 [0.003, 0.043)

Source

Gut 0.004
Oral 0.012
Skin 0.597
Soil 0.003
Unknown 0.384
Source

o IGut 0.006 [0.002, 0.01] o

Oral 0.006 [0, 0.016]
Figure S6. Detecting contamination in lab-settings. FEAST and SourceTracker report consistent proportions of

Skin 0.434 [0.23, 0.632)
Soil 0.02 [0.009, 0.035)

Unknown 0.535 [0.335, 0.727] Unknown 0.789 [0.671, 0.895)

contamination, despite minor discrepancies in a lab-setting (left: keyboard, right: Counter). Estimates on the top row

were reported by SourceTracker and estimates on the bottom row were reported by FEAST.
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Figure S7. Gut microbiome samples from ICU patients are not reminiscent of gut samples from healthy
individuals. Gut samples from ICU patients are not reminiscent of gut samples from healthy individuals. We used the
gut microbiome of each ICU patient (at discharge or after 10 days) as a sink, and the sources considered by the original
study (McDonald et al. 2016): 126 samples from the American Gut Project (healthy controls), 126 samples of
mammalian corpse decomposition, 126 samples of the gut from healthy children (Global Gut study) , and 126 samples

from indoor house surfaces.
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Figure S8. Unknown source distribution across sink samples (ICU patients vs. healthy individuals). The

distribution of the unknown source across sink samples - healthy individuals and ICU patients (n = 100).
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Figure S9. Distinguishing between ICU patients and healthy individuals. The receiver operating characteristic
curve (ROC curve) using FEAST, Weighted UniFrac, Bray-curtis and Jensen Shannon divergence to classify healthy
individuals and ICU patients with dysbiosis. FEAST AUC = 0.91, Weighted UniFrac AUC = 0.78, Jensen Shannon
divergence AUC = 0.87, Bray-curtis AUC = 0.86.
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Figure S10. The source contribution across maternal samples. Distribution of the median random maternal rank
in two scenarios: (a) all maternal and early infant samples (from all the infants in the study) were considered as
potential sources (n = 293 sources), and (b) only the maternal samples were considered as potential sources (n = 98
sources). In both scenarios samples taken from infants at age 12 months were considered as sinks (n = 98 sinks). The

red vertical line in each figure corresponds to the actual median rank of the maternal contribution.
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Supplementary Table: Running time comparison

Number of sources 5 10 50 100 500 1000

SourceTracker 00:05:18 [ 00:09:06 | 05:39:00 | 11:43:02 | 54:34:02 | 71:07:00
FEAST 00:00:09 | 00:00:36 | 00:07:42 | 00:15:54 | 00:47:46 | 01:35:30

Table S1. Running time (hh:mm:ss) comparison across multiple source environments, randomly
sampled from the Earth Microbiome Project. Sequencing depth is 10,000 reads per source.

Supplementary Note: Main simulation study In order to examine the accuracy of FEAST,
we used multiple source environments with varying degrees of overlap in their distribution by
randomly sampling from the Earth Microbiome Project. Each source environment was sub-sampled
to contain 10,000 reads. In each iteration of our simulation we sampled K 4 1 known environments
and used them to build a synthetic sink, with different mixing proportions. In order to simulate

an unknown source, we use only K source environments as our sources.

The simulation procedure was as follows. For each [ = 1 : Ty (different Jensen Shannon

divergence values):

1. Draw K + 1 samples 51, ..., Sk11, from a selected data set.
2. Draw noisy realization of Sy,...,Sk41 from the Multinomial distribution (denoted gk)
3. For each ¢ =1 : Ty (different mixing proportions):

(a) Generate random mixing m ~ Pareto(o > 0), where Y m = 1.
(b) Set the sink sample abundances to Y p ;' my.Sy, per taxa.
(c) Estimate the known source proportions in the sink using Si,...,Sk.

(d) Estimate the unknown source proportions in the sink.

4. Calculate the squared Pearson correlation (r?) between the estimated and the true mixing

proportions per source and average across sources.


Ellipse

Rectangle


5. Calculate the average Jensen-Shannon divergence of m (based on the pairwise Jensen-Shannon

divergence).

In the simulations presented we used 77 = 10, T5 = 30, K = 20.

Supplementary Note: Sequencing depth simulations In order to examine the robustness
of FEAST to varying levels of sequencing depth, we used multiple source environments from the
Earth Microbiome Project while varying their sequencing depth. In each iteration of our simulation
we sampled environments (with median Jensen-Shannon divergence of 0.95) and used them to build
a synthetic sink, with different mixing proportions and a set sequencing depth ranging from 100
through 10,000. Notably, by choosing a median Jensen-Shannon divergence of 0.95 we wanted to
emphasize that even under the scenario in which the sources are non-overlapping and thus trivial
to disambiguate, the sequencing depth will have an effect. Additionally, in these simulations, we
only varied the sequencing depth of the sources. However, since the sink samples are a linear
combination of the sources, these samples are also, indirectly, affected. To simulate an unknown

source, only K source environments are designated as known sources.

