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Abstract17

The human microbiome is extremely complex considering the amount of species, their18

interactions, and its variability over time as a function of environmental drivers. Here19

we untangle the complexity of the human microbiome for the Irritable Bowel Syndrome20

(IBS) that is the most prevalent functional gastrointestinal disorder linked to many21

causes. Based on a novel information theoretic network inference model (that considers22

conditional entropy reduction till the maximum entropy is not reduced further) we detect23

species interaction networks that are functionally and structurally different for healthy24

and unhealthy individuals. Healthy networks are characterized by a neutral symmet-25

rical pattern of species interaction and small-world features for functional node degree26

and distance versus random unhealthy networks. We detect an inverse scaling relation-27

ship between species total outgoing information flow (”active flow”) and abundance.28

The top 10 interacting species are also the least abundant for the healthy microbiome29

and the most detrimental; however these species are controlled by other species (via30

negative feedbacks) and the microbiome is self-organized into a healthy state. On the31

contrary, the most abundant species for the unhealthy microbiome are the least inter-32

active and the most detrimental. These findings support the idea about a diminishing33

role of network hubs and hubs should be defined considering total outgoing informa-34

tion flow. The healthy microbiome is characterized by high diversity growth rate, small35

species similarity decay over time (i.e. low species turnover), and small variability in36

the abundance of all species. This result challenges current views that posit an asso-37

ciation between health states and the highest diversity in ecosystems rather than the38

highest biodiversity growth as in this study. In a network perspective the healthy micro-39

biome is configured as a small-world network with a tendency toward a critical scale-free40

network while the unhealthy one is organized as a random network with many more in-41

teracting species. We show how the transitory microbiome at the edge of the healthy42

and unhealthy ones is unstable and criticality of the healthy microbiome is not at the43

phase transition (or second order) between order and chaos but in a meta-stable state44

(on the contrary of other critical systems where energy and entropy grow in the same45

direction and criticality is at the transition). We stress out the importance of consider-46

ing interacting pairs versus single node dynamics when characterizing the microbiome47

nexus and of ranking these pairs in terms of their dynamics; interactions (i.e. species48

collective behavior) shape transition from healthy to unhealthy states. The macroeco-49

logical characterization of the microbiome is useful for diagnostic purposes and disease50

etiognosis while species-specific analyses can detect species that are more beneficial to51

humans leading to personalized design of pre- and pro-biotic treatments and engineered52

microbiome transplants as two examples.53
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1 Introduction54

1.1 Microbiome Dynamics and Health55

Microbial ecology has become an important topic for health sciences and other sciences such56

as biology, ecology, forensic and agriculture. Recent work has shown how each person main-57

tains a fairly unique microbial fingerprint, and that microbial dysbioses are often associated58

with shifts in health-status. These shifts are typically associated with the gut that is the59

most diverse part of the human body considering the bacteria holobiont (Coyte et al., 2015;60

van de Guchte et al., 2018). We recognize that our microbiota are highly dynamic, and61

that these dynamics are linked to environmental and individual states (van de Guchte et al.,62

2018). The field is still in its infancy and it not yet settled upon whether gut microbial63

community structure varies continuously or if it jumps between “discrete” community states,64

and whether these states are shared across individuals. In particular, some researchers sug-65

gest that gut communities can be binned into discrete enterotypes (Arumugam, 2011), while66

others argue that gut communities vary along multidimensional continua without any univer-67

sality (Knights et al., 2014). If the ultimate goal of microbiome research is to improve human68

health by engineering the ecology of the gut, and other applications are also of interest, we69

must first understand how and why our microbiota varies in time, whether these dynamics70

are consistent across humans, and whether we can define stable or healthy dynamics. This71

line of research is primarily missing how microbial diversity is organized considering all its72

facets and how this diversity changes when species interaction networks change. For instance73

the same level of diversity can be achieved via different network topologies that may lead to74

different health states (Caesar et al., 2015).75

76

1.2 Microbiome Diversity and Funtional Network Organization77

In order to determine the network organization of the microbiome and associate that to78

healthy or unhealthy states we consider the Irritable Bowel Syndrome (IBS) as the template79

syndrome to characterize microbiome dynamics (Mart́ı et al., 2017; Sitkin et al., 2018). IBS80

shows common symptoms of cramping, abdominal pain and diarrhea related to altered gut81

flora. Previous research has found that the microbiome in people with IBS differs from that82

in healthy people (Mart́ı et al., 2017); however, nobody demonstrated how the microbiome83

network is different for these healthy and unhealthy groups (i.e. ”states” generally speaking84
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when not focused on a particular subpopulation) and how the transition from one to another85

occurs. By exploring this topic we propose novel network inferential models for gathering86

microbiome networks from species big-data; these models are based on the principle of max-87

imum entropy that tries to gather the most informative set of variables about stable state88

patterns (Marsili et al., 2013; Servadio and Convertino, 2018). An example can be about sets89

of species for predicting a diverse set of species networks. Big-data is not necessarily related90

to the size of the data used but also to the number of calculations required to infer the un-91

derlying network structure. These computations increase exponentially with the number of92

species/nodes n considered beyond the geometrical criteria, where the number of connections93

is n(n − 1)/2, because of the directed topology of the network. A directed topology is for94

instance found when species interaction networks are non-symmetrical which means that the95

direct influence of two species does not have the same magnitude for different directions of96

interactions (Layeghifard et al., 2017). A variety of different models have been proposed to97

infer network structures from small and large datasets. For biological systems in particular,98

the inference of causal interactions among systems’ components is a daunting task because99

not all interactions are known or the ”true” magnitude of interactions considering the data100

used to assess these interactions. For instance microbiome networks are in principle different101

if the used input data are species occurrence, abundance, geographic range or other features.102

Also for this motivation, we employ assumption free inference models that consider the whole103

probability distribution of species dynamics and that are validated considering their ability to104

predict population patterns over time. We extract optimal microbiome networks as optimal105

information networks (OINs) (Servadio and Convertino, 2018) for healthy, transitory and106

unhealthy groups to investigate general patterns and drivers underlying microbiome stability107

and the interactions among different species in terms of network topology, magnitude and108

preferential direction. Additionally, we characterize macroecological functions α, β and γ109

diversity which describe the temporal organization of microbiome biodiversity considering110

point time, intertemporal and total diversity. We show how these functions are related to111

microbiome network features and different topologies emerge for different diversity/health112

states. The linkage between microbiome networks and macroecology is unique and offers113

additional insights into the ecology and the evolution of the microbiome with relevance to114

ecosystem health.115

116

4

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2018                   Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2018                   doi:10.20944/preprints201812.0188.v1

http://dx.doi.org/10.20944/preprints201812.0188.v1


1.3 Microbiome Neutrality and Criticality117

Speculations about the underlying processes of ecosystems’ organization have been moved118

in the past considering diversity patterns and models able to predict these patterns such as119

neutral models (Zillio et al., 2008; Convertino, 2011; Azaele et al., 2016; Martinello et al.,120

