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Abstract

Accurate monitoring and prediction of aquatic ecosystems at multiple scales is cru-
cial to maintaining the biosphere, especially given the role of rivers, estuaries,
and oceans in species habitat provision and biogeochemical cycling in the land-
atmosphere continuum. Communities of microscopic biota - the microbiome - per-
form many of these ecosystems regulating functions, emitting informative signals
of environmental pressure via patterns in their collective structure and function.
Still, the collective dynamics of the microbiome remains poorly understood. What
might the characteristics of community structure and function be under optimal con-
ditions? How does the environment destabilize community structure or function?
Does an optimally structured microbiome imply a resilient microbiome? Are the
many signals reducible to a habitat-specific portfolio that characterizes ecosystem
health? In this dissertation I advance our understanding and inform ecohealth as-
sessment and engineering by extracting phylogenetic, structural, and functional pat-
terns from the collective dynamics of the microbiome, using a combination of infor-
mation theory, network theory, and statistical physics, thereby simplifying ecosys-
tem complexity. I also present the utility of envisioning the environment similarly:
as an assembly of interacting elements whose destabilizing impact emerges from
patterns within the network.

In Chapter 2, I demonstrate how it is possible to extract many signals from pat-
terns in community phylogenetic relatedness, population abundance distributions,
and species interactions within the Bacteriome network inferred from information
fluxes, all informative of ecosystem state. Among these are the new info-theoretic
Kleiber’s Law between bacterioplankton phylum co-predictability (directed inter-
actions) and population and community abundance uncertainty, with an average
exponent ϕ ∼ 2
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in striking accordance with theoretical expectations; as well as

the Phylogenetic Separation Rate (ρPS = 0.01) showing that communities accrue
new functional groups much slower than new species (ρSR = 0.4). In Chapter 3, I

2



present the novel Eco-Evo Mandala, a multiscale map of the Bacteriome consider-
ing habitat-defined distributions, species interactions, and phylogeny, which signals
community - and likely ecological - departures from relative theoretical optimality.
The Mandala confirms that these departures are habitat-specific, mostly consider-
ing the structural and functional traits related to bacterioplankton abundance and
interaction distributions (reflected by ϵ and λ as power law and exponential distri-
bution parameters, respectively), which are not linearly associated with each other.
In Chapter 4, I describe how the Envirome - the collective assemblage of envi-
ronmental drivers defined by environmental interactions - can pinpoint factors re-
sponsible for community disorganization, an idea which has been applied elsewhere
but not ecological research. Disorganization within the Envirome meant higher en-
vironmental impacts causing larger disorganization within the Bacteriome toward
random interaction topologies.

I end by envisioning a possible future for ecological research and practice that
incorporates the perspective underlying this work. This work emphasizes how
functional diversity regulating community optimality is different from taxonomic
richness, and it must be combined with probabilistic bacterio-environmental co-
variations to create a fulsome picture of ecosystem state, particularly because full
biological knowledge is presently too cumbersome to obtain. Consequently, eco-
engineering policies and technologies should focus less on moderating the whispers
from individual populations or environmental drivers, and more on orchestrating all
components into a symphony of order and health.
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Chapter 1

Introduction

1.1 Ecosystem Monitoring During the Anthropocene

1.1.1 Global and Local Aquatic Ecosystem Stress

The Anthropocene, characterized by anthropogenic pollution and climate change,
sees many ecosystems – at many scales – facing an existential crisis [1]. Maintain-
ing the health of aquatic ecosystems, the ocean in particular, is critical to maintain-
ing the health of the planet. The ocean and its tributaries cycle critical materials and
nutrients around the planet [2]. It even plays a role in staving off biosphere collapse
as it is the largest carbon-sink, thus moderating climate change due to carbon diox-
ide [3, 4]. Rivers metabolize much of the carbon originating from terrestrial sources,
including anthropogenic activity, before it ever reaches the ocean [5], making rivers
and near shore marine habitats critically important for biosphere maintenance.

My study explores the Great Barrier Reef, a marine habitat off the coast of
Northern Australia. It is the world’s largest coral reef system, providing invaluable
environmental, social, and economic services to humans and other species within
this region [6]. Though protected as a World Heritage Site, it is not spared the
deleterious effects of anthropogenic perturbations such as catchment run-off (from
coastal and riverine efflux), direct use, ecosystem (geomorphological) degradation
and global climate change stress, like ocean temperature anomalies, which affect
ecosystems at even the microbial scale [7–15]. These pressures negatively impact
the biodiversity of the region, which underpins its geomorphology, cultural and eco-
nomic values [6]. For example, coral bleaching events have been increasing in fre-
quency and magnitude [10], decimating the breeding and feeding ground for several
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1.1. Ecosystem Monitoring During the Anthropocene Chapter 1. Introduction

species, including some endangered ones. To protect these habitats, and the planet
at large, we need to find ways of monitoring that are robust, expedient, efficient, and
informative for bioengineering solutions. However, this is difficult as these habitats
are extremely complex, in that there are many interacting components, and many
drivers whose impact is non-linear, time-lagged, and cumulative.

1.1.2 Marine Microbial Community Services

Global research on the Earth’s oceans has revealed the large abundance, complexity,
and ecological importance of microscopic organisms, which interact in communi-
ties called the microbiome [16–20]. These are large and highly diverse organi-
zations of bacteria (bacterioplankton in the case of aquatic habitats), viruses and
other microorganisms (e.g., eukaryotes), which can be free-living [16, 21, 22] or
in host-associated communities [13, 23, 24]. The microbiome, particularly its bac-
terial component (the bacteriome), is the ideal candidate for ecohealth monitoring
because, despite being dependent on water dynamics and quality, they are largely
responsible for the planet’s biogeochemical cycles [25–30] and are highly respon-
sive to disturbances in these cycles and environment quality [23, 31, 32] presenting
as variation in their population dynamics. Consequently, there is growing interest in
decoding the dynamics of the bacteriome for indicating and predicting ecosystem
health [33–36].

