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Abstract

Mapping the network of ecological interactions is key to understanding the composition, stability,
function and dynamics of microbial communities. These ecosystem properties provide the
mechanistic basis for understanding and designing microbial treatments that attempt to promote
human health and provide environmental services. In recent years various approaches have been
used to reveal microbial interaction networks, inferred from metagenomic sequencing data using
time-series analysis, machine learning and statistical techniques. Despite these efforts it is still not
possible to capture details of the ecological interactions behind complex microbial dynamics. Here,
we develop the sparse S-map method (SSM), which generates a sparse interaction network from a
multivariate ecological time-series without presuming any mathematical formulation for the
underlying microbial processes. We show that this method outperforms a comparative equation-
based method and that the results were robust to the range of observational errors and quantity of
data that we tested. We then applied the method to the microbiome data of six mice and found that
the mice had similar interaction networks when they were middle- to old-aged (36-72 week-old),
characterized by the high connectivity of an unclassified Clostridiales. However, there was almost
no shared network patterns when they were young- to middle-aged (4-36 week-old). The results
shed light on the universality of microbial interactions during the lifelong dynamics of mouse gut-
microbiota. The complexity of microbial relationships impede detailed equation-based modeling, and
our method provides a powerful alternative framework to infer ecological interaction networks of

microbial communities in various environments.
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Introduction

Microbial communities contribute to the evolutionary fitness of other living organisms by inhabiting
their bodies (Mueller and Sachs 2015) and surroundings (Panke-Buisse et al. 2015, Heederik and
von Mutius 2012, Chaparro et al. 2012). For example, the gut microbiota assists host metabolism
(Sommer and Backhed 2013, Tremaroli and Bickhed 2012) and provides defense against pathogens
(Kamada et al. 2013). This understanding has motivated the development of microbial medicinal
Interventions that attempt to treat various disorders through the manipulation and control of
microbial communities (Borody and Khoruts 2012). Furthermore, an emergent property of the
microbial community is the potential contribution to environmental remediation through the
degradation of pollutants (Iranzo et al. 2001, Swenson et al. 2000). The composition, stability,
function and dynamics of a microbial community provides the mechanistic basis for these microbial
treatments, and closer ties between these ecosystem properties and ecological interaction networks
(interaction webs) have been revealed (Tylianakis et al. 2010). Hence, an understanding of ecological
interaction networks is crucial for both human health and environmental sustainability. While it is
difficult to study complex microbial interactions using traditional laboratory cultivation approaches,
recent developments in next generation sequencing technology and high performance computing
environments have enabled various approaches for revealing ecological interaction networks,
ranging from time-series analysis, machine learning and statistical techniques (Vacher et al. 2016,
Faust et al. 2015, Bucci and Xavier 2014, Faust and Raes 2012). However, there are currently no
sufficiently effective methods for capturing details of ecological interactions within microbial
communities, which frequently exhibit complex dynamics (Gerber 2014, Ravel et al. 2013, Pepper
and Rosenfeld 2012, Relman 2012, Caporaso et al. 2011, Dethlefsen and Relman 2011).

An ecological interaction network is defined as a directed network that describes interactions
between organisms, such as mutualisms, competition and antagonistic (predator-prey) interactions
(Faust and Raes 2012, Morin 2009). An ecological interaction network is generally described as a
pairwise interaction matrix whose elements take zero, positive or negative values with regard to the
effect of one species on the other. Here, we summarize the ties between ecological interaction
networks and other ecosystem properties in three main points. First, the stability of an ecological
system relies on its ecological interaction network, as is known from the seminal work of May (1973)
that formulated how the stability of an ecological system relates to the density and strength of its
ecological interactions. In microbial communities in particular, mutualistic interactions may have a
disruptive effect on community stability (Coyte et al. 2015). Second, there are extensive studies
suggesting that an interaction network is crucial to the development and maintenance of microbial
ecosystem functions (reviewed by Vacher et al. 2016). For example, findings from a type of artificial
selection experiment led Blouin et al. (2015) to suggest that reducing interaction richness is crucial
to developing and maintaining microbial ecosystem function in terms of low COz emission. Third, an
ecological interaction network can be used to identify key species having significant effects on the

stability and/or function of ecological systems out of proportion to their abundance (Jordan 2009,
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Power et al. 1996, Paine 1969). For example, Jordan (1999) proposed a “keystone index” that
1dentifies key species based on their topological position within an interaction network, a-pioneering

theoretical development underpinning recent microbial community studies (Toju 2016, Berry and
Widder 2014).