2017). Neutral models posit that biological diversity is driven solely by ecological drift with-121

out a strong interference of environmental biases that lead to preferential dynamics (”niche”)122

for some species versus others. From neutral to niche states a critical transition is typically123

observed where species network organization exhibits scale-free behavior (Convertino et al.,124

2012; Lahti et al., 2014; Ma, 2015; Gentile and Weir, 2018; Gonze et al., 2018). This scale-free125

behavior was though to occur only at the critical transition point but recent evidence also126

shows that criticality does exist also for stable states where system’s component organiza-127

tion is optimal due to optimal information sharing among components and the environment128

(Hidalgo et al., 2014; Martinello et al., 2017). This result was already found for geophysical129

networks and coupled ecological networks (Banavar et al., 2001; Convertino et al., 2009) for130

instance where energy dissipation tends to a minimum. However, these models are typically131

driven by some assumptions which may lead to erroneous conclusions about the fitted pat-132

terns: in other words, predictability (under some assumptions) of biological patterns does133

not imply causality considering the hypothesized and implemented processes (Sugihara et al.,134

2012). A different approach is achieved by pattern-oriented models (Grimm et al., 2005) such135

as the one here proposed that do not assume any mechanism a priori and consider the whole136

information content in data (via probability distributions and their relevance to predict pat-137

terns via entropic functions (Marsili et al., 2013)) to claim underlying processes. In this138

sense we move our discussion of the problem of understanding microbiome dynamics toward139

which information is critical and how that model criticality (Mastromatteo and Marsili, 2011;140

Marsili et al., 2013) is associated to biological criticality also considering the neutrality of di-141

versity dynamics. Therefore, rather than trying to untangle biological complexity via fitting142

some biologically inspired models we use all data available to check their information content143

to define all possible microbiome states and associated diversity patterns. In this informa-144

tion theoretic framework, in particular we show how criticality coincides with neutrality and145

optimal microbial network organization that lead to healthy states.146
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2 Material and Methods147

2.1 Microbiome Data148

We considered microbiome data from Mart́ı et al. (2017) for which species data for six in-149

dividuals was available over time (30 days). Species Operational Taxonomic Unit (OTU)150

abundance data were derived by published 16S rRNA and shotgun metagenomic sequencing151

(SMS) data pertaining to the gut microbiotas; these data are from Mart́ı et al. (2017). Two152

individuals suffered from IBS. Two others were healthy and the other two individuals, one153

was treated with antibiotics and the other was at the verge to be unhealthy. The latter154

individuals are considered to be part of a “transitory” group between healthy and unhealthy.155

156

2.2 Probabilistic Characterization of Microbiome Variables157

We characterize probabilistically the distribution of macroecological and microbiome network158

variables (generally indicated as Y ) considering the following general exceedance probability159

distribution function:160

P (Y ≥ y) ∼

 e−λ1 y for y < Y ∗

y−ε+1 f
(
y
m

)
e−λ2 y for y ≥ Y ∗

, (2.1)

where Y ∗ is the truncation point (“hard truncation”) for which the transition in the161

regime of the probability distribution is observed from exponential to power-law. We refer162

to “hard truncation” when the pdf clearly exhibits two regimes (for y < Y ∗ and y > Y ∗)163

in which two diverse pdf can be identified. λ factors are scale factors for the exponential164

distribution, either above or below the lower/upper cutoff defining the scale-free regime with165

power-law distribution. m is the upper cutoff after which exponential finite size effects occur.166

We introduce the function f(y/m) to give more generality to the cutoff (or homogeneity)167

function. y−ε+1 is the scaling function where ε is the scaling exponent of the power-law168

distribution. Note that the probability distribution function p(y) y−ε scales with ε only. ε169

dictates how the mean and the variance behave. For ε = 2 the pdf is the Zipf?s law that is170

found for many socio-ecological systems (James et al., 2018).171

172
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2.3 Network Inference and Dynamical Species Characterization173

2.3.1 Information Balance and Exchange174

To infer species interaction networks based on microbial abundance data we base our approach175

on the model developed in Servadio and Convertino (2018) based on previous efforts (Lizier,176

2014; Villaverde et al., 2014). We consider the microbiome as a dynamic network of species177

interactions where the total free energy changes over time. Considering information entropy178

as the energy’s counterpart, the total network entropy can be written as:179

H(N) ≈
∑
i

H(xi) +
∑
i

∑
j 6=i

TEi(xi, xj) + σ(N) (2.2)

where xi denote the i−s variables that contribute to the total information of the network N .180

In our case x is the abundance of species. In this equation, H(xi) denotes Shannon entropy,181

and TE(xi, xj) denotes Transfer Entropy from the first variable to the second variable (Razak182

and Jeldtoft Jensen, 2014; Lizier, 2014; Servadio and Convertino, 2018); in our case both183

variables are the abundance of two different species. Eq. 2.2 represents a fundamental184

principles of information balance independently of the chosen entropy (Hanel and Thurner,185

2011) and forms the general basis of sensitivity analyses. Eq. 2.2 states that the total186

network entropy can be decomposed into the entropy of each individual node plus the entropy187

of interactions. The sum of absolute TEs is a proxy of the Mutual Information (MI) of a188

variable, thus it considers the whole set of variable interdependencies; in Eq. 2.2 we consider189

the sign of TE because H(N) should consider the typology of interactions with their sign.190

σ(N) is a noise term that captures the unexplained variability of N related to variables not191

considered and other discretization factors. Eq. 2.2 can also be extended in space if spatially192

explicit calculations are needed as in Servadio and Convertino (2018).193

The computation of TE is based on the distributions of the two variables of interest194

(species abundance) conditioned on their histories. Comparing the conditional probability195

of the variable on its own history with the conditional probability of the variable on both196

its own history and the history of a predictor variable provides asymmetry in determining197

predictive abilities of one variable onto another. Thus a directed network can be inferred.198

Directed TE of two time series variables, denoted as Xi and Xj , was calculated as199

TEXi →Xj =
∑

p(Xj,t, Xj,τ , Xi,τ ) · log

(
p(Xj,t|Xj,τ , Xi,τ )

p(Xj,t|Xj,τ )

)
(2.3)

7
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where Xi,τ and Xj,τ denote the respective histories of Xi and Xj at time t as well as200

considering all past values for the period t − τ . Here we consider the same memory lag for201

Xi and Xj but in principle historical dependencies can be different when considering other202

variables and the variable itself. In our microbiome study Xi and Xj are species abundances203

of species i and j.204

The definition of TE can assume that the processes analyzed obeys a Markov model,205

that is suitable for memoryless stochastic process. This implies that future states depend206

only on the current state and not on events that occurred before it. Thus, in a Markov207

process it is assumed that τ = 1. Most of the time, this is true, especially for rapidly208

varying processes (such as for microbial abundance); however, this constraint can be relaxed209

by choosing temporal lags that are small enough to focus on short-term interdependencies210

which are not related to long dependencies in the underlying processes. In our case study211

abundance values of two randomly selected species did not correlate with abundance values212

for τ = 1; thus, memory processes are relevant and as in Villaverde et al. (2014) we selected213

the τ that maximizes the interdependency between two species assessed by the functional214

distance (see Eq. 2.12).215

2.3.2 Maximum Entropy Networks216

Among all values of TE the question remains on which value is the most informative about217

the potential causal relationship between two variable. As in Servadio and Convertino (2018)218

we proposed to select TEs that lead to the maximum entropy for the inferred network. This219

corresponds to maximize the Fisher information matrix (Borile et al., 2012). MaxEnt favors220

probability distribution functions with maximum entropy as the most general distributions221

that fit the observed data (Hanel et al., 2014). This theory can be applied to a functional222

network where edge weights are based on TE. The network with the greatest total entropy can223

be similarly favored as the most general network structure that fits the observed data. The224

method considers all possible pairs of variables in both directions for predicting a pattern of225

interest. The edges that comprise the network with the greatest total TE are then included.226