The Great Barrier Reef Marine Park Authority has acknowledged the need to
include the microbiome in its monitoring and eco-engineering strategies [37], as
there is value in understanding these dynamics within localities and regions [38],
not merely at the global scale. Current recommendations include identifying and
tracking the presence/absence or relative abundance of specific indicator taxa or
microbial functions. The technology exists that can support this work at relatively
low operational cost. However, research has stalled because it is infeasible to ob-
serve (sample and sequence) all these biological mechanisms at play [37]. One
solution is to find a way to use less data to create equally accurate bioindicators,
but this requires re-imagining what the microbiome is and the value of patterns as
opposed to processes.
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Chapter 1. Introduction 1.2. Community Complexity for EcoHealth Assessment

1.2 Community Complexity for EcoHealth Assessment

Microorganisms are like mini-computers executing complicated, distributed algo-
rithms [39] that download, store, and transform materials, energy, and information
within a network [40]. Consequently, in this work, I approach the bacteriome as a
complex system. A complex system is a collection of numerous, autonomous yet
hierarchically ordered units, whose functions and services emerge from the coordi-
nation of interactions among its units within a network [41]. These systems, beyond
being scientifically intriguing, display characteristic features useful for assessments
at multiple scales. For example, these systems display power law patterns [42] that
were proven to coincide with a local or global energy minimum of the system’s fea-
tures. Consider river networks, whose power law distribution reflects the scale-free
pattern of runoff and the energy minimum of water flow [43]. The stationary solu-
tion of the landscape evolution equation is a power law that is invariant across many
orders of magnitudes; yet, it is linking patterns to processes clearly at stationarity.
Previous studies on the neural tissue [44] have also shown how scale-invariance is
not only occurring at a critical transition, but at a global stable state, and this is the
case for rivers. Such invariance, which is a state of relative stability of a system’s
features, is a byproduct of self-organized criticality [45] but, more generally, of
evolutionary dynamics leading to feasibly optimal states [46]. In this sense, some
authors [47, 48] have equated invariance with robustness, although the latter does
not correspond to invariant features necessarily: for example, random networks are
also topologically robust (invariant but not scale-invariant) because any perturbation
leads to another random state.

In general, ecosystems may not be locally stable and undergo critical transi-
tions (as in [49]) but these fluctuations are invariant over time. For instance, runoff
in rivers may exhibit local instability (permanent due to structural features such as
sudden jumps, or temporary such as black-swan variability due to climate extremes)
but, over large spatial and temporal scales, shows stability in distribution. Devia-
tion from global stability or invariance is a worrisome signature of departure from
optimality — for instance, driven by large habitat and climatic modifications. A re-
cent analysis of dynamical stability and invariance (which is indubitably dependent
on the scale of analysis) has been performed for fisheries by [50].Lastly, proba-
bilistically speaking, the stable distribution family is sometimes referred to as the
Lévy alpha-stable distribution to which power law distribution belongs. Thus, using
this principle of relative optimality, one could evaluate the distribution of microbial
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species’ abundance and their interactions to assess the extent to which the bacte-
riome is optimally arranged (and stable) or its divergence from the theoretically
optimal state.

Bacteriomes, such as that found in the human gut [51], exhibit signatures of
evolutionary optimality (or self-organizing criticality) in which dynamical fluctu-
ations are scale-free distributed, resulting in a relatively stable system. This self-
organization manifests as indicative community diversity patterns, i.e., the spatio-
temporal distribution of unique species or functions (underpinned by interactions),
although the taxonomic resolution can mislead more than functional profiles be-
cause biological traits are differentially conserved along the phylogenetic tree [52,
53]. There are intra- and interspecies patterns defining community metabolism,
which collapse to universal, scale invariant curves characteristic of environmen-
tal regimes [40, 54]. Some take the form of allometric (scaling) relationships,
Y ∼ βXα, where Y is some dependent variable related to ecosystems’ fluxes, like
metabolic rate; X is an allometric predictor related to structural ecosystem proper-
ties, like body mass or abundance; and α is the scaling exponent regulating energy
expenditure. When these communities display a power law distribution in the fre-
quency distribution of size classes among species, such as Taylor’s law and the
abundance–size spectrum [55, 56], their ecosystem is equally well-balanced ( [56]
for plankton and [14] for oceanic biomass). Kleiber’s Law [57, 58], B ∼ Mα, is
the scaling law regulating how metabolic rate (B) scales with body mass (M) by a
power coefficient (α), that is typically in between 2

3
[59, 60] or 3

4
[61]. When ap-

plied to communities, Kleiber’s Law can predict changes in community growth rate,
diversity, and nutrient cycling rates [62, 63], because metabolism underpins multi-
ple species dynamics during changes in resource supply [64], thereby indicating
changes in ecosystems.

The community in each habitat can be seen as a meta-organism composed by
species, much like a cell where populations of proteins – with their different struc-
ture and function – flow within organelles in the cell [65]; the human body where
populations of cells flow to organs together with metabolites via the vascular net-
work [66, 67]; or river basins where diverse populations of species (producers and
consumers), or water and nutrients, flow among riverine communities via network
streams [68]. In such systems, the flow of biotic and abiotic elements (where the
latter can also be mapped as a functional network) implies energy expenditure over
time, i.e., organism metabolism. Species and metabolites are eco-environmental
flows, which in a discrete data realm are information flows [69]: species sense oth-
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ers and the environment and their exchange of information is the primary trigger of
changes requiring energy expenditure.

Biomass conversion in a system involves the interspecies abundance variation
resulting from competitive (or cooperative) interactions, making information theo-
retic approaches, such as transfer entropy [70], suitable for signal detection. Trans-
fer entropy (TE) is an assumption-free and probabilistic means of maximizing un-
certainty reduction about species interactions [69, 71]. It is ideal because species
interactions are usually non-normal, non-linear, bidirectional, highly unpredictable,
and asynchronous: methods such as TE have been found to be superior to correla-
tional approaches [72, 73], and other models for functional network inference [69].
[51] showed that the information flow (measured by TE) within the gut microbiome
of healthy individuals is more scale-free than that within the gut microbiome of
unhealthy individuals.

In order to quantify the systemic impact of the environment on potential com-
munity metabolism, I consider biogeochemical dynamics as a collective assembly
of interacting factors called ”envirome”. Recent studies have highlighted how en-
vironmental factors – biogeochemical metabolic resources, habitat features, and
cross-habitat dependencies – drive species and entire microbial communities in the
ocean, including their metabolism, on global scales [16, 21, 22, 31, 74, 74–76].
However, the information about the environmental state contained in microbiome
patterns, particularly at the habitat scale, is difficult to interpret given observations
of strong, complex associations among those environmental factors [9, 21, 22]. Dis-
entangling factors risks oversimplifying the relationship between the environment
and microbiome effects, as well as neglecting bidirectional relationships such as
biota-environment feedback. Human molecular biologists use this ”enviromic” per-
spective, proposing that the entirety of an organism’s environment, rather than any
factor in isolation, impacts its genomic expression [77]. These factors represent
a complex system of interacting variables, whose outcome is not the sum of their
parts. As such, the ecological state of a habitat community can be disentangled
from its other features – like static geomorphology and fluctuating biogeochemical
variables – inferred as a network from their pair-wise interactions.
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1.3 Eco-Environmental Nexus Probabilistic Mapping

If we agree that the collective dynamics of the bacteriome underpins ecosystem
health, then informing eco-engineering solutions involves deciphering the orches-
trated (habitat-specific) ’noise’ of the entire community rather than the ’whispers’
(small yet comparatively uninformative noise) of its individual members. I identify
phylogenetic, structural, and functional patterns comprising the collective dynamics
of these communities, then, I explore whether the collective dynamics of the marine
bacteriome are reducible to a habitat-specific portfolio. I question how informative
the genetic measurements for ecosystem health are compared to the statistical fea-
tures, such as the distribution of abundance or information flow; and, whether an
optimally structured bacteriome, so characterized by its collective dynamics, im-
plies a resilient bacteriome.