An ecological interaction network is different from an ecological assocration network such as a
correlation network (Friedman and Alm 2012) or co-occurrence network (Faust et al. 2012).
Although correlations between time-series data are often used as a proxy for interactions between
species, this is not a reliable method even if a strong correlation exists between two species (Fisher
and Mehta 2014). A co-occurrence network only implies the presence of underlying ecological
Interactions, whereas it provides significant information regarding associations between microbial
species (Vacher et al. 2016). As an alternative approach, algorithms have been developed to infer
ecological interaction networks directly from microbial time-series (Bucci et al. 2016, Fisher and
Mehta 2014, Jiang et al. 2013). However, these algorithms may not be applicable to the complex
dynamics of microbial communities, which require the following algorithm properties. First, a time-
series demonstrating non-equilibrium dynamics must be available because such dynamics are
common in microbial interaction networks. There are many reasons for this, such as species
interactions, environmental fluctuations, experimental perturbations, invasions and aging, and
understanding the dynamics resulting from these processes is clearly an important goal. Second, a
method that can capture microbial relationships without any presumption regarding their
mathematical formulation (in other words, an equation free approach) is desirable. As claimed for
ecological systems in general (Deyle et al. 2015), ecological interactions are often nonlinear, i.e., the
effect of species X on Y is not simply proportional to the abundance of Y, and attempting to
formulate all these relationships into mathematical functions is not realistic (Bashan et al. 2016,
DeAngelis and Yurek 2015). This fact will reduce the reliability of approaches that assume a priori
any underlying equation. Overcoming these obstacles will widen the applicability of network
inference methods without losing their reliability, and will promote our understanding on microbial

communities further.

We developed an algorithm, the Sparse S-Map method (SSM; Fig 1, see Materials and Methods),
that satisfies the above requirements. This algorithm generates a sparse interaction network from a
multivariate ecological time-series without assuming any particular underlying equation. Using
simulated multispecies population dynamics, we compared the performance of SSM to a comparable
equation-based method, sparse linear regression (SLR) to highlight the differences between
equation-free and equation-based methods. The robustness of the SSM’s performance against
observational error and dataset size was also tested. We then applied the SSM to the time-series of
gut-microbiota taken from the faeces of six mice over 72 weeks. To harness data limitations (18 time
points per mouse), we performed network inference by aggregating the data of five mice and

selected the network that best explained the dynamics of the remaining sixth mouse. This was also
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a cross-validation test for the universality of ecological interaction networks among mice.

Result

Sparse S-map method

The sparse S-map method (SSM) is an algorithm that executes a forward stepwise regression
scheme with bootstrap aggregation (“bagging”) to calibrate species’ interaction topology, i.e. with
which species a focal species interacts, for S-map (Dixon et al. 1999, Sugihara et al. 1996, Sugihara
1994). In other words, the SSM is a data-oriented equation-free modelling approach (empirical
dynamic modelling; Deyle et al. 2015, Ye et al. 2015, Deyle et al. 2013, Sugihara et al. 2012) for

multispecies ecological dynamics whose interaction topology is unknown.

S-map is a locally weighted linear regression model used for the mechanistic prediction of complex
ecological dynamics (Deyle et al. 2015). It is applicable to complex ecological dynamics without any
limitation in the dynamic property of given data and requires no special effort in formulating the
underlying species relationships into mathematical functions. However, so far it has only been
applicable to ecological systems with a small number of species whose interaction topology is
already known. By applying a forward stepwise regression with bootstrap aggregation, the SSM
realizes the appropriate selection of the interaction topology for S-map so that S-map becomes most
relevant for explaining a given set of data points. The ability of S-map to describe non-linear species

relationships makes the selection of interacting species reliable.