Selecting the edges that contribute to the greatest amounts of TE, according to the MaxEnt227

theory, produces the network that most accurately describes “causal” patterns among the228

included variables.229

A utility function is needed in order to establish the function where MaxEnt is applied.230

The utility function can be thought as a systemic (network) value function
∑
i,j fi,j(X) wi,j231
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(potentially multiplied by weight factors wi,j) where value functions fi,j are TEs among232

species abundances. These TEs as in Eq. 2.3 assess the potential causal interaction between233

species pairs. Thus, the utility function is the total network entropy H(N) (Eq. 2.2) that234

needs to be optimized in order to define necessary and sufficient TEs with the maximum235

entropy. The optimization can be subjected to feasibility constraints, for instance related to236

the ability to control certain species or data limitations. In the context of the present goal237

of creating a microbiome network indicator, the value functions fi,j are defined as:238

fi,j(X) =

 TEXi →Xj
, for {Xi, Xj} ∈ EMENet

0, for {Xi, Xj} /∈ EMENet

, (2.4)

where {Xi, Xj} represents the directed edge connecting Xi to Xj , and MENet (Maximum239

Entropy Network) represents the set of directed edges in the network with the maximum total240

network entropy H(N). The selection of edges to be included in the network is determined241

by finding the network with the greatest total entropy as in Eq. 2.2. In the present study,242

the utility function is defined as the total TE of the network (plus Shannon entropies of243

each species abundance but those turn out to be second or third order factors that can244

be neglected), and it was maximized by selection of the fi,j functions. To the best of our245

knowledge, this is one of the the first times that TE was framed in a decision analytical model246

via a network threshold entropy criteria that defines MENets.247

2.3.3 Optimal Information Networks248

To reduce redundancy in creating a MENet, variables that are strongly predicted by other249

variables (hypothetically establishing a strong causality if prediction accuracy of one decreases250

quickly when removing the other (Sugihara et al., 2012)) can be excluded. This can be done251

by evaluating the weighted in-degree and out-degree of each node in the network (i.e. TE).252

Nodes with a greater weighted out-degree than in-degree can be included in the Optimal253

Information Network (OIN) that one among many MENets with the same average total254

entropy. OIN is then the necessary and sufficient MENet for predicting microbiome function.255

These nodes are strongly predicting the variability of other nodes, thus the overall network256

dynamics. This entropy reduction (that does not affect much the total entropy) can be257

achieved by introducing functions g(Xi), defined as follows258
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g(Xi) =

 1, for
∑
j fi,j(X) >

∑
j fj,i(X)

0, for
∑
j fi,j(X) ≤

∑
j fj,i(X)

, (2.5)

where
∑
j fi,j(X) = OTE and

∑
j fj,i(X) = ITE where OTE and ITE are the total259

outgoing and incoming TE for a node. Thus, variable inclusion depends on the comparison260

of the TE projected by the variable Xi onto the other variables and the TE projected by the261

other variables onto Xi.262

The defined function g was then used to create the total network entropy that can be263

used to carefully describe the network dynamics:264

H(N ≡ OIN) =
∑
i

H(xi) · g(xi,t) +
∑
i

∑
j 6=i

TEi(xi, xj) · g(xi,t) + σ(Y ) (2.6)

which represents the sum of all necessary variables that were included by the structure265

of MENet in a multi-criteria value function, and the sufficient variable after the redundancy266

exclusion to form OIN. In this way, the OIN inference was based on information theoretic267

and topological criteria to screen (i) the necessary information to maximize network entropy268

H(MENet) (i.e. information content), and (ii) the smallest nonredundant information to269

sufficiently predict total network function (of maximum entropy H(OIN)). This OIN is the270

network with the highest accuracy in predicting macroecological patterns of diversity over271

time that are dependent on fluctuating species abundance.272

2.3.4 Assessment of Species Importance & Collectivity273

Subsequently the inference of OIN it is possible to quantify the importance of different species274

considering their variability in isolation and in cooperation with other species for the dynam-275

ics of the mcirobiome. Species first order importance and interaction for reproducing the276

network dynamics are then calculated considering new indices based on nodal information277

transfer rather than on Mutual Information Indices (MII) as in Lüdtke et al. (2008). σi278

is describing species interaction and is calculated as the ratio between the total Outgoing279

Transfer Entropy (OTE) though as information flow (OTE(j) =
∑
i TEj→i) and the total280

network entropy, while µi is describing the species importance as the ratio between the nodal281

Entropy thought as information content (using Shannon entropy) and the total network en-282

tropy. These Transfer Entropy Indices (TEI) are useful when no systemic variable is needed283

10
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and analytically the are formulated as:284

TEI =

 σi =
OTE(j)=

∑
i TEj→i

H(OIN)

µi =
H(xi)·g(xi,t)
H(OIN)

, (2.7)

When considering a systemic indicator (see e.g. Servadio and Convertino (2018)) MII are285

better suited to identify variable importance because no directional influence is needed. MII286

use the mutual information normalized by the entropy of the output variable considering one287

independent variable or pairs of variables for predicting a dependent variable Y that is in288

this case undefined. These MII indices are si =
MI(Xi;Y )

H(Y ) and sij =
MI(Xi;Xj |Y )

H(Y ) , where Xi289

is any variable (e.g. species abundance) and Y is the predicted variable built using the same290

process of constructing OINs but selecting variable features rather than keeping entropy of291

species as independent variables. The use of the transfer entropy can give further information292

about the directionality of the causality (in a predictive sense of the model), and the time-lag293

of the causality.294

295

2.4 Macroecological Indicators296

To characterize the microbiome we introduce macroecological indicators that aim to describe297

ecosystems’ collective variability of diversity locally, within communities or time points, and298

globally. In this paper we use such macroecological indicators that are time dependent299

(because space is non relevant nor provided) and of order zero (Jost, 2006). For a set of300

unique species S = {S1, S2, ..., Sn} whose abundance X = {X1, X2, ..., Xn} changes over301

time, we define the local species diversity, or α diversity as:302

α(t) =

n∑
k=1,t

pk(t)0 (2.8)

where pk(t) is the probability to find one species at time t. Thus, α is the sum of di-303

verse species at any given time during the observation period (30 days). Considering this304

definition of α is easily noticeable that the sum of the entropy of all species abundance305

Hα =
∑
kH(xk) = −

∑
k pk(t) log pk(t) is proportional to the Shannon index that is the306

local species diversity of order one (Jost, 2006).307
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308