In Chapter 2 I describe the materials and methods involved in this approach.
Briefly, the data comprised ecological data - bacterioplankton phylogenetics and
abundances, and environmental readings – from seven locations within the Great
Barrier Reef grouped into four geomorphologically distinct marine habitats; the
methods involved a combination of information theory, network theory, and statis-
tical physics (see Fig. 1.1).

Chapter 3 presents the phylogenetic, structural and functional signals extracted
from the bacterioplankton interaction networks. Biodiversity should be considered
as variation in species functions that from the coordination of interactions [69, 78],
rather than species richness because community ecological function results from
the distribution of functions within; furthermore, richness (baselined by habitats as
well as site- and time- specific) can misinform about ecological stability (or diver-
gence from optimal coordination equivalently). Therefore, this chapter focuses on
population traits and likely ecological functions, exploring such patterns as the rate
at which new functional groups emerge over time, and the collective’s metabolic
activity – inferred from patterns of interdependencies as networks (i.e., the skele-
ton of biodiversity patterns in terms of species distribution and interaction) – and
its organization (as entropy of their distribution) as determinants of an information-
theoretic Kleiber’s Law.

In Chapter 4 I disaggregate the bacteriome into statistical distributions of its
features – its genetic dissimilarity, configurations, and coordination dynamics – and
then model the relationship among them using the new Eco-Evo Mandala. This
Mandala is a habitat-specific portfolio of metrics to consider during eco-engineering,
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Figure 1.1: Habitat, Envirome and Bacteriome. The study investigates the sys-
temic impact of networked environmental factors (”envirome”) into the collective
organization of bacterial entropy-based interactions, mediated by the habitat. Left:
bathymetry of the Great Barrier Reef (source https://www.deepreef.org/) for the
study area (Fig. 2.2A) and envirome from abiotic data. Center: bacterioplankton
networks inferred using TE given relative abundance data, i.e., RSA (Fig. 2.2A).
Top Right: Phase-space designed modelling the ecosystem health state given bac-
terioplankton phylogenetics, structure (configuration), and function (coordination).
Bottom Right: Comparison of habitat-defined enviromes and bacteriomes charac-
terizing environmental collective impact of bacterioplankton function.
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that also enables a comparison between the value of genetic information com-
pared to statistical information. It enables exploration of the association between
the structural stability and dynamic stability of the system, and comparison of the
between-state differences along separate axes. This method is applied at the com-
munity level as a measure of habitat state, and at the population level to explore
species-specific signals.

Chapter 5 focuses on the environment’s impact on the collective dynamics of
the bacteriome. I present the results of investigating Kleiber’s law specificity for
different habitats considering similar bacteriome composition, as well as how bac-
teriome variability – in the form of Kleiber’s Law exponent – is related to habitat
structural factors and other systemic environmental fluctuations (i.e., hydrogeomor-
phic and biogeochemical factors and their distribution leading to eco-environmental
disorganization). Afterward, I explore the impact of salient environmental pressure
(where salience is interpreted in a network sense [79]) on these patterns.

In Chapter6 I discuss the implications of my findings for policy, practice, and
future research. Because the principles being applied are theoretically universal,
if this idea holds, then we would be able to monitor ecosystem states at multiple
scales using community patterns with less need for precise biological knowledge.
This greatly reduces the cost and time-lag involved in the current method of ecosys-
tem monitoring. The big-data supporting this analysis could be used to design
spatio-temporal forecasting technologies, that provides location specific, action-
able insights within relatively short time-horizons. We could also model bacterio-
environmental feedback loops, thereby informing more targeted interventions at dif-
ferent scales.

8



Chapter 2

Materials and Methods

2.1 Introduction

This study explores the community phylogenetic, structural, and functional dynam-
ics of bacterioplankton underpinning ecosystem health, using a combination of in-
formation theory, network theory, and statistical physics. This chapter begins by
describing the raw data before describing the methods used to explore the commu-
nity features of interest. I describe the creation of the phylogenetic trees (phyloge-
nies) used to support analysis of diversity and evolutionary rates. Next, I present
how both the species and environmental driver interaction networks were inferred
using transfer entropy. Then, I define the key network metrics: link weight which
is proportional to interaction strength; node centrality, which means the relative
importance of a population or environmental driver; and link salience, which mea-
sures the relative importance of the interaction between a pair of populations or
environmental drivers. Next, the information-theoretic Kleiber’s Law is defined, as
well as the parameters used to characterize distributions in abundance and network
link weight. How these parameters are combined into the Eco-Evo Mandala is then
described, followed by the method used to quantify the sensitivity of community
phylogenetic diversity to uncertainty in the environmental measures.

2.2 Marine Ecological Data

Bacterioplankton and environmental data, originally published by [9], were col-
lected from 7 sites found along a 124KM long gradient of the Great Barrier Reef
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2.3. Population Complexity Indicators Chapter 2. Materials and Methods

between 2009 and 2013 (see Fig.2.2). The data were collected over different time
lengths (t) for each location: t = 15 in TT1; t = 17 in TT2; t = 17 in TT3; t = 15 in
TT4; t = 10 in FI; t = 9 in RI; and t = 3 in TR. The sites were originally categorized
into 3 classes, river (TR), plume (TT1, TT2, and TT3), and marine (FI, RI, and
TT4), based on their proximity to the nearest influencing river. I categorized the
sites into 4 habitat classes based on their proximity to the nearest influencing river
and likely bathymetry: River (TR), Estuarine Inshore Reefs (TT1, TT2, and TT3),
Marine Inshore Reef (FI and RI), and Marine Lagoon (TT4).

The bacterioplankton data from each site contained read counts (considered
abundance) and taxonomic classifications of 1140 near-coastal, epipelagic, free-
living, operational taxonomic units (OTUs) from the Bacteria and Archaea king-
doms, as well as unclassified OTUs (see Fig.2.2A). The OTUs – considered species
from here onward – were identified following 16s rRNA gene amplicon sequencing
of water samples taken from each location. The taxonomic classifications of OTUs
were derived using the Hitman bioinformatics workflow (see [9] for a description
of the workflow and parameters used). Rarefaction was not conducted for this anal-
ysis, and raw read counts based on sequence reads rather than relative read counts
(relative abundance, used only to indicate species dominance) were used.