The simulation procedure was as follows. For each I = 1 : D; (different sequencing depth

values):
1. Draw K + 1 samples Sy,...,Skt1, from a selected data set.
2. Draw noisy realization of Si,...,Sk41 from the Multinomial distribution (denoted gk)

3. For each i = 1: Dy (different mixing proportions) :

(a) Generate random mixing m ~ Pareto(a > 0), where > m = 1.
(b) Set the sink sample abundances to Zf;ll m Sk per taxa.
(c) Estimate the known source proportions in the sink using Si,...,Sk.

(d) Estimate the unknown source proportions in the sink.


Ellipse


4. Calculate the squared Pearson correlation (r2) between the estimated and the true mixing

proportions per source and average across sources.

5. Calculate the average Jensen-Shannon divergence of m (based on the pairwise Jensen-Shannon

divergence).

In the simulations presented we used D = 19, Dy = 30, K = 20.

Supplementary Note: Unknown source simulations In order to evaluate FEAST's ability
to estimate the contribution of the unknown source, we used real source environments from Lax et
al. (2014) [1] where disambiguation of sources is challenging, and created synthetic sink commu-
nities. Given that any source not sampled should, theoretically, be accounted for in the unknown
source, realistic values of the unknown source can therefore span the range of percentages occupied
by the observed sources. Specifically, there are scenarios in which the known sources comprise
the entirety of the sink (unknown source contribution = 0), or on the other hand, scenarios in
which the known sources did not contribute any taxa to the sink (unknown source contribution
= 1). Therefore, the unknown source contribution values in our simulation ranges from 0 to 1.
As a measure of accuracy, we used the squared Pearson correlation between the estimated mixing
proportions and the true mixing proportions for each individual source across repeated simulation

runs for the same scenario as the measure of accuracy.

The simulation procedure was as follows. For each | = 1 : U; (different unknown source

proportions):

1. Set the unknown proportion u to Ui [l].
2. Generate random mixing m — 1 ~ Pareto(a > 0), where Y m—1=1—u.
3. For each i = 1: Us (different Jensen-Shannon divergence € (0.5 +¢€,0.5 —¢) :

(a) Draw K + 1 samples S1,...,Sk11, from a selected data set.


Ellipse


(b) Draw noisy realization of Sy, ..., Sk11 from the Multinomial distribution (denoted §k)

(¢) Set the sink sample abundances to 25:1 mySk + Si per taxa Draw K -+ 1 samples

S1,...,5Kk+1, from a selected data set.

(d) Estimate the unknown source proportions in the sink.

4. Calculate the squared Pearson correlation (r?) between the estimated and the true mixing

proportions of the unknown source.

In the simulations presented we used Uy € (0,1), T =30, K =4, ¢ = 0.2

Supplementary Note: The effect of noisy samples among sources on prediction accu-
racy We used K +1 distinct source environments randomly sampled from the Earth Microbiome
Project (i.e., soil, fresh water, feces etc.), where each source was represented by 10 different samples
(e.g., soily, soily, etc). We then amalgamated these 10 samples (per source environment) and used
them to build a synthetic sink, with different mixing proportions. In each iteration of our simu-
lation we sampled k € 1,---,10 samples from each source environment in order to estimate the
corresponding mixing proportions of the amalgamated sources. To simulate an unknown source,
we use only K source environments as our known sources. Indeed, we observed that as we increase
the number of samples per source, FEASTs prediction accuracy improves, however this effect is
moderate (squared Pearson correlation ranges from 0.9 — 0.99, Jensen-Shannon divergence values

range from 0.87 — 0.92).

The simulation procedure was as follows. Draw 11 sources Si, ..., Sk, from the Earth Micro-

biome Project. From each source S; draw 10 different samples.

1. Draw K sources Si,...,Sk+1, from the Earth Microbiome Project. From each source S;

draw 10 different samples.
2. Amalgamate the 10 samples per source environment and create new sources Si,...,8 K41

3. Generate random mixing m ~ Pareto(a > 0), where > m = 1.


Ellipse


4. Set the sink sample abundances to ijll my S}, per taxa.

For each L =1 : 10 (different number of samples representing the sources):

1. Draw L samples from each source Sr1,...,Sr(kx+1)
2. Draw noisy realization of Sr1,. .., Sr(x+1) from the Multinomial distribution (denoted S’Lk)
3. For each i = 1: Ty (different mixing proportions) :

(a) Estimate the known source proportions in the sink using Siis...,SLk.