The SSM is essentially a non-parametric method that does not require any additional effort to
adjust parameters for the given data. Furthermore, owing to the forward stepwise scheme, it is
applicable to both absolute and relative abundance data without special treatment (Fisher and
Mehta 2014). Fisher and Mehta (2014) have already applied the forward stepwise scheme with
bagging to a linear regression model and thus developed an algorithm inferring the sparse
interaction matrix (sparse linear regression; SLR). However, because of the use of linear regression
model, the authors limited the applicability of SLR to systems whose dynamics are close to

equilibrium.
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149  Figure 1. Overview of the sparse S-map method (SSM).
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152  Performance of the SSM

153  To compare equation-free and comparative equation-based methods, we tested the performance of
154  the SSM and SLR for complex ecological dynamics generated from a generalized Lotka-Volterra
155  model with seven species with random interactions (see Materials and Methods). A significant

156  positive correlation (p < 0.01) between inferred interaction strength and that of the true network
157  was found in both the SSM and SLR, although the SSM showed a stronger correlation than SLR
158  (Fig. 2ab). In both methods, the inferred strength was slightly greater than the actual interaction
159  strength because of the non-linear species relationships. However, the correlation between actual
160  and inferred interaction strengths assures their correspondence.

161

162  Two major performance criteria for network inference methods are sensitivity (the ratio of detected
163  interacting species pairs with respect to all interacting pairs) and specificity (the ratio of detected
164  non-interacting species pairs with respect to all non-interacting pairs). Furthermore, accuracy

165  (sensitivity times the ratio of interacting pairs plus specificity times the ratio of non-interacting
166  pairs) quantifies the overall performance of the method for discriminating interacting and non-

167  interacting pairs. Figure 2c shows that the mean accuracy of the SSM was approximately 72%, 10%
168  greater than that of SLR. The SSM had greater specificity than SLR, which compensated for its

169  lower sensitivity. This means that the SSM is more conservative than SLR in finding a link between
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two species, which makes the SSM accurate than SLR.

Another important question is how reliable the detected interactions are. Hence, we also calculated
precision (the ratio of detected interacting species pairs that actually interact with respect to all
detected interacting pairs). The mean precision of the SSM was 62%, 10% greater than SLR. The
SSM thus outperformed SLR in both accuracy and precision. However, 62% precision means that
more than one third of the detected links are false. One remedy for this was obtained by introducing
a threshold value for accepting inferred interactions. For example, when filtering out interactions
whose inferred strength is less than three (approximately 40% of all detected interactions remain;

Fig.S1), the mean precision of the SSM exceeded 90%, whereas it was approximately 80% in SLR.
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Figure 2. Performance of the SSM and SLR for simulated ecological dynamics. Scatter plot with
regression line (a), and correlation measured by Pearson’s correlation coefficient (b). Points are
assembled from 100 network inference results for time-series with100 data points sampled from
dynamics generated from a seven species GLV model with random species interactions. Accuracy (c),
sensitivity (d), specificity (e) and precision (f), is calculated separately for each of 100 trials for the
SSM and SLR, either including all interactions or after excluding inferred interactions whose
strength is less than three. Bars indicate the first and third quartiles, and the line indicates the

mean. All values are calculated after excluding intra-specific interactions.

Robustness of the SSM for observational errors and data size
Both mean accuracy and precision of the SSM outperformed SLR for all dataset sizes and
observational errors that we tested (Fig. 3). The mean accuracy and precision was robust against

increases in observational error because the increase in specificity compensated for the decrease in
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sensitivity. The increase in dataset size from 25 to 100 points raised mean sensitivity by 20% in both
the SSM and SLR, while it reduced mean precision by 7%. More importantly, it reduced mean
accuracy by only 5% in the SSM but by 10% in SLR. Thus, increasing dataset size generally
enhances both methods to detect more links, while this benefits the SSM more than SLR because its
negative effect on accuracy is weaker in the SSM. The mean precision for inferred networks after
excluding weak (less than three) interactions was over 90% in the SSM for the all dataset sizes and
observational errors we tested (Fig.S2). In contrast to the cases when all interactions were
considered, no negative effect on accuracy or precision was found in both methods. It should be
noted that in figure 2S, among 100 trials, approximately 20% of the networks that were inferred
from 50 data points and that the 40% of those inferred from 25 data points were not included

because they had no inter-specific links.
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Figure 3. Robustness of the SSM and SLR for observational errors and data size. Accuracy,
sensitivity, specificity and precision for different observational errors were calculated for time-series
with 25 data points (a-d), 50 data points (e-h) and 100 data points (i-1) sampled from simulated
ecological dynamics. Blue lines indicate the SSM and red lines indicate SLR. Solid lines indicate the
mean value and the error bars indicate the first and the third quartiles. All results are calculated
from 100 different time-series generated from a seven species GLV model with random species

interactions. All values are calculated after excluding intra-specific interactions.