The environmental data were time series of measurements of biogeochemical
variables taken simultaneously with water sampling for bacterioplankton readings
(see Fig.2.2B). Environmental readings were also taken for temperature, salinity,
silicate, suspended particulate matter, along with nutrients such as nitrogen, phos-
phorous, carbon, and chlorophyll a. Attempts were made to sample each site at
least three times per year (June, October and March) but the time series lengths T
differed for each location (because of challenges with data collection): for TR, t =
3; for TT1, t = 15; for TT3, t = 17; for TT2, t = 17; for FI, t = 10; for RI, t = 9;
and for TT4, t = 15. Critical thresholds for each environmental variable were taken
from [80].

2.3 Population Complexity Indicators

2.3.1 Probabilistic Characterization of Distributions

Community distributions of abundance (or interactions (TEs), see Sec.2.4) were
characterized using either λ or ϵ derived from an exceedance probability distribution
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A

B

Figure 2.1: Materials, Location, and Time Series. A Google Map of the 7 sites
in the Great Barrier Reef surrounded by time series of the relative abundance (0%
to 100%) of phyla (color corresponding to the legend) observed in each site. B
The color and shape of the points on the lines correspond to the location/habitat
identified in A. The horizontal dashed red line indicates critical thresholds.
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function (EPDF) as in [51]:

P (Y ≥ y) ∼

{
e−λy

y−ϵ+1
, (2.1)

where Y was the abundances (or interactions from GBact and GEnv (see Section 2.4))
at the population (taxonomic phylum) or community level; λ was used to charac-
terize exponential distributions (see Fig.S3); and Zipfian (power-law) distributions
were characterized with ϵ (see Fig. S1). The poweRlaw package [81] was used
to estimate the parameters of all EPDFs using a maximum likelihood procedure
to obtain the best fit for the distributions. Scale-freeness, and thus community or
population optimality, increased with the value of ϵ or λ.

2.3.2 Taylor’s Law

The variability of population abundances was characterized using the exponent ν of
Taylor’s Law [82]:

⟨x2⟩ ∼ ⟨x⟩ν , (2.2)

where ⟨x⟩ = E|X| is the mean abundance and ⟨x2⟩ = E|X2| − E|X|2 is the vari-
ance of the abundance. This exponent was estimated for each population at the
phylum taxonomic level within each community, as well as for the entire commu-
nity at each location. The parameter ν was estimated by determining the slope of
a linear regression between the base 2 logarithm of both the population mean and
variance (see Fig.S2). Higher values of ν characterized communities or populations
that experienced greater temporal instability in their abundance.

2.4 Multispecies Network Inference

Let X = {x1, x2, . . . , xt} be the time series of bacterioplankton species abundance,
or biogeochemical variables, from a location: where xi denotes the abundance or
measurement for the species or biogeochemical variable X; and t is the time series
length in that location.

The information disorganization (uncertainty) of a species was quantified by the
Shannon Entropy [83] of species abundance H(Ab), defined as :
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H(Ab) =
∑

P (xi)log2P (xi), (2.3)

where specifically in this equation xi was the abundance Ab of species X .
Transfer entropy TE was used to measure the paired interaction among species

or biogeochemical variables [50, 51]:

TEXi→Xj
=
∑

p(Xj,t, Xj,t−1, Xi,t−1) · log2

(
p(Xj,t|Xj,t−1, Xi,t−1)

p(Xj,t|Xj,t−1)
,

)
, (2.4)

where Xi,t and Xj,t are the values of pairs of species or drivers (Xi and Xj)
at time t (the subscript t − 1 denotes the value of Xi or Xj at t − 1). The TE

was calculated using the box kernel estimator for continuous data from the JIDT
Package [84], setting a history length of 1 and a kernel box size of 0.5 normal-
ized units as the initialization parameters. TE quantifies the interdependence be-
tween OTUs as the information flux between them, considering the divergence,
non-linearity, and asynchronicity in their abundance distribution, thereby reflecting
predator–prey relationships.

An asymmetrical, weighted community matrix W was then created based on
TE:

wi→j = TEXi→Xj
, (2.5)

where i and j in wi→j were Xi and Xj in TEXi→Xj
, respectively. Two networks

were created for each location: GBact = (OTU,WBact) for the bacteriome with its
species OTU and their interactions WBact (see Fig.2.4); and GEnv = (E,WEnv) for
the envirome (see Fig.S2) with its biogeochemical variables E and their interactions
WEnv.

2.4.1 Network Collective Metrics

Total Directed Interactions and Connections

Within these graphs, a node’s total outgoing interaction xi → xj and its total in-
coming interaction xi ← xj were measured as its OTE and ITE, respectively:
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Figure 2.2: Bacteriome Top Interaction Networks. Nodes are phylum and the
opacity of the links is proportional to TE: larger TEs are represented by more opaque
links. The direction reflect the predictive influence. Networks show the top 20% of
interactions that are power-law distributed, highlighting the tendency to scale-free
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OTEi =
∑

wxi→xj
; (2.6)

and

ITEi =
∑

wxi←xj
. (2.7)

The total number of connections (or phylum degree) K for each node was cal-
culated using

KI =
∑

(wxi←xj
)0 +

∑
(wxi→xj

)0, (2.8)

where
∑

(wxi←xj
)0 and

∑
(wxi→xj

)0 were the total number of incoming and
outgoing edges, respectively.

Weighted Node Centrality

The importance of a node was measured by its weighted node centrality [85]:

Ci =
otei

OTEmax

+
itei

ITEmax

+
ki

Kmax

, (2.9)

where ote was calculated using eq. 2.6, ite was calculated using eq. 2.7 and
k was calculated using eq.2.8. Each term (ote, ite, and k) was normalized to the
maximum value in each distribution of values (OTEmax, ITEmax, and Kmax).

Link Salience

A link-centric approach has been lacking to identify keystone species supporting
network collective structure and function. This is particularly true when consid-
ering the salient impacts of the environment into the bacteriome. Equivalently, for
enviromes, the most central factor (defining the most salient link) is the environmen-
tal factor that is coordinating the state of others, and whose removal would result is
a substantially different environmental stress affecting the bacteriome, local habitat
and climate dynamics at higher scales. Network analysis has been used to identify
these keystone species by inferring species interaction matrices [86, 87] and then
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using network metrics like node centrality [85] or link salience [88] to detect most
important nodes and links. An interaction’s importance to its network was measured
by its salience S [88] that determines the frequency a pair is involved into the col-
lective organization of all ecosystem’s interactions. All shortest path trees (SPTs)
T from the graphs G (GBact and GEnv) were extracted from effective distances by
using the spTreeBellmanFord function from the optrees package [89]. The inverse
of the edge weights defined by TE (i.e., de = w−1i→j; see Eq.2.5) were used as the
effective distances necessary for estimating the shortest path between nodes of the
ecosystem interaction networks (i.e., species and environmental factors). Stronger
interactions thus mean node-pairs that are more closely connected in the network, as
their effective distance is smaller, and yet more likely for these pairs to be involved
more frequently in a SPT. Then, the number of times a directed interaction i→ j is
a branch of an SPT is defined as:

TI(i→ j) =

{
1 if i→ j ∈ Ti(w

−1
i→j)

0 otherwise
, (2.10)

where Ti was the SPT rooted at node Xi and effective distances are used as the
support on which pairs are counted.