Leaving aside the controversy about the definition of interspecies diversity over time, i.e.309

species turnover, we define β diversity as the complementary variable of species similarity310

(here introduced via the Jaccard Similarity Index (JSI)):311

β(t) = 1− JSI(t) = 1− St,t+1

St + St+1 − St,t+1
(2.9)

where St,t+1 =
∑n
k=1,t(pk(t)0 + pk(t + 1)0)/2 is the number of species present at both312

time steps if pk(t)0 and pk(t + 1)0 are 6= 0, otherwise St,t+1 = 1. St =
∑n
k=1,t pk(t)0 = α(t)313

is the number of species present at time t (or t+ 1) (Eq. 2.8).314

Note that this definition of β is proportional to the “true” β that is classically defined as315

the number of diverse species between two samples (either over space or time). β diversity316

can also be defined as a second order index where the entropy related to β is Hβ = Hγ −Hα317

(Jost, 2006) where Hγ = H(N) is the total network entropy (Eq. 2.2). Considering the vari-318

ation of diversity over time β diversity is proportional to the complementary of the mutual319

information 1−MIXi,Xj
= 1−

∑
p(Xj , Xi) · log2

(
p(Xj ,Xi)
p(Xj) p(Xi)

)
. Yet, 1−β(t) is proportional320

to the sum of the TEs.321

322

The total diversity γ is defined as:323

γ(t) =

S,T∑
k=1,t=t∗

pk(t)0 (2.10)

that is established over the total number of speciation events M (that is the sum of all324

species at any given time independently of their diversity) or equivalently from time t = 1 to325

the final time of observation T . Considering the validity of the information balance equation326

(Eq. 2.2) that leads to the diversity balance Hγ = Hα +Hβ , the total diversity can also be327

calculated as γ = α · β (Jost, 2006).328

The total number of speciation events, that is the number of events where new or existing329

species can be introduced, can be related to the number of unique species as follows.330

M =

S∑
k=1

mix
0
i (2.11)

where S is the number of unique species across the whole observation period, xi is the abun-331
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dance of the counted species, and mi is the number of times that species occurs.332

333

2.5 Functional and Structural Network Metrics334

The organizational topology of the microbiome is characterized via structural and functional335

complex network metrics. Functional metrics are based on information theoretic quanti-336

ties that quantify the interactions among species while structural metrics are based on the337

geometry of the network and derived from the former ones.338

The functional distance between species is defined as:339

df (Xi, Xj) = minτ e−MI(Xi(t±τ),Xj(t)) (2.12)

where the value is considering the minimum for all possible time delays τ . Xi and Xj are340

the abundance of species i and j and MI is the mutual information evaluated for different341

values of the temporal scale of species dependency τ . The τ that minimizes the distance df is342

chosen for capturing the maximum interdependence MImax. Such distance as in Villaverde343

et al. (2014) quantifies the magnitude of interactions between species: the higher MI the344

shorter the distance that signifies high levels on interaction without specifying the direction-345

ality. Thus, because of the inability of assessing the direction of causality MI is a metric346

useful for identifying the most interacting pairs of the microbiome rather than individual347

species.348

The calculation of the structural distance is based on the functional distance and the349

concept of the shortest path. The structural distance is then defined as the minimum number350

of steps from one node (species) to another independently of the magnitude of these steps351

(e.g. in terms of TE). Thus, analytically the structural distance is defined as:352

d(Xi, Xj) = argmin

∑
i,j

df (Xi, Xj)
0

 if Aij = 1 (2.13)

where Aij = TE0
ij is the adjacency matrix that can be formulated in terms of TE. The353

rationale for considering the shortest paths is related to the exponentially large ensemble of354

distances as a function of the number of nodes and the fact that biological systems always355

optimize information transmission; yet, Pareto shortest paths are always chosen (Seoane and356
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Sole, 2015).357

358

In terms of connectivity the functional degree is defined for the directed network as as359

the sum of the weighted in- and out-degree (i.e. TE) elevated to a power exponent equal to360

zero. Then, analytically the functional degree is:361

kf = kin + kout =
∑
i,j

[
fi,j(X)0 + fj,i(X)0

]
(2.14)

where
∑
fi,j(X) = TEij is the transfer entropy as defined in Eq. 2.3.362

The structural degree is defined by thinking the network as an undirected network, thus363

k =
∑
i

ai,j (2.15)

where ai,j = 1 = TE0
i,j if i and j are connected. Classically, the structural degree consid-364

ers the number of connections independently of the bidirectional pathways implied by TE.365

Thus, functional degree is always greater or equal to structural degree.366

367

3 Results368

By a simple cursory analysis it is evident that the average abundance of the healthy mi-369

crobiome is lower than the average abundance of the unhealthy microbiome independently370

of the species; however, the maximum abundance is higher for the healthy microbiome and371

that species is one of the the most beneficial for health. By looking into species diversity372

(Figure S1) it is observed that the average number of species at any time point (α) is lower373

for the healthy microbiome than the unhealthy one. This may seem in contrast with pre-374

vious findings that report higher diversity for healthy microbiome or in general for healthy375

ecosystems (Mellin et al., 2014; Lahti et al., 2014; Zaneveld et al., 2016). A controversy376

on the subject is already found in literature (Mellin et al., 2014) and just maximizing total377

diversity, without considering how that diversity grows and is organized, is not intuitively378

a necessary and sufficient ingredient to achieve a stable healthy state (Johnson and Burnet,379

2016) More importantly, the rank-abundance pattern (Fig. 1B) shows only one dynamical380

regime for the healthy microbiome (exponential like) vs. two regimes for the transitory and381
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the unhealthy microbiomes. Figure 1C shows that the decay in richness over abundance is382

higher for the unhealthy microbiome; this result underlines the fact that higher diversity does383

not imply stability because of the suboptimal, yet unsustainable distribution of species in the384

unhealthy microbiome. Figure 1 B and C shows the rank-abundance plot and the Preston’s385

plot (Hubbell, 2001) of species diversity dependent on abundance. The rank-abundance shows386

two dynamical regimes for the unhealthy and transitory groups: a result that likely confirm387

the bimodality in local species richness α. By plotting the Preston’s plot in log-log a scaling388

relationship is found showing a faster decay in species richness for the unhealthy group.389