Application of the SSM to gut microbiome data
We applied the SSM to the time-series data of gut-microbiota taken from the faeces of six male
C57BL/6J mice (M1 to M) which were maintained in a vinyl isolator over a 72 week period

(Nakanishi et al. in prep., see Materials and Methods). Because only18 data points were obtained
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per mouse (sampled once every 4 weeks between 4 to 72 weeks of age), we performed network
inference by aggregating the data of five mice and selected the network that best explained the
dynamics of the remaining sixth mouse. We regard that network as the most relevant network. The
most relevant networks are inferred using the 4-40 week and 36-72 week data points, considering
the shift in community composition around the middle of mouse’s aging processes (Nakanishi et al.
in prep.). For the 4-40 week time-series data, the most relevant networks had small number of links
(18 in total), and it was difficult to determine any characteristic patterns shared among mice (Fig.
S3). In contrast, for the 36-72 week time-series, the most relevant networks had many links (52 in
total), where 2.6 individuals on average shared any one link (Fig. 4). This was greater than the
bootstrap 95% confidence level (2.5) calculated from the surrogate data. All links found within more
than four mice (except for those included as “others”) included an unclassified Clostridiales, that
exhibited a positive relationship between Allobaculum and the Clostridiales, the positive effect from

the Clostridiales to an unclassified S24-7 (Bacteroides) and a Lactobacillus to the Clostridiales and

the negative effect from an unclassified Rikenellaceae to the Clostridiales.
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Figure 4. Interaction networks of six mice inferred by data points at 36-72 weeks of age. (a) to (f)

corresponds to mouse M1 to Ms. Positive and negative effects are indicated by blue and red arrows

respectively. The size of the nodes indicates the relative abundance. The thick arrows indicate the

links whose strength is in the top 40% among all the links. Inter-specific links are not shown.
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Discussion

We developed the sparse S-map method (SSM), an equation-free method used for inferring
ecological interaction networks from a multivariate ecological time-series (Fig.1). Using simulated
multispecies population dynamics, we compared the performance of the SSM to a comparable
equation-based method, sparse linear regression (SLR), to highlight the differences between
equation-free and equation-based methods when applied to complex microbial dynamics. The SSM
outperformed SLR in both accuracy and precision, and showed particularly remarkable precision
when weak (less than three) links are filtered out (Fig. 2). Furthermore, both mean accuracy and
precision of the SSM outperformed that of SLR for all the dataset sizes and observational errors we
tested (Fig. 3), with 90% mean precision when the weak links are filtered out (Fig S2). As an
equation-free method, the SSM has greater ability to determine species interactions in complex
ecological dynamics than the comparative equation-based method, and the performance is robust
against observational errors. It is worth noting that increases in the dataset size raised the
sensitivity of both methods (Fig 3.b,f,j) and the number of networks that contain strong links (Fig.

2S), but might not not affect accuracy and precision in general.

We then applied the SSM to the time-series of gut-microbiota taken from the faeces of six mice.
Here, the procedure of applying the SSM to mouse gut microbiota can be regarded as a cross-
validation test for the universality of the interaction network among mice. Our results suggested
that in the middle to old age (36-72 weeks old), the mice had similar interaction networks, which
were characterized by the high connectivity of an unclassified Clostridiales. However, in the young
to middle age (4-40 weeks old), there was almost no network pattern common among mice. Hence,
the result validates universality in the interaction network only in the latter half of the lifelong
dynamics of mouse gut microbiota. This might be due to transitivity of microbial interactions during
the development of physiological and immunological functions as well as that of the development of
the gut microbiota itself. Recently, Odamaki et al. (2016) showed the age related compositional
shifts in human gut microbiota. We anticipate that applying SSM to human subjects in different age
groups will offer deeper insights into how the human gut microbiota shaped through its lifelong

developmental processes.

While we adapted a Holling Type III functional response identically to all species relationships in
the simulation, a variety of processes will be the source of non-linear species relationships in
empirical microbial communities. The complex interdependency of metabolism (Baran et al. 2015),
inter specific competition (Hibbing et al. 2010), intercellular signaling such as quorum sensing
(Atkinson and Williams 2009), formation of multi-species complexes known as biofilms (Stoodley et
al. 2002), and evolutionary processes running concurrently to ecological processes (Gomez et al.