(b) Estimate the unknown source proportions in the sink.

4. Calculate the squared Pearson correlation (r2) between the estimated and the true mixing

proportions per source and average across sources.

5. Calculate the average Jensen-Shannon divergence of m (based on the pairwise Jensen-Shannon

divergence).

In the simulations presented we used K = 10,75 = 30;

Supplementary Note: Using all maternal and early infant samples as potential sources
In this analysis we used the infants at their last time point as sink samples i.e., infant ¢ € {1,...,98}
at 12 months of age. First, we considered all maternal and early infant samples (from all the in-
fants in the study) as potential sources. We used FEAST to rank the contribution of each source
as compared to all other sources and found that the median contribution of the corresponding
maternal sample across all sinks is 1. We performed a permutation test in which the ranks are
randomly assigned for each sink, and the p-value is calculated as the number of permutations in
which the median of the maternal contributions rank is smaller than the original median. We
used 100,000 iterations and obtained a p-value < 0.0001 (Figure S10 (a)). Notably, the top 5

contributing sources included the corresponding infants family 83% of the time (43% of the cases,


Ellipse


the corresponding family ranked 1st, in 21% it ranked 2nd, 4% 3rd, 10% 4th and in 5% it ranked
5th). Next, We repeated these experiments by considering only the maternal samples as potential
sources. In this set of sinks (i.e., infants at 12 months of age), the median maternal contribution
was 14, and a similar permutation test as the one described above shows that this finding is sta-
tistically significance (p-value = 0.00017, Figure S10 (b)). Notably, the gut microbiome of healthy
individuals is relatively similar. We therefore removed the samples with low Jensen Shannon diver-
gence value to reduce noise in our estimations. To do this, for each sink;, we calculated the Jensen
Shannon divergence values (1) between mother; and all other mothers (2) infant-at-birth; and all
other infants at birth (3) infant-at-4-months; and all other infants at 4 months, and calculated
the median Jensen Shannon divergence for each of these source environments. We then removed

samples whose Jensen Shannon divergence fell below their respective median.

Supplementary Note: Expectation-Maximization - derivation Here we derive the full
EM algorithm for FEAST in detail. Recall that the observed data consist of the sink vector
z = (x1,x2...,xN), and source vectors y; = (Y1, Yi2, .., Yin ). for 1 < ¢ < K. The j-th component
of each vector denotes the observed abundance of taxa j in the sink and sources respectively. Denote
the total number of observations in each source by C; := Zjvzl yi; and total number of observations
in the sink by C := Z;\le x;. For each source, we have a vector v; = (Vi1,Vi2, ..., vin) denoting the
unobserved relative abundances of each source y;. Further, there is assumed to be one unknown,

unsampled, source-say K + 1-with relative abundances vx 1 = (7(K+1)1, VE+1)25 -+ 7(K+1)N).

Based on the source proportions, each source observation is assumed to have been generated

by drawing a random sample from the source with replacement. Thus,

Yi; ~ Multinomial(C;, ;) @)

For the sink we assume the following generative model. We draw C observations. For each

observation ¢ = 1, ..., C, we pick a source z¢ with the probability of choosing source i given by «.


Ellipse


The vector o = (g, @, ..., @ +1) gives the proportion of the sink derived from each source. Once

the source is chosen, we pick taxa x¢ from source z¢ based on the relative abundances ... Hence

z¢ ~ Multinomial(1, «) (2)

2¢|2¢ ~ Multinomial(1, v, ) (3)

where we denote z¢ = ¢ as having drawn sample ¢ from source i, indicating that the multinomial
observation 2¢ = (0, ...,1,...,0) has 1 in its i-th component and Os elsewhere. If we marginalize out

source assignments z¢, we obtain

K+1 K+1

p(z€=j) = Z p(z€ = jlz° =i)p(z° = i) = Z Vi Cti-
1 =1

Hence the marginal distribution of ° is Multinomial(1, (51, ..., n)), where 3; = Zf@[l Q5Yij-

We can therefore rewrite the model as:

K+1
= Z oy, forj=1,..,N (4)
yi ~ Multinomial(Cy, (vi1,...,7vin)) fori=1,.. K (5)
x ~ Multinomial(C, (B1, ..., 0n)) (6)

The expected complete log likelihood As demonstrated above, the log likelihood is given by

K+1
Ing(xuyhyQa ~~-ayK‘aa'V ij 10g (Z az'Vzg) + Zzyw IOg '72] + const (7>

=1 j=1

Using the notation separating each draw from the sink, the complete log likelihood is given by

C K+1 K N
logp(azt, ..., z% 2% . 2% y1, o ykc|a, ) = Z Z 2f (log Yize + log a;) + ZZylj log(yi;) + const
c=1 i=1 i=1 j=1

(8)
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where z¢ = j denotes that observation c¢ corresponds to taxa j. Taking expectations and collecting

terms, the expected complete log likelihood is given by

K+1 N K N
Q= Z Z z;p(ilf) - log(aivij) + Z Zyij log(7i;) + const (9)
i=1 j=1 i=1j=1
where
o)

The remainder of the derivation follows the main text.