Considering the abundance of species in time, from the most abundant to the least abun-390

dant, a transition in the pdf of abundance is observed from a pseudo-normal distribution (cor-391

responding to a homogenous spatial distribution) to a Dirac-like distribution (corresponding392

to a singular point distribution) considering the maximum and minimum abundance. Con-393

sidering the abundance of all species together (Figure S2) the transition is less dramatic; from394

an exponential to a log-normal like distribution. Intermediate abundance species, indepen-395

dently of species belonging to the healthy, unhealthy or transitory group, show a scale-free396

like distribution underlying the fact that these species are fundamentally important in the397

function of the complex microbiome as highlighted in Lahti et al. (2014). Rare species seem398

also to display a truncated scale-free behavior (limited by their maximum abundance as finite399

size factor rather than limited by spatial biological constraints), that also underline their im-400

portance for the microbiome organization. These pdfs are a signature of species interaction401

networks for different abundance groups: pseudo-random, scale-free, and small-world topol-402

ogy for the highest, intermediate and lowest abundance class, respectively. Further results403

will discuss the connection between abundance and species information flow.404

405

The inferred microbial networks corresponding to the three microbiome groups are shown406

in Figure 2. Maximum entropy networks are evidencing the different topology in microbiome407

organization for healthy, unhealthy and transitory group. In the structure of these networks,408

the size of each node is proportional to the Shannon entropy of the species and the color is409

proportional to the structural degree. in Fig. S3 we show the networks whose nodal color410

is proportional to the total outgoing TE (OTE) that is likely more representative of node411

activity in a collective network sense. The higher the value of structural degree (or OTE),412

the warmer the color. The width of each edge is proportional to the TE between pairs and413

the direction is the corresponding to the directional influence. The MaxEnt networks are414

OINs; yet, the networks for which the total network entropy is maximized (MENets) and415
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where redundant nodes are removed (see section 2.3.3). The transition in network topology,416

from random to small-world (tending toward a scale-free network) for the unhealthy and417

healthy groups, is manifested also by the shift in total entropy pattern (left plot in Fig.418

2). The latter is asymmetrical and symmetrical for the random/unhealthy and SW/healthy419

microbiome. The network entropy plots show that network entropy over information flow is420

roughly symmetrical for healthy individuals, expressing that the interconnectedness in healthy421

communities is more dynamically balanced. Figure S3 shows the microbiome networks for422

high value of the threshold (TEij) that is establishing the information exchange between423

species above which links become relevant. Considering the total network entropy and its424

decomposition, it is observed that the most important nodes in terms of OTE (Eq. 2.6,425

and Fig. S6), that is the information flow necessary to predict all other nodes’ dynamics,426

are the dominant factors in making up the total network information (Fig. S5). In other427

words, the entropy of each single node in isolation H(xi) is a second or third order factor428

in determining the total network entropy. Figure S7 shows that most of species interactions429

(TEs) are positive for the unhealthy microbiome underlying the evidence that mutualistic430

positive feedback leads to instability; therefore, higher diversity α does not guarantee stability431

if interactions are predominantly in one direction. The healthy microbiome instead has432

balanced positive and negative interactions.433

Figure 3 shows macroecological indicators of diversity of the microbiome for healthy,434

unhealthy and transitory individuals. We show that species diversity α, and total species435

diversity γ are the highest in the unhealthy group (for which average abundance is also the436

highest) but species similarity 1-β and the the diversity growth rate α′ over time are the437

highest for the healthy group. This is a critical result that shapes microbiome organization438

around healthy or dysbiotic state. The highest fluctuations in abundance and macroecological439

indicators (in particular α and γ) are observed for the transitory and unhealthy groups. These440

results underline the potential conclusion that too high levels of diversity are unsustainable,441

yet leading to unhealthy unstable states related to the abnormally excessive multiplication442

of species in the guy ecosystem. It is interesting to note the behavior of the pdf of α that443

informs about the potential states of the microbiome in each group. The pdf is platykurtic444

multimodal for the unhealthy microbiome which suggests the presence of multiple unstable445

states, and it is leptokurtic monomodal for the healthy microbiome which implies one stable446

state. The transitory microbiome shows an almost symmetrical pdf underlying the fact447

it exists in between the healthy and unhealthy microbiome. These results underlines the448

resilience of the microbiome as a whole dictated by the ability to change as a function of449

external stressors as well as the higher stability of the optimal healthy state. The latter450
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however seems easy to perturb consider the lower entropy (and probability) to be defined in451

one state.452

Species collective interaction and singular importance is show in Figure 4 by plotting453

the information theoretic global sensitivity indices σi and µi (see Methods). The top 10454

interacting species are also the least abundant for the healthy microbiome and the most455

detrimental; however these species are controlled by other species and the microbiome is456

organizied into a healthy state. This result sheds some light into a vision where a diminishing457

role of network hubs (considering total information flow) is reported as found by other studies.458

The least abundant species for the unhealthy microbiome are the most interactive and the459

least detrimental. On the contrary, the most abundant species (Fig. S4) for the unhealthy460

microbiome are the least interactive and the most detrimental. For the healthy microbiome,461

the most abundant species interact the least and these species are the most beneficial. These462

species-specific analyses are useful for detecting species that are more beneficial or detrimental463

and this knowledge can lead to design probiotic treatment or microbiome transplants for464

instance. Figure S7 shows that from the top to the least 10 TE species there is a shift in the465

pdf of abundance from a bimodal to a monomodal distribution for the healthy microbiome.466

For the transitory and unhealthy microbiome instead there is a shift from a leptokurtic (Dirac-467

like) to a platykurtic pdf (uniform-like). The top 10 TE species are the most dangerous468

bacteria (”antibiotic”) but their abundance is small for the healthy microbiome; this means469

that these bacteria are controlled by all other good bacteria.470

The non-linear duality between microbiome structure and function is shown in Figure471

5 where structure is considered via the network degree (Fig. S8 and S9) and function is472

about the nodal information flow OTE. The epdfs show how microbiome function is much473

more suited to show network topology versus microbiome structure. As show by Figure 2 the474

healthy microbiome function is a tending toward a scale free organization. This mild scale475

free organization however does not correspond to a scale free distribution of α diversity (Fig.476

5 bottom plot) that instead is exponential. The non-linearity between structure, function477

and microbiome service (diversity) is highlighted when plotting α dependent on functional478

network degree and distance. α increases for high value of functional connections (Eq. 2.14)479

but does not have a clear trend when considering the functional distance (Eq. 2.12); however,480

α(df ) is lower for the unhealthy than the healthy microbiome for the same range of functional481

distances which highlight the more random distribution of diversity in any dysbiotic state. We482

observe 72, 378, and 9647 unique values of functional distance for the healthy, transitory and483

unhealthy group. These values were normalized and the distribution of α over the normalized484
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distance shows a random arrangement for the unhealthy group with respect to the healthy485

one.486

The most interesting results we find is when we combine microbiome service and func-487

tion indicators, for instance considering total macroecological diversity γ and OTE. Figure488

6 shows the relationship between γ and the temporal sampling scale (i.e. the number of489

speciation events) in analogy to the species-area relationship widely used in macroecology490

(Hubbell, 2001). The plot shows a scaling relationship for two orders of magnitude whose491

exponent is higher for the healthy than unhealthy group underlying the optimal growth of di-492

versity for the healthy microbiome. Considering this optimal diversity growth relationship it493

is meaningful how the transitory microbiome has the largest value of γ′ leading to a change in494

diversity from the healthy species ”poor” to the unhealthy species ”rich” microbiome. These495

results are in synchrony with the power-law decay of species similarity 1−β over time (Fig 6496

bottom left plot). When considering OTE of species as a function of their abundance we find497

a surprising scaling law for four orders of magnitude; this law with an average exponent close498

to 1/4 (very common in biology, for instance the mass-specific Kleiber’s law (DeLong et al.,499