2016) might all contribute to the mechanistic basis. The relative performance of the SSM to SLR
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will depend on the ubiquity and strength of these processes. In this case, large non-linearity indices
characterized the dynamics of mouse gut-microbiota (Fig. S4), indicating the effects of nonlinear
relationships. Together with the performance of the SSM shown here, the need of equation-free

approaches for the analysis of microbial dynamics is demonstrated.

In the near future, advances in metagenomic technology will further reduce the cost to collect time-
series data and its output will be much more accurate and precise. One important question to ask is
whether this will allow the replacement of equation-free approaches with equation-based
approaches that utilize advanced modelling techniques (e.g., Brunton et al. 2016). There are two
reasons why this seems improbable. First, the complex nature of microbial interactions we have
described, even with such data, still present difficult challenges in formulating all the present
relationships into mathematical formulations (De Angelis 2015, Perretti et al. 2013a, Perretti et al.
2013b, Hartig and Dormann 2013). Second, a theoretical study proved that finding a precise
dynamical equation for a time-series is, in general, computationally intractable even with any
amount/quality of data (Cubitt et al. 2012). Conversely, these data advances would simply benefit
our approach by promoting its ability to find links between species. In addition, Ye and Sugihara
(2016) suggested a way to utilize high dimensionality of data to harness the predictive ability of
equation-free forecasting. Thus, the future development of metagenome technologies would
reinforce both the applicability and reliability of equation-free approaches and help improve our
mechanistic understanding of microbial communities. We agree with DeAngelis et al. (2015), who

stressed the value of equation-free approaches for the analysis of complex dynamical systems.

Materials and Methods

Data processing

We assume that time-series X = {x(t)}l2; is an array of vectors x(t) = {x;(t)}}\, where t=1,...,L
indicates data points with a constant interval (say 1 day), i = 1,...,N indicates species (OTUs) and
x;(t) 1s the abundance of species. If x;(t) is the relative abundance, then X;x;(t) = 1. However, we do
not specify whether x;, is relative abundance or absolute abundance because our method is
applicable to both cases. For convenience, we assume that X; = {x;(t)}l.; is the time series of species
i. We also define a time series Y = {y;()}=1, with y;(t) = logx;(t + 1) — logx;(t), to apply gradient
matching (Elner et al. 2002), which assumes y;(t) as the response variable and x, as the
explanatory variable. In the regression processes, the explanatory variables and the response
variable having the same time index is treated as a pair (x(t),y;(t)). We refer to the set of these

pairs D = {(x(t),y;())}i=f as “data”.

Bootstrap aggregation
Because forward stepwise regression as explained below is known to be unstable, we used a

bootstrap aggregation (“bagging”) method to obtain a stable result. To apply the bagging procedure,
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319  half of the pairs in D are randomly sampled to make a “database” Dy, and rest of the points are
320  assumed as a “target” Dyy. We use Y = {7;(D)}, X = {x(t)} and X(t) = {%;(t)} when we need to

321  specifically indicate the points in D.4. The process of forward stepwise regression is repeated yy
322  times with different partitioning. Here, we set yy = 100.

323

324  S-map

325  S-maps is a locally weighted multivariate linear regression scheme that approximates the best local
326  linear model by giving greater weight to points on the attractor that are close to the current

327  ecosystem state. This approach does not require presupposed mathematical formalization of the
328  target dynamics, and thus regarded as an equation-free modeling approach (empirical dynamic
329  modelling; Deyle et al. 2015, Ye et al. 2015, Deyle et al. 2013, Sugihara et al. 2012).

330

331 | Algorithm 1: S-map

332 | 1. Initiate 6 = 0.

333 | 2. Select a pair (x(s),yi(s)) from Di,.
334 | 3. Calculate weight vector by,

o||1x(s), x(k
335 Wg = {exp (— —” ( ()1 ( )”>} ,
S x(K)EDgp
336 | where,
337 dg = Hzx(k)eodb||>_<5.Xk||-
338 | Here, ||-;|]] denotes the Euclidian distance between two vectors and n = |Dy;,| is the number of

339 | elementsin Dg,.