Table S2. An example of FEAST’s output, using the infants dataset from Béckhed et al. 2015 [2], which

includes the top 50 pairs of taxa shared between a vaginally-delivered infant at 12 months of age (sample ERR525717,

sink) and its corresponding maternal sample (sample ERR525720, source) (an optional setting)

Class Order Family Genus Species Sink Source
Acidimicrobiia Acidimicrobiales AKIWS874 NA NA 0.19639 0.06038
Bacilli Lactobacillales Lactobacillaceae Lactobacillus coleohominis 0.17838 0.07551
Bacilli Bacillales Staphylococcaceae Staphylococcus equorum 0.11066 0.01407
Gammaproteobacteria Alteromonadales 211ds20 NA NA 0.10158 0.01238
Bacilli Bacillales Planococcaceae Lysinibacillus odysseyi 0.06719 0.10009
Bacilli Bacillales Bacillaceae Bacillus horneckiae 0.04117 0.10399
Bacilli Bacillales Planococcaceae Planococcus  maitriensis 0.02739  0.0308
Bacilli Lactobacillales Enterococcaceae Melissococcus plutonius  0.0245 0.11209
Actinobacteria Actinomycetales Actinosynnemataceae Actinokineospora  diospyrosa 0.02243 0.00341
Actinobacteria Actinomycetales NA NA NA 0.01857 0.00605
Bacilli Bacillales Sporolactobacillaceae Bacillusracemilacticus 0.01553 0.02153
Actinobacteria Actinomycetales Actinomycetaceae NA NA 0.01425 0.01886
Acidimicrobiia Acidimicrobiales koll13 NA NA 0.01308 0.00929
Bacilli Lactobacillales Lactobacillaceae Lactobacillus mucosae 0.01271 0.04955
Bacilli Bacillales Thermoactinomycetaceae =~ Mechercharimyces  mesophilus 0.01264 0.00328
Bacilli Bacillales Listeriaceae Brochothrix NA 0.01232 0.00968
Gammaproteobacteria Oceanospirillales Oleiphilaceae NA NA 0.011656.00E-05
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Bacilli
Actinobacteria
Actinobacteria
Bacilli
Solibacteres
Actinobacteria
Actinobacteria

Actinobacteria
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Acidimicrobiia
Clostridia
Bacilli
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Acidimicrobiales
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Actinomycetales
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Actinobacteria
Bacilli

Bacilli
Clostridia
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Bacilli

Gammaproteobacteria

Bacilli

Actinomycetales
Bacillales
Lactobacillales
Clostridiales
Acidimicrobiales
Bacillales
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Bacillales

Gammaproteobacteria Alteromonadales

Clostridia
Actinobacteria
Clostridia
Bacilli

Clostridiales
Actinomycetales
Clostridiales
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Actinobacteria
Bacilli
Bacilli

Bacilli

Actinomycetales
Lactobacillales
Bacillales

Bacillales

[Exiguobacteraceae]

Corynebacteriaceae

Actinosynnemataceae

Staphylococcaceae

Exiguobacterium
Corynebacterium

NA

Jeotgalicoccus

Solibacteraceae CandidatusSolibacter

Frankiaceae
Dermabacteraceae
Brevibacteriaceae
Alteromonadaceae
Lactobacillaceae
Microthrixaceae
Peptococcaceae
Lactobacillaceae
Brevibacteriaceae
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Actinospicaceae
Bacillaceae
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Clostridiaceae
Acidimicrobiaceae

Planococcaceae

Ectothiorhodospiraceae

Bacillaceae
Shewanellaceae
Ruminococcaceae
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0.00662
0.00641
0.00609
0.00558
0.00521
0.00331
0.00255
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0.00209
0.00202
0.00198
0.00182

0.01914
0.00441
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0.00239
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0.00418
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0.01541
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0.001724.00E-05
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0.00512
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0.00034
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0.001279.00E-05
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0.00106 6.00E-05

0.001014.00E-05

0.00099
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0.05367
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naphtae 0.00089 0.00543

NA 0.00081 0.00661
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