2010)) implies a decay in species interaction for highly abundant species. When comparing γ500

over OTE a non-linear growth is detected where a common increase in total diversity occurs501

until a critical species interaction value above which γ slows down or remain stationary as502

for the healthy group.503

504

4 Discussion505

We employ a information theoretic model for the inference of the microbial species interac-506

tion network. The model is used to infer a microbial network suitable for predicting selected507

biodiversity patterns characterizing space-time organization of α, β, and γ diversity. Thus,508

the purpose of the model is not to infer causal (or ”true”) species-species interactions among509

bacteria. The “exact” computational inference of these interactions is always very hard —510

provided that there is a complete knowledge of the reality on which results can be validated511

— and dependent on the analytics and data used. For instance, abundance profile may not512

necessarily contain the information about all species-species interactions aimed to be assessed.513

In this perspective the entropy-based model is focused on the predictability of patterns vs.514

causal investigation of mechanisms. The total network entropy is the lowest for the healthy515

microbiome for any threshold of the information flow TE (Fig. 2). This implies higher free516
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energy available to the healthy microbiome and lower information needed to function where517

information entropy in the physical space can be though as the average interspecies com-518

munication. The lower entropy in species collective interaction has certainly implications519

for data collection, potentially implying less data needed for characterizing healthy micro-520

biomes. More theoretically speaking, the highest entropy is a sign of criticality that is the521

state toward which any ecosystem tend to (Hidalgo et al., 2014) where there is a balance of522

self-organization and environmental influence.523

We do not find any strong scale invariance as for instance in Servadio and Convertino524

(2018), likely because no pure scale-free networks are observed. In this paper we focus on525

the total entropy as a utility function versus the value function defined in Servadio and526

Convertino (2018) where raw values of the network variables were considered rather than527

TEs among them. The focus on network variable interdependence (that is between species in528

this context) rather than nodal values (i.e. abundance for the microbiome) leads to a higher529

variability in network entropy patterns. However, we believe that the focus should be on530

network function in order to better characterize networks; this is substantiated by the higher531

importance of species interactions versus species independent dynamics as shown in Fig. S5.532

Entropy-flow pattern are then useful for detecting scale-invariance in the functional topology533

of the network. Additionally the entropy-flow patterns can reveal healthy vs. unhealthy states534

by considering the symmetry of the entropy distribution; if symmetrical positive and negative535

species interactions (TEs) sum up to zero leading to a healthy neutral state. The asymmetry536

of unhealthy microbiome can certainly relate to non-neutral states created by strong stressors537

as highlighted theoretically in Borile et al. (2012) and may not allow host individuals to keep538

the microbiome “on a leash” (R. Foster et al., 2017). The broken symmetry can be indeed539

manifest an unhealthy state. The neutral state also coincides with the critical state because540

of the tending scale-free organization of the network manifested by the epdf of OTE (Fig. 5),541

higher functional distances and smaller functional degrees (Fig. S8). High threshold show542

that healthy group maintain topology while changing TE; this is because healthy networks543

are more scale free than unhealthy one. This configuration enhances stability as confirmed544

by the calculation of the dominant eigenvalue for both the adjacency and TE matrix; the545

dominant eigenvalue is the smallest for the healthy group that is a signature of stability of546

the network.547

In our microbiome data we consider the complementary of β-diversity over time via the548

Jaccard Similarity Index (JSI) and we show that JSI is higher for the healthy than the un-549

healthy microbiome over time. This means that the local species richness, α, tends to be more550
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equal to previous values over time; yet, this underlines the stability of α (species organiza-551

tion) in the healthy state. For the unhealthy microbiome the similarity over time is lower (i.e.552

higher species turnover, or higher β diversity) such as for the corals in Zaneveld et al. (2016)553

that are evaluated over time as a function of external stressors. In other types of ecosystems,554

e.g. in coral ecosystems under stress it was found that the true β-diversity increases over time555

Zaneveld et al. (2016). In macroecology, leaving aside the debates about the many definition556

of species turnover, in an entropic context β-diversity is the ratio between regional (γ) and557

local species diversity (α) (Jost, 2006). This definition is in line with the general information558

balance equation (Eq. 2.2) and the more specific diversity balance equation Hγ = Hα +Hβ559

as in Jost (2006). An increase in β is typically associated with a decrease in α as much as560

we observe for the healthy microbiome, and this is also associated to fluctuations of α that561

are smaller than for the unhealthy microbiome. The “proportional species turnover” (i.e.562

where βp = 1 − α/γ) that quantifies what proportion of species diversity is not contained563

in an average representative sample, is also higher. In ecology these quantities are typically564

evaluated over space and in healthy conditions 1-β has a relatively fast decay but never goes565

to zero; this means that heterogeneity exists but even communities far apart have species566

in common. Considering space in unhealthy conditions, typically the “true” β diversity is567

smaller than in healthy conditions because much more homogeneity is achieved.568

The higher variation of β-diversity in healthy individuals highlight the “Anna Karenina569

phenomenon” for human microbiomes. The principles underlying the phenomenon states that570

dysbiotic individuals vary more in microbial community composition than healthy individu-571

als paralleling Leo Tolstoy’s dictum that all happy families look alike (each unhappy family572

is unhappy in its own way). The stability-unimodal pattern of diversity is concordant with573

current theories looking into β diversity vs. solely α diversity for the stability of ecosystems574

(Mellin et al., 2014). Convertino et al. (2015) had previously found that ecosystem hotspots575

are those that maximize the Value of (biodiversity) Information which coincides with those576

that minimize β diversity variability over time. The multiplicity of ”unhappy/unhealty”577

states is reflected by the network topology that is random for the unhealthy group, which578

allows many more potential unhealthy microbiome combinations. We argue the point of pre-579

vious studies, that Anna Karenina effects are a common and important response of animal580

microbiomes to stressors that reduce the ability of the host or its microbiome to regulate581

community composition.582

583

Similarly to other ecosystems we show that scale-invariance (that is occurring for the584
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healthy microbiome) does not arise from an underlying criticality (where fluctuations be-585

comes bigger and bigger causing the system to tip abruptly) nor self-organization at the edge586

of a phase transition. Instead, it emerges from the fact that perturbations to the system587

exhibit a neutral drift (also relate to small extrinsic environmental changes) with respect to588

the endogenous spontaneous dynamics. This neutral dynamics, similar to the one in genetics589

and ecology, shows fluctuations of all sizes simultaneously that likely determine power-law590

distributed species diversity (as well as power-law information exchange among species). The591

tipping point that is observed, e.g. between healthy and unhealthy microbiome, is a second-592

order critical transitions where exogenous fluctuations are too large to be assimilated by the593

system and the microbiome tips from healthy to unhealthy. This transition is evident in the594

shape of the pdf of microbiome function and diversity but not in the shape of microbiome595

structure (unless a rescaling in size, for instance for the microbial network degree (see Fig.596