340 | 4. Generate a weighted design matrix as,

341 As = {WeXitk=1,
342 | where wg is the kth element of wy.

343 | Similarly, generate a vector of weighted response variable as,

344 Bs = {Wiyi (K k=1
345 | 5. Solve a linear equation

346 B, = A,C..
347 as,

348 Cs = A71B,.

349 | Here, A;! is the pseudoinverse of A,.

350 | 6. Prediction for y;(s) is obtained as,

351 yi (s) = Cx(s).

352 | 7. Iterate 2-6 until all pairs in D, is selected. Then, calculate

Iy, i (s) = 3i(5))?
353 MSE,,,, = 2P IIIJ I ‘
tg

354 | 8. If 6=0,0r 6 # 0 and MSE,,, < MSE inclement 06 by d0, set MSE = MSE,,,, and back to 2, else
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return MSE.

The ith column of the inferred interaction matrix, ¢ = {c{"]} | 18 obtained by simply assuming that
]:

¢ = HZ{(l:le,

and set cjj = ¢(j) for j € I ctive and cjj = 0 otherwise. Here, €(j) represents the element of €
corresponding to the jth species in [,.ve. As explained in the next section, I,.ve 18 the set of the

index of species whose interaction to species i is active (thus, non-zero).

The parameter 0 tunes how strongly the regression is localized to the region of state space around
each X,. It is also used as an indicator for the degree of non-linearity of dynamics (Sugihara 1994).
Note that if 8 = 0, the S-map model reduces to a vector auto-regression (VAR) model. Thus, S-maps
include linear VAR models as a special case. More importantly, this also means that the SSM
includes SLR as a special case. For 8 > 0, the elements of wg can vary with the location in the state
space in which (x,y;) is plotted, and with increasing 6 they can vary more strongly for different X.
If 0 is too small, the coefficients will underestimate the true variability in interaction strength.
However, with larger 0 the regression hinges on only the most proximal points on the manifold and
will therefore be more sensitive to observation error. Here, we selected 6 that minimizes MSE by
incrementing 0 from zero by d6 = 0.2 steps because as a function of 0, MSE generally has a global
minima not very distant from zero (say, 6 < 10). It is the simplest procedure for the minimization of

MSFE adopted for explanation, and would be replaced by a more sophisticated method.

Forward stepwise regression

The use of forward stepwise regression is motivated by two reasons (Fisher and Mehta 2014). The
first reason is that the forward stepwise selection can distinguish between the presence and absence
of species interactions and include interactions only when it improves the predictive power of model.
This makes inferred interaction networks sparse and easily interpretable. The second reason is that
modern metagenomic techniques can only measure the relative abundances of microbes, not their
absolute abundances. Hence, the design matrix for the linear regression becomes singular, and
there exists no unique solution to the ordinary least squares problem. In the forward stepwise
procedure interactions and species are added sequentially to the regression as long as they improve
the predictive power of the model. Because the design matrix now only contains a sub-set of all
possible species, it is never singular and the linear regression problem is well-defined. Below, we
describe the forward stepwise regression including bootstrap aggregation. Since all of the
regressions are performed independently for each species, we described the algorithm for a species,
i.e. inferring a row of the interaction matrix (c). The full interaction matrix is obtained by repeating

the procedure from i=1 to N.
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Algorithm 2: Forward stepwise regression with bootstrap aggregation

1. Set the target species i.

2. Initiate index y = 1.

3. Sample half of the pairs in D to make Dgp,, and set the rest as Di,.

4. The set of the index of explanatory variables (species) that have active interactions to species i is
initialized to I, ve = {i} because the presence of intra-specific interaction is natural, and the
interaction with the rest of the species is unified as Iipactive = {j}ji-

5. Aregression for y; by {Xy}ker, . 1S performed by S-map. This returns MSE,,.

()

6. For each index j in Ijpactive, Create I g =

Lictive N {j}, where the suffix h indicates that j is the
hth element of Iipactive-

7. Perform a regression y; by {xl}lelggt by S-map.

8. Repeat 7 to obtain MSE™ for all h.

8. Set the least MSE® as MSE,,, and I as Ipeq.

test

9.If Q =1— MSEpe,/MSEpes is greater than a pre-specified value (Q.) then set MSEjq , as
MSEp e, and Ipege as Iactive, remove hth element of Ijp,cive and go back to 6, otherwise go to 10.
10. Return ¢ (y) where y indicates that the inferred interaction strength for species i is obtained

by the yth iteration. If y < yy increment yy by 1 and go back to 3, otherwise terminate the loop.
10. Return ¢ = Median({c; (y) ]]:’Zl .