The salience of an interaction si→j is the ratio between the times the interaction
appears along an SPT and the total number N of SPTs:

si→j =
1

N

∑
xi

Ti(i→ j). (2.11)

2.5 Information-theoretic Kleiber’s Law

The scaling relationship between total outgoing species interaction and entropy of
abundance is defined as:

OTE ∼ H(Ab)Φ, (2.12)

where OTE is the outgoing interaction of a species (eq. 2.6), H(Ab) (see Eq.
2.3) was a species’ information content given its abundance over time, and Φ is the
scaling exponent. This was also applied to ”populations” (here defined to be at the
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taxonomic level of microbial phyla) in order to measure metabolic scaling at the
population level (e.g., see Fig.S5).

2.6 Phylogenetic Analysis

2.6.1 Phylogenetic Tree Creation

Genetic data was unavailable, so the reference phylogenetic tree for this study was
inferred from the taxonomic classification (rather than gene sequences) of all OTUs
present in the dataset: kingdom, phylum, class, order, family, and species. Conse-
quently, the internal nodes of the tree were the taxonomic class, and the tree-tips
were the OTUs; all branch lengths were set to 1. When a taxonomic classification
of an OTU was undefined, a unique label was supplied: for example, if the family
of OTU X was unidentified, its family was labelled as ”family.otu.X”. Trees were
also created for each community (location), whereon the tips represented only those
OTUs observed in that location (ie. abundance > 0). Phylogenies were created us-
ing the ape [90] and phyloseq [91] R packages.

2.6.2 Phylogenetic α Diversity

Using the reference phylogeny and the species abundances observed over time, I
measured the phylogenetic α-diversity of a sample in three ways: the number of
tips (species richness) S; the number of nodes (phylogenetic diversity) PD; and
the mean pair-wise distances between tips (phylogenetic separation) PS. Both PD

and S for each sample from a location were measured using the pd function from
the picante R package [92], which implements Faith’s PD [93] to calculate phy-
logenetic diversity. Higher S meant a greater number of unique species, and since
a taxonomic label summarizes a set of phylogenetic traits (features), higher PD

meant greater diversity of traits within a community.

2.6.3 Phylogenetic Distance

To determine PS of a phylogeny, we used the mean pair-wise distances,

PR = S−1
∑

dij, (2.13)
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where S is the number of species, and di,j is the number of nodes along the path
between the tips OTUi and OTUj . It was calculated using the ses.mpd function
of the picante R package [92]. Communities with higher PS produced a more
dispersed (less clumped) tree, suggesting greater phylogenetic dissimilarity among
species within the community. It should be noted that, typically, the phylogenetic
distance is calculated as the sum of all pairwise distances between the tips of the
tree in contrast to our effective average above.

As each OTU was classified into a phylum p, the PS for each phylum within
the phylogeny PSp was calculated as the mean of all distances attributed to that
phylum:

PSp =
1

n

∑
p

dip,j, (2.14)

where n is the number of pairs in the distance matrix and dip,j is the phylogenetic
separation between OTU i belonging to phylum p and all other OTUs j (see Fig.S4).
Phyla with higher PSp are more genetically unrelated, or functionally dissimilar,
to other phyla within their community.

2.6.4 Phylogenetic γ Diversity

I measured the temporal phylogenetic accumulation within each community up to
time t by applying the principle of inclusion-exclusion,

γt =
∑
1,t

|At| −
∑

1≤i<j≤t

|Ai ∩ Aj| − . . .+ (−1)t+1|A1 ∩ . . . ∩ At|, (2.15)

to the finite set phylogeny tips (species) and associated branches, A1, . . . , At.
This algorithm was executed to obtain γS,t, γPD,t, and γPR,t by setting the cardinal-
ity of each set – i.e., |At|, |Ai ∩ Aj|, and |A1 ∩ . . . ∩ At| – to its S, PD, and PR

(see Sec.r2.6.2), respectively, depending on the variety of γ desired. For example,
to calculate γPD, the cardinality of each set was measured as the PD of that set.

2.6.5 Community Evolutionary Rates

I estimated the rate at which phylogenies accumulate and expand over time using
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γ = T ρ, (2.16)

where γ is one of γS , γPD, or γPR, T is time, and w is the slope of the linearized
relationship on log-transformed axes (i.e., log(γ and log(T )).

2.7 Eco-Evo Mandala

Inspired by the work of [94] phytoplankton and [95] for microorganisms, we de-
signed the Eco-Evo Mandala (see Figure 4.1A). Mandalas are visualizations of
theoretical models or raw data of ecosystems along two or more dimensions and
aim to (i) simplify observed complexities (in the physical or metaphysical planes)
and (ii) detect ecosystem patterns [96]. Ref. [95] is a recent example of a ”forag-
ing Mandala” for aquatic microorganisms, where two axes were used to account
for the local environment and individual biological adaptations (related to resource
frequency and resource quality). Then, the Mandala allows us to reduce the vast
biocomplexity of microbe–environment interactions into a pattern, where areas are
distinct for a minimal number of fundamental parameters related to microbial strate-
gies. This has also great relevance for the monitoring and management of aquatic
environments by leveraging microbial information.

In this study, the proposed Eco-Evo Mandala is a ternary plot that illustrates
how a bacterioplankton community departs from optimality - in a habitat-specific
way - given the relationship among its structure (ϵ as abundance distribution pa-
rameter; see Equation (2.1)), function (λ as interaction distribution parameter; see
Equation (2.1)), and phylogenetic dissimilarity (D = PS as effective phylogenetic
distance; see Equation 2.13). The values on each axis are rescaled to the maxi-
mum in each series (using x/xmax, where x is the value and xmax is the maximum
value observed). In the Mandala, ϵ and λ reflect more ecological processes (such as
local speciation, long-range dispersal, and environment-driven interactions), while
D reflects more long-term Evolutionary processes (such as local genetic make-up
through adaptation and selection).