S5 top plot)).597

598

The introduction of new pathogens driven by the environment can lead to the alteration599

of the whole ecosystem microbiome. In our case study, despite the non explicit consideration600

of the disturbance agent, we see a transition in IBS individuals from healthy to unhealthy601

states. The microbiome is like the gut of any ecosystem: no other species at all scales of602

biological organization can survive optimally if the microbiome is altered. The microbiome603

is the linkage between the fundamental genetic organization of life and the stochastic en-604

vironmental dynamics; in the context of a person’s growth it is possible to refer to those605

two processes as nature and nurture. The proposed information theoretic global sensitivity606

and uncertainty analyses (Figure 4) allows one to map the dynamics of species considering607

their interactions and absolute influence, and to see how these quantities vary considering608

their intrinsic biological variability and external variability. In the healthy state many more609

species are influencing the collective dynamics with a more organized distribution of inter-610

actions (“hierarchical” organization), while for the transitory and unhealthy state all species611

are somehow behaving equally and likely driven by external environmental stimuli (“ran-612

dom” organization). This organization is also reflected by network properties (Fig. S8 and613

S9) that can be altered for the same set of species/diversity. Previous papers found that614

cooperation promotes ecosystem biodiversity, that in turn increases its stability without any615

fine tuning of the species interaction strengths or of the self-interactions (i.e. neutrality)616

(Suweis et al., 2015; Tu et al., 2018). Even small value of TEs manifesting mutualistic inter-617

actions among species can stabilize the dynamics, yet stability increases with the ecosystem618

complexity where the latter is related to the scale-free like organization of bacteria. It is in-619
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teresting to note that this scale-free cooperation of species leads to Taylor’s laws (Kilpatrick620

and Ives, 2003; Ma, 2015) between mean and variance of abundance where Taylor’s exponent621

is different for healthy and unhealthy groups (Mart́ı et al., 2017). Yet, this reemphasizes the622

connection between time dynamics, network organization, and ecological patterns of diversity623

and abundance (Suweis et al., 2015; Grilli et al., 2017; Gonze et al., 2018). In particular it has624

been shown that higher-order interactions (e.g. captured by σi in our model) have a stabiliz-625

ing role (Grilli et al., 2017). These higher-order interactions are all those beyond the simple626

pairwise interactions whose sum indeed cannot explain the whole composition of ecosystems627

(Levine et al., 2017). We show that these higher-order interactions cannot be prevalent be-628

cause some species must have an independent dynamics (capture by µi) otherwise instability629

and tendency toward disorganized unhealthy state is very likely (Fig. 4).630

Universality in human microbiota dynamics can be ideally manipulated in a similar or631

even identical fashion in multiple individuals. Following the discovery of universality and the632

demonstration of beneficiary effects of specific interventions, microbiome engineering efforts633

can be applied to large number of people. In this way, microbiome engineering will be highly634

cost-effective as a public-health based approach. This in sharp contrast to the excessive cost635

of “precision-medicine” that tries to correct individual microbiome dynamics by thinking as636

it is a purely individual-based function.637

Current frontier topics are also related to the understanding of how the microbiome and638

functional brain networks ”communicate” (Allen et al., 2017). The hypothalamic-pituitary-639

adrenal axis (HPA axis) is a primary mechanism by which the brain can communicate with640

the gut to help control digestion through the action of hormones (Allen et al., 2017). It seems641

that the nervous system, through its ability to affect gut transit time and mucus secretion,642

can help dictate which microbes inhabit the gut; this in turns affect emotional response and643

long term well being beyond short-term health.644

645

5 Conclusions646

A information theoretic model for the inference of microbiome networks and its biodiversity647

organization over time is proposed. The model consists in the assessment of transfer entropy648

based species interactions after entropy reduction calculations that remove the spurious direct649

interactions related to indirect interactions between species. Maximum entropy networks are650

then extracted considering the highest information without model overfit. The macroecologi-651
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cal validation of the model is performed considering the ability to simultaneously predict the652

pdf of α-diversity, γ-diversity growth over time, species similarity (1−β) decay, and the rank-653

abundance profile. This validation allows to predict other biodiversity patterns such as the654

Preston’s plot of average species richness dependent on species abundance. Considering the655

application of the model to healthy and Irritable Bowel Syndrome symptomatic individuals656

the following points are worth mentioning.657

• Directed species interdependencies and phase transitions of the microbiome over time658

are detected. The healthy microbiome is characterized by balanced positive and nega-659

tive species interactions vs. the unhealthy microbiome where most species interactions660

are positive. The balanced interactions are evidenced by the symmetrical pattern of the661

network total entropy as a function of the pairwise information flow vs. the positively662

biased asymmetrical pattern of the dysbiotic microbiome. The healthy symmetrical663

network entropy pattern underlines the neutral “sum to zero” dynamics of species in-664

teractions; the same neutrality is found for biodiversity of large scale ecosystems at665

stationarity that are driven predominantly by intrinsic ecological stochasticity (ecolog-666

ical drift). On the contrary, unhealthy microbiome entropic patterns are affected by667

environmental disturbances; the positive bias in information flow (e.g. related to infec-668

tions and antibiotics) causes an overgrowth in abundance of many opportunistic species669

as well as the generation of new detrimental species;670

• The healthy state is characterized by the highest total species diversity growth rate γ′671

(leaving aside the transitory microbiome) and the lowest loss of species similarity over672

time, i.e. species turnover ((1−β)′). A relationship similar to the species-area relation-673

ship is found between γ diversity and the number of species generations (over time) with674

an exponent equal to 0.20 on average. The fact that the healthy microbiome has the675

lowest average diversity is in contrast to what is observed in large scale ecosystems at676

stationarity where the highest total diversity correspond to the stable and supposedly677

healthy state. However, we speculate that an optimal diversity growth is oriented to-678

ward maximizing growth rate rather than total diversity (as according to many Pareto679

portfolio theories) that can lead to over-redundancy and instability as observed for680

the dysbiotic microbiome. Hence, we tend to challenge the diversity-health-stability681

hypothesis if for diversity is considered the total systemic diversity γ;682

• We observe a phase transition of the second order from the healthy to the unhealthy683

state and vice versa. The transition from healthy to unhealthy is characterized by684

typical signs of transitions observed in many complex systems, i.e. an increase and a685
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decrease in mean and variance of species diversity while approaching the transition. In686

the unhealthy state the variance of α is higher than in the healthy state and concen-687

trated around two values which underline the chaotic-like dynamics of the microbiome.688

In terms of functional network topology a transition between the SW-like to the random689

network topology is observed for the microbiome network. The critical state, defined690

by a scale-free like organization of microbial species interactions, coincides with the691

neutral state (i.e. for the symmetrical network entropy pattern) emphasizing how crit-692

icality does not necessarily occur at critical phase transitions (particularly for second693

order transitions as in this case); rather criticality can coincides with neutrality in open694

energy dissipative systems. Neutrality implies higher topological complexity but higher695

dynamical stability considering the small-world organization of the microbial network.696

• A probabilistic linkage is found between microbiome function and services (defined697

as species interactions and macroecological indicators, respectively). We do not find698

any correspondence between microbiome structure and function which emphasizes the699

non-linearity between the two and the need to assess function rather than structure700

in biological networks. We propose the total Outgoing Transfer Entropy (OTE) as701

the measure to identify the most influential nodes; these nodes are able to predict the702

behavior of all other connected nodes. OTE is largely determining the total entropy of703

the network compared to the sum of nodal entropies whose contribution is negligible.704