Q. controls the sensitivity of the algorithm to find links between species. It is reasonable to fix Q.
to zero because this means that a new link will be accepted as long as it improves MSE. Thus we

set Q. to zero in both the SSM and SLR unless otherwise mentioned.

Simulation model
We used a population dynamics model to generate the data set for validation. The model is based on
a generalized Lotka-Volterra equation (GLVE),

% = Xi{G(Xi) + ZjlilFi(xj)},
(1)
which has been frequently used to model microbial population dynamics (Bucci et al. 2016, Coyte et
al. 2015, Fisher and Mehta 2014). Here, G(x;) = ri(1 — £¥,x;/K) and Fi(x;) = c;x?/(B+x}). F; is
known as the Holling Type III functional response and introduces nonlinear species relationships. r;
is the intrinsic growth rate and K is the carrying capacity that defines upper limit of abundance.
Here, the metagenomic read count roughly corresponds to K. c;; represents the effect of species j
on i. Thus, the matrix C = {c;} expresses the “true” interaction between species except for where
i = j, in which the effect of the first and second terms in (1) cannot be divided. B is the half-
saturation constant of the interspecific interaction and controls the strength of non-linearity within

the population dynamics.
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430  To reduce the right hand side of equation (x), we used the relationship,
1dx dlogx

431 =
3 x dt dt

432  Hence eq. (1) is transformed to,

dlogx
434 (2
435  The discrete nature of metagenomics data is captured by discretizing eq. (2) as,
436 logx;(t + At) — logx;(t) = {G(xi) + ZjlilFi(xj)}At.

437 By setting At =1 without loss of generality and introducing demographic stochasticity, we obtain
438  the equation describing the population dynamics as,

439 logx;(t+ 1) =logx;(t) + G(x;) + ZiNlei(Xj) + ni(t)/\/r(t).

440 (3

441  Here n;(t) is a random value drawn from a normal distribution with mean 0 and variance c?. ¢
442  determines the strength of stochasticity relative to the deterministic processes.

443

444  One can easily see that eq. (3) is transformed to,

445 yi(©) =logx;(t+ 1) — logx;(t) = G(x}) + =N, Fi(x;) + ni(©)/y/x: (D).

446 (4)

447  This equation gives the true relationship between x’s and y; when applying the regression test. It
448  is worth noting that, although we specify G and F here, the SSM does not require F and G to be
449  known or even described as a specific mathematical formulation. It should be noted that due to the
450  form of F we adopted, the inferred interaction strength is roughly scaled as cj;~c;;/K. Hence we
451  rescaled it as ¢jj - Kcjj .

452
453  Data generation

454  We used eq.(4) to generate ground truth data as follows. We generated the initial state as {1051'}?]:1

455  where §; is a random value drawn from a uniform distribution (0,4) and N is the number of

456  species. The interaction matrix C is generated by the following rule; (1) C must have (N? — N)/2
457  non-zero elements, (2) value of a non-zero element is randomly assigned from a uniform distribution
458  (—2,—0.05) or (0.05,2) and (3) ¢ji # 0 if ¢;; # 0. With this initial state and interaction matrix, we
459  numerically solved eq.(4) up to 5000 steps and took the latter 200, 100 or 50 steps. The numerical
460  simulation was discarded if the abundance of at least one species fell below one; otherwise the result
461  was sampled every 2 steps to make a time-series with 100, 50 or 25 data points.

462

463  Other parameter values were as follows. We set r = 1 so that the scale of dynamics was relevant to
464  the simulation of microbial dynamics observed as the time-series of 100, 50 and 25 data points.