Communities departed from optimality the further they were plotted from the
region reserved for high D, low λ, and low ϵ—in this case, the lower-left third
that is the theoretically optimal ”healthy” state. Note that this healthy state is an
”absolute” optimal (considering high organization ϵ and λ, and effective functional
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diversity D); however, the habitat-specific optimal state may be located in another
region of the Mandala, such as the ones we found for the observed habitats in this
study.

2.8 Chapter Summary

This chapter detailed the materials and methods used to study bacterioplankton
community complexity supporting ecosystem health. The diversity of a community
was measured by the mean phylogenetic distance among community members; the
structure was characterized by the distribution of population abundances; and the
function was characterized by the distribution of community interactions. These
qualities were combined into a phase-space describing how communities may have
departed theoretical optimality. Finally, the state and impact of the environment on
community dynamics was measured by the network metrics of the environmental
drivers, the covariance of these metrics with those of the bacterioplankton network,
and the sensitivity of select community features to uncertainty in the environment.
In the following chapters, I present the results of applying these methods to ecolog-
ical data from the Great Barrier Reef.
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Chapter 3

The Bacteriome: Eco-evolutionary
Signals from a Complex System

3.1 Introduction

Much of the planet, including marine ecosystems, are in need of ecohealth indi-
cators to help in their management given the existential threat posed by climate
change and other anthropogenic stressors. With improvements in DNA sequenc-
ing technology, more work can be done on utilizing the bacteriome as indicators
of ecosystem health [31]. These communities of bacteria are foundational mem-
bers of any ecosystem, providing essential nutrient cycling services contributing
to the homeostasis of hosts and ecosystems at large. Furthermore, they are highly
responsive to even slight anomalies in ecosystem conditions, such as abnormal tem-
peratures, elevated acidity, or eutrophication. However, their potential as ecosystem
indicators is yet to be fully exploited. This is largely because their communities
are quite complex, comprised of numerous interacting populations, the biological
function of whom little is known [97].

3.1.1 Community Trait Dynamics

Instead of focusing on individual species, I propose to analyze the community dy-
namics of the marine bacteriome, which contain many signals informative of envi-
ronmental pressure. The color of this ”noise”, in a dynamical sense, reflects the net-
work topology underlying the observed ecological phenomena over time [50, 69].
Traditional bioinformatics evaluates these systems by considering the dynamics of
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phylogenetic traits such as taxonomy or species abundance. For example, the diver-
sity and abundances of populations within these communities change with habitat
geomorphology and physicochemistry [9, 12, 98–101]. However, the taxonomic
resolution at which such analysis is conducted reveals (or hides) other signals about
the ecosystem state, because biological traits are differentially conserved along the
phylogenetic tree [52]. Others have demonstrated how functional profiles are more
informative than taxonomic profiles [53], given that environmental pressure can se-
lect for species with competitively advantageous functional potential.

Characteristic of complex systems, the autonomous yet interacting members
within the bacteriome can reconfigure and coordinate themselves into evolutionar-
ily optimal configurations in response to environmental pressure. However, there
is growing evidence that the range of possible configurations is constrained by eco-
logical laws, such as Taylor’s law, Kleiber’s Law, and the abundance–size spectrum
(Zipf’s Law) [54–56], which are highly robust and seem to shift only in the presence
of significant environmental pressure. Identifying such patterns in the bacteriome
would greatly improve its ability to objectively signal ecosystem anomalies, at mul-
tiple scales, and even inform monitoring and management priorities.

3.1.2 Entropic Methods for Species Interaction Assessment

There are also entropy-based approaches to species interaction assessment, which
can aid ecosystem monitoring. Community metabolic activity result from species
interactions (cooperation or competition) which manifest as time-lagged covaria-
tions in population abundances. However, the nature of these covariations, particu-
larly their direction, are difficult to identify using correlational approaches. Transfer
entropy [70] considers that the two processes may asymmetrically co-predict each
other at a certain time-lag, making it more appropriate for species interaction as-
sessment than correlational methods [69, 72, 73]. Therefore, here, I explore the
usefulness of TE for ecosystem evaluation given its ability to handle the complexi-
ties within biosystems.

Considering these ideas, in this chapter I explore the collective dynamics of
the bacteriome for features which may be indicative of ecosystem state (health).
Specifically, I search for entropic and power-law patterns that are less likely to be
misinterpreted as they unlikely to deviate from theoretical expectations, except in
the presence of environmental extremes. Thus I exploit the bacteriome as a complex
eco-evolutionary information system.
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3.2 Characterizing Community Configuration and Co-
ordination

The configuration and coordination of the bacteriome was characterized using the
distributions that manifested from its collective dynamics (see Sec. 2.3). Com-
munity structure was evaluated by the amount of scale-freeness in the distribution
of species’ abundances (ϵ, see Sec.2.1): lower values characterized more optimal
structural organizations. The river (TR) was considered the most structurally op-
timal (ϵ = 1.74), followed by the river mouth (ϵ = 1.82), with the northernmost
marine inshore reef FI showing the poorest structure (ϵ = 2.85) (see Fig. S1A). An-
other metric for community and population structure characterization was ν, which
described how the variance in the abundance of populations scaled with their mean
abundance (see Section 2.2A): higher values indicated more structurally stable com-
munities. At the community level, congruent with Taylor’s Law, ν ranged between
1.5 in the marine inshore reef FI and 1.7 in the river, approaching but not exceeding
two (see Fig. S2A). The interaction between species was estimated as the transfer
entropy between their respective abundance time series (see Eq.2.4). Given that
ecological function is the outcome of species interaction, community function was
characterized by the amount of scale-freeness in the distribution of species inter-
actions: lower λ signaled more optimal distributions of community interactions.
Again, the river was measured to be the most optimal (λ = 2.39), followed by the
marine inshore reef RI (λ = 4.14); the estuarine inshore reef TT3 had the poorest
functional organization (λ = 14.82) (see Fig.S3).

An inverse linear model provided a better fit between ν and ϵ than between ν

and λ (see Figure 3.1); linearity between ϵ and λ was also weak (see Figure 4.1B).
However, at the population level, the pattern of the relationship among the metrics
was much less clear. The top phyla considering ν and ϵ were comparable, as similar
populations were shared between them (see FigsS2B and S1B); contrarily, the top
phyla considering λ (see Fig.S3B) were much less comparable to either of the other
two. For example, in the marine inshore reef (FI), the same six Phyla were among
the top 10 Phyla for ν and ϵ, but five were shared between λ and ϵ. Similarly,
in the river (TR), more were shared between ν and ϵ than between λ and ν or ϵ.
Consequently, from hereon, community structure was evaluated considering ϵ: ν

and ϵ appear to be encoding similar signals from the community; λ measures a
different axis of variation; and both ϵ and λ are derived from PDFs.
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Figure 3.1: Associations among ν, ϵ, and λ. The shape of each point corresponds
to the habitat (and location). The large black points are the community averages,
while the smaller colored points indicate the values for specific phyla.
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The phylum-level distribution of abundances best fit a Zipfian distribution. The mean
phylum-level parameters (|ϵ|) were highest in the marine inshore reef site RI (|ϵ| =
2.43), followed by the lagoon (TT4, |ϵ| = 2.35) and then the estuarine inshore reef
site TT2 (|ϵ| = 2.06), least of all in the estuarine inshore reef site TT3 (|ϵ| = 1.72).
In all estuarine inshore reefs and one marine inshore reef (FI), Euryarchaeota pre-
sented the lowest ϵ and was thus considered closest to optimal; in the other marine
inshore reef (RI), Actinobacteria had the lowest; and for the marine lagoon, Bacte-
riodetes had the lowest. In the marine lagoon and one marine inshore reef (FI), the
phylum with the highest ϵ, and therefore furthest from optimal, was Verrumicrobia,
while in the other marine inshore reef (RI), the highest was Euryarchaeota. In the
estuarine inshore reef designated TT1, the phylum with the highest exponent was
Gemmatimonadetes; in TT2, it was Acidobacteria, and in TT3, it was Firmicutes.
(see Fig. S1)

Like the community scale distribution, the phylum-level distribution of TE also
best fit an exponential distribution. The mean phylum-level parameters (|λ|) were
highest in the estuarine inshore reef sites TT3, TT2, and TT1 (|λ| = 12.8, 10.6, and
10, respectively), followed by the marine inshore reef site FI (|λ| = 9.43), the marine
lagoon (TT4, |λ| = 9.16), and then the marine inshore reef site RI (|λ| = 6.61).
The phylum closest to interaction optimality (i.e., presenting the lowest λ) in the
estuarine inshore reef TT1 was the Synergistes, while in TT2, it was Chlorofelxi,
and in TT3, it was SBR1093; in the marine lagoon, Euryarchaeota had the lowest λ;
for the marine inshore reef FI, the lowest λ was for Crearchaeota, while in RI, the
lowest was for Verrumicrobia. The phylum furthest from optimal (that is, with the
highest λ) in the marine inshore reef TT1 was Fibrobacteres, while in TT2 and TT3,
it was WPS-2; in the marine lagoon, Spirochaetes had the highest λ; for the marine
inshore reef FI, the highest λ was for Acidobacteria, while in RI, the highest was
for Gemmatimonadetes. (see Fig.S3)

3.3 Habitat-specific Phylogenies

Diversity of these communities was measured as species richness S, phylogenetic
diversity PD, and phylogenetic separation PS (see Sec.2.6.2). Species richness,
the number of unique species, was highest on average in the marine inshore reefs
(FI and RI, s̄ = 238, sd = 76.1), followed by the estuarine inshore reefs (TT1, TT2,
TT3, s̄ = 188, sd = 63.9), the marine lagoon (TT4, s̄ = 180, sd = 65.6) and the river
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(TR, s̄ = 157, sd = 54). Similarly, PD, the total branch length (number of nodes
considering all branch lengths equalled 1 unit) spanning the phylogenetic tree, was
highest in the marine inshore reefs (p̄d = 353, sd = 99.6), followed by the estuarine
inshore reef (p̄d = 292, sd = 83.2), the marine lagoon (p̄d = 275, sd = 88.3), and the
river (p̄d = 262, sd = 79). The mean PS, the mean pair-wise distance among species
on the phylogeny, was highest in the marine inshore reefs(PS = 7.68, SESmpd =
2.15), followed by the marine lagoon (PS = 7.53, SESmpd = 1.88), the estuarine
inshore reef (PS = 7.43, SESmpd = 1.6), and the river (PS = 6.82, SESmpd = 0.33).
see (Fig. 3.2C)

3.3.1 Diversity-Time Relationship

Given all three metrics, diversity generally increased for all habitats, notwithstand-
ing moments of decline (see Fig.3.2A). The community diversification rates (i.e.,
diversity-time relationships) were measured as the S-time, PD-time, and PS-time
relationships (Fig.3.2A). The rate of species accumulation (S-time) and taxa accu-
mulation (PD-time) were almost identical (0.457, std. err. = 0.038 and 0.408, std.
err. = 0.032, respectively) while the phylogenetic separation rate (PS-time) was
significantly lower (0.013, std. err. = 0.003). The S-time exponent ranged between
0.325 in the marine inshore reefs and 0.8 in the marine lagoon. The PD-time re-
lationship exponent ranged between 0.292 in the marine inshore reef and 0.713 in
the marine lagoon. The PS-time relationship exponent was negative in the river
(-0.047), but ranged between 0.0115 in the estuarine inshore reef and 0.029 in the
marine lagoon. By plotting the PS against the S of the community at each specia-
tion event using log-transformed axes, I also explored the rate at which community
phylogenies separated during speciation events. A speciation event occurs when-
ever a new species is added to the community. Overall, I observed that separation
scales with speciation by an exponent of 0.04, ranging between 0.02 in the river and
0.05 in the marine habitats (both the inshore reef and lagoon). These observations
imply that while habitats are diversifying taxonomically, by accumulating unique
species, functionally, these communities are diversifying at a much slower rate as
many of these new members are closely, phylogenetically related.
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Figure 3.2: Community Phylogenetic Expansion. A Cumulative PS, PD, and PR
(see Sec.2.6.4) over time in log-log space, where the slope is the growth rate of
each value (see Eq.2.16). B PS, PD, and SR over time for each habitat. C The
distribution of PS, PD, and SR values for each habitat.
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3.3.2 Taxonomies versus Traits

My results not only emphasize that adding new species and adding new functional
groups are different processes, but that the latter may be more important for eco-
health indication. Environmental selective pressure constrains the range of possible
traits, i.e., phenotypes and functions, for adaptive complex systems like the bacte-
riome. Yet, I have shown that community phenotype distribution fluctuates more
rapidly than community functional groups, suggesting that functional groupings are
more robust to environmental variations. This may be because of the high rate of
horizontal gene transfer characteristic of bacterial communities. Although genetic
information is transferred vertically, from parent to child, bacterial communities
have been known to transfer genes horizontally, even among distantly related popu-
lations, a feature which facilitates the high functional redundancy also characteristic
of these communities. Consequently, others demonstrated how taxonomic diversi-
fication occurs within functional groups [53, 102, 103], indicating that they are
complementary yet separate axes of variations for communities.

Although all communities displayed patterns approaching theoretical expecta-
tions, particularly for ϵ and ν, the exponent values obtained varied between habitat
classes. The biogeography of the global microbiome demonstrates that the geomor-
phological characteristics, like depth [22, 104], can restrict the presence of species:
shallow waters with greater wave forcing tends to have less stable communities than
deeper, more settled waters [105, 106]. Additionally, microbialization is known to
occur during increased carbon sequestration [107], implicating nutrient gradients in
microbiome reorganization. In comparing the results by habitat, the results in this
chapter did not decouple geomorphological features from biogeochemical gradients
to pinpoint the likely cause of this variation (as was done elsewhere in this study, see
Chap.5). Nonetheless, my findings supports the idea that the habitat limits commu-
nity organization. Altogether, this means that engineering solutions should consider
the local habitat features and state instead of taking a more global approach.

3.4 Kleiber’s Law of Interaction Organization

While further exploring the organization of community function, I discovered a
scaling relationship between a species’ information content and its total outgoing
interactions. A species’ information content was quantified as the Shannon entropy
of its abundance (H(Ab), see EQ.2.3): rare species with more unstable abundance
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had higher information content than dominant species with stable abundance. The
total outgoing interactions of a species was measured as its total outgoing transfer
entropy (OTE, EQ.2.6). In an information-theoretic sense, higher OTE indicates
that a species disseminated information into (interacted with) their community at
a higher rate than others. A non-linear relationship was found between OTE and
H(Ab) across two orders of magnitude or more in a log-scale, indicating a scaling
relationship (Fig.3.3). On average, the scaling exponent (Φ, see Eq.2.12) was 0.63
(±0.182): the marine lagoon (TT4) presented the steepest relationship (Φ = 0.814),
followed by the marine inshore reefs (FI and RI: Φ̄ = 0.692), the estuarine inshore
reefs (TT1, TT2, and TT3: Φ̄ = 0.655), and the river (TR, Φ = 0.245).

I observed that the Kleiber’s exponents of marine sites (the inshore reefs FI and
RI, and the lagoon TT4) and the estuarine sites (TT1, TT2, and TT3) differed more
between distance-defined categories (i.e., when the bacterioplankton community
was categorized solely by its distance from shore) than within categories: Φ̄mar =

0.732 ± 0.071 and Φ̄est = 0.656 ± 0.063, respectively. Thus, the uncertainty of a
species, phylum or community abundance could predict its interaction rate; rarer
species interacted more than dominant species and the potential for this relationship
to vary by habitat.

When comparing a population’s (i.e., all OTUs categorized within a phyla) rel-
ative abundance (see Fig.2.2) with its Φ (see Fig.3.4), phyla with the highest mean
relative abundance (dominant, > 10%) had lower Φ than low abundance (rare,
< 1%) phyla. Populations such as Proteobacteria, Bacteroidetes, and Cyanobacte-
ria (highly abundant in all habitats) consistently had lower Φ than rare populations
(likely habitat-specific) who had among the highest Φ: like SBR1093 and ZB3 in
the marine sites; Lentisphaerae in the estuarine sites; and Verrumicrobia in the la-
goon. While Φ for most species remained sublinear, Φ for rare taxa exceeded 1; the
marine habitats (FI and RI) were most likely to have taxa with superlinear exponents
that go beyond the theoretical expectation.

I also investigated whether a population’s OTE scaled with its abundance to see
whether interactions scaled with abundance as well. The OTE of a population was
determined by the mean OTE of all species belonging to that population, while the
abundance was the mean of the abundances of species belonging to that population.
There was evidence of a scaling relationship between the abundance of a population
and its OTE, although the range of population abundances was small (< 1 order
of magnitude). The exponent was different than Φ estimated from the relationship
between OTE and H(Ab), but the pattern among the habitats was comparable (Fig.
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Figure 3.3: Information theoretic Kleiber’s Law. Each panel illustrates the rela-
tionship between the Shannon Entropy of species abundance and their OTE across
time within each habitat. Each point represents a species (OTU) and the color indi-
cates its phylum. Black lines are the Kleiber’s scaling law, OTE ∼ H(Ab)Φ, where
Φ is the scaling exponent characterizing each of the seven communities.
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S6): the marine lagoon again presented the steepest relationship (Φ = 0.335), fol-
lowed by the marine inshore reefs (Φ̄ = 0.218), the estuarine inshore reefs (Φ̄ =
0.197), and the river (Φ = 0.14). Appropriate multipliers can transform between
species and phylum abundance, and H(Ab) is an assumption-free measurement of
the probability uncertainty of species abundance. Therefore, both at the community
and population scales, I confirmed that community interactions scale with abun-
dance, and that the elevation of this relationship is habitat-specific.

3.4.1 Community Metabolic Scaling Inferred from Community
Interactions

The Metabolic Theory of Ecology [62] posits that metabolic rates, governed by
Kleiber’s Law, predicts most ecological patterns. Metabolic activity is ultimately
species interactions, manifested as dependencies between population dynamics, as
all biological processes link species via interactions in a network [26, 40, 51, 69,
86]. After quantifying interaction as information flow, I observed that the interac-
tion magnitude of the marine bacterioplankton scales with the unpredictability of its
abundance raised to a power exponent∼ 2

3
(as low as 0.6). The outlier was the river

(TR), which could have presented a very small exponent due to data limitation con-
straining a proper inference of the community interaction network. Kleiber’s Law
purports that a species metabolic rate will scale proportionally with its mass by 2

3

when considering the species’ volume. [51] found a scaling relationship between
species OTE and relative abundance with an exponent 1

4
when analyzing the human

gut microbiome; I too found approximately 1
4

after exploring the relationship be-
tween phylum OTE and abundance. Species (i.e., OTU-level diversity) and phylum
showed different interaction magnitudes, but these interactions can be transformed
from one to another via proper scaling multipliers.

I propose that this information-theoretic Kleiber’s Law (i.e., OTE ∼ H(AB)ϕ)
is a superior to biodiversity indicators and the prototypical Kleiber’s Law (i.e.,
B ∼Mα) as an indicator of eco-environmental condition. As to the former, compet-
itive [108] and cooperative [109, 110] interactions regulates community productiv-
ity, explaining how biodiversity loss undermines ecosystem function. However, bio-
diversity metrics, like species richness, are poorly informative of ecosystem shifts
because they do not characterize species collective organization, and changes in
richness may not destabilize ecosystem function. As to the latter, the practicality of
using the prototypical Kleiber’s Law is limited by the need to choose an appropri-
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ate metabolite to monitor, quickly yet accurately measure metabolite consumption
rates, and measure body mass or volume. All this can be difficult, expensive, and
slow in-situ at the microbiotic scale, for communities and ecosystems, especially
when multiple trophic levels are considered. This requires much less knowledge to
construct and is applicable to any trophic scale: all that is required is the spatio-