The highest OTE nodes have the lowest abundance, and are the most beneficial and705

the most detrimental bacteria for the dysbiotic and healthy microbiome. A scaling law706

is found between OTE and abundance with an exponent close to 1/4 that is similar707

to the mass-specific Kleiber’s law where the species specific metabolic rate is the OTU708

and the mass is the abundance. A power-law distribution for the microbiome function709

(i.e. the sum of nodal OTE) is found for the healthy state (with an exponent ∼ 2710

that implies finite mean but infinite variance) despite no information (or resolution)711

invariance is detected in the network entropy pattern.712
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Amos Maritan. Information-based fitness and the emergence of criticality in living systems.794

Proceedings of the National Academy of Sciences, 111(28):10095–10100, 2014. ISSN 0027-795

8424. doi: 10.1073/pnas.1319166111. URL https://www.pnas.org/content/111/28/796

10095.797

S.P. Hubbell. The Unified Neutral Theory of Biodiversity and Biogeography. Princeton798

University Press, 2001.799

Charlotte James, Sandro Azaele, Amos Maritan, and Filippo Simini. Zipf’s and taylor’s laws.800

Phys. Rev. E, 98:032408, 2018. doi: 10.1103/PhysRevE.98.032408.801

Katerina V.-A. Johnson and Philip W. J. Burnet. Microbiome: Should we diversify from802

diversity? Gut Microbes, 7(6):455–458, 2016. doi: 10.1080/19490976.2016.1241933. URL803

https://doi.org/10.1080/19490976.2016.1241933.804

Lou Jost. Entropy and diversity. Oikos, 113(2):363–375, 2006. doi: 10.1111/j.805

2006.0030-1299.14714.x. URL https://onlinelibrary.wiley.com/doi/abs/10.1111/806

j.2006.0030-1299.14714.x.807

A. M. Kilpatrick and A. R. Ives. Species interactions can explain Taylor’s power law for808

ecological time series. Nature, 422:65–68, 2003. doi: 10.1038/nature01471.809

Dan Knights, Tonya L. Ward, Christopher E. McKinlay, Hannah Miller, Antonio Gonzalez,810

Daniel McDonald, and Rob Knight. Rethinking “enterotypes”. Cell Host & Microbe, 16811

(4):433 – 437, 2014. ISSN 1931-3128. doi: https://doi.org/10.1016/j.chom.2014.09.013.812

URL http://www.sciencedirect.com/science/article/pii/S1931312814003461.813

L. Lahti, J. Salojärvi, A. Salonen, M. Scheffer, and W. M. de Vos. Tipping elements in814

the human intestinal ecosystem. Nature Communications, 5:4344, 2014. doi: 10.1038/815

ncomms5344.816

Mehdi Layeghifard, David M. Hwang, and David S. Guttman. Disentangling interactions817

in the microbiome: A network perspective. Trends in Microbiology, 25(3):217 – 228,818

2017. ISSN 0966-842X. doi: https://doi.org/10.1016/j.tim.2016.11.008. URL http://819

www.sciencedirect.com/science/article/pii/S0966842X16301858.820

28

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2018                   Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2018                   doi:10.20944/preprints201812.0188.v1

https://www.pnas.org/content/111/28/10095
https://www.pnas.org/content/111/28/10095
https://www.pnas.org/content/111/28/10095
https://doi.org/10.1080/19490976.2016.1241933
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.2006.0030-1299.14714.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.2006.0030-1299.14714.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.2006.0030-1299.14714.x
http://www.sciencedirect.com/science/article/pii/S1931312814003461
http://www.sciencedirect.com/science/article/pii/S0966842X16301858
http://www.sciencedirect.com/science/article/pii/S0966842X16301858
http://www.sciencedirect.com/science/article/pii/S0966842X16301858
http://dx.doi.org/10.20944/preprints201812.0188.v1


JM Levine, J Bascompte, PB Adler, and S Allesina. Beyond pairwise mechanisms of species821

coexistence in complex communities. Nature, 546:56–64, 2017. doi: 10.1038/nature22898.822

Joseph T. Lizier. Jidt: An information-theoretic toolkit for studying the dynamics of complex823

systems. Frontiers in Robotics and AI, 1:11, 2014. ISSN 2296-9144. doi: 10.3389/frobt.2014.824

00011. URL https://www.frontiersin.org/article/10.3389/frobt.2014.00011.825
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Figure Captions889

Graphical Abstract.890

Figure 1. Abundance trajectories, rank-abundance, and Relative Species891

Abundance. Blue, green and red curves refer to the healthy, transitory and unhealthy892

microbiome. The healthy microbiome shows smaller fluctuations in species diversity α vs893

abundance and one regime when considering the rank-abundance profile. An inverse scaling894

law is detected for the RSA.895

896

Figure 2. Network entropy patterns and inferred Maximum Entropy Net-897

works. Network entropy dependent on the pairwise information flow (TE) (left patterns)898

and extracted Maximum Entropy Networks on the right. The size of each node is proportional899

to the Shannon Entropy of the species; the color of the node is proportional to the structural900

degree (in Fig. S3 the color of each node is proportional to the sum of total outgoing TEs901

of each node (OTE); the higher OTE, the warmer the color); the distance is proportional to902

exp(−I(X,Y )) where I(X,Y ) is the mutual information between species abundance x and903

y; the width of each edge is proportional to the pairwise Transfer Entropy; and the direction904

is related to TE(i− > j); the direction of this edge is from i to j.905

906

Figure 3. Macroecological indicators of microbiome networks and probabilis-907

tic characterization. Average α, species similarity 1− β, and total diversity γ are plotted908

as a function of time. Their probability distribution is shown on the right. put 〈α〉 in the909

first top left plot910

911

Figure 4. Importance and interaction of microbial species, and top 10 most912

active species species. σ is describing species interaction and is calculated as the ratio913

between the total outgoing Information Flow (OTE) (OTE(j) =
∑
i TEj→i) and the Total914

Network Entropy, while µ is describing the species importance as the ratio between the Nodal915

Entropy (Shannon Entropy) and the Total Network Entropy. The continuous line in each σ-µ916

plot shows the critical edge that describes a state between regularity and chaos. On the right917

the top 10 most active species in terms of OTE (and least abundant) are ranked. These species918

are the most detrimental for the healthy group and the most beneficial for the unhealthy one.919

920
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Figure 5. Exceedance probability distribution of microbiome structure, func-921

tion, and service. Network degree, total outgoing transfer entropy (OTE) of each node,922

and α diversity over time characterize the structure, function and service of the microbiome923

network.924

Figure 6. Macroecological scaling patterns and predicted species interactions.925

Left plots are about the scaling of total γ diversity and species similarity 1−β dependent on926

the number of speciation events (that is the number of new and existing species introduced927

until the time considered); speciation time is a proxy of the sampling area over time. Right928

plots are about the scaling of OTE vs. abundance and γ diversity vs. OTE.929

930
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