465  Intra-specific competition (c;; < 0) was —0.4. This controlled the balance between stability and
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instability. For example, a species does not coexist if ¢;; is too large, while most communities
converge to an equilibrium if ¢; is too small. The variance coefficient of process noise was set to

02 = 0.04. This became a source of complexity within time-series data at a certain level. K was set
to 10* considering the standard size of a metagenomic read count. Finally, we set B to 0.05 x K? to
introduce non-linear effects throughout the functional response. Because these values are for the
specific Lotka-Volterra equation we used, except for two parameters (r and K) specified by general
criteria, discussion of whether the parameter values are valid for microbial systems or not is not
important. Instead, the parameter values were adjusted so that the GLV model constantly
generated dynamics that satisfied the acceptance criteria 8 > 1, because the relative performance of
the SSM 1is in general higher than SLR if 0 deviates from zero. The Holling Type III functional
response was also adapted because it reduces extinctions and non-persistent chaos in multispecies

communities (Williams and Martinez 2004).

Nonlinearity of time-series

We evaluated the non-linearity of time-series by calculating 6; as follows.

Algorithm 3: Calculation of 6;

1. Set the target species i.

2. Initiate index y to 1.

3. Sample half of the pairs in D to make Dgp,, and set the rest to Dy,.

4. A regression for y; by x is performed by S-map and set 6 that minimizes MSE as Bi(y) and
increment y by 1.

5. Back to 3 if y < y,,, otherwise terminate the loop.

6. Set the mean of Bim’s to 6;.

Here, we set v, to 24. We accepted the time-series only if Min({8;}}\,) > 1 is satisfied.

Observational error
To simulate observational error, each abundance data x;(t) was perturbed by a random value
drawn from a normal distribution with mean zero and variance ¢x;(t). Here, we used six different

values (0,1,2,4,8,16) for c.

Application of the SSM to mouse microbiome data

In the mouse gut microbiome data we used, OTUs were categorized into genus-level groups by the
CLASSIFIER program of the Ribosomal Database Project (RDP) within a software package
Quantitative Insights into Microbial Ecology (QIIME). For detailed description of this data set see
Nakanishi et al. (in prep.). For our analysis, we picked the seven most abundant groups that
comprise approximately 85% of the total microbial biomass and classified the abundance of the

remaining groups into a single group of “others”. Next, (x,y;) was calculated for all mice and one
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mouse (My) selected as the test dataset. The remaining mice ({M;},.x ) were used as the training
data for cross validation which was aggregated to form dataset D. The SSM was performed on D as
described above but instead of accepting the last step before Q. exceeded zero, I,.ve Of each step in
a forward stepwise regression was stored for 0.2 < Q. < —0.2. Then, the value of I ... that
minimizes the MSE of S-map predicting y; from x in the test data was selected and ¢ was
calculated as per the explanation of S-map. The above procedure was repeated for all groups in k to
form the M’s most relevant network. 6,’s values were also calculated for My using Algorithm 3
(Fig. 49).

Data accessibility

The mouse gut microbiome data is available in the DDBJ database (http:/getentry.ddbj.nig.ac.jp/)
under accession number DRA004786. We used Mathematica 10.2 to implement the SSM and SLR,
generate simulation data, process mouse gut microbiome data and to perform analysis. Computer

codes (Mathematica notebook files) can be provided upon request to the authors.
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Figure S1. Cumulative distribution of inferred interaction strength in figure 2a for SSM (a) and
SLR (b).
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Figure S2. Robustness of SSM and SLR for observational errors and data size for networks where
weak (fewer than three) inferred interactions are filtered out from the results of figure 3. Accuracy,
sensitivity, specificity and precision for different observational errors were calculated for time-series
with 25 data points (a-d), 50 data points (e-h) and 100 data points (i-1) sampled from simulated
ecological dynamics. Blue lines indicates SSM and red lines indicate SLR. Solid lines indicate the
mean value and the error bars indicate the first and the third quartiles. Among 100 trials, about
20% of the networks inferred by 50 data points and 40% of that of 25 data points were not included

because they had no inter-specific links.
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Fig. S3. Interaction networks of six mice inferred by 4-40 weeks old (a-f). Positive and negative
effects are indicated by blue and red arrows respectively. The size of nodes indicates relative

abundance. Inter-specific links are excluded.

1 2 3 4 5 6 7 8
Species

Q=2 N Wk OO -

Fig. S4. 6; of M; calculated for all (18) data points. Indices 1-8 corresponds to, Allobaculum, S24-17,
Clostridiales, Lactobacillus, Ruminococcaceae, Prevottela, and others, respectively. 8;s are not

significantly different for other mice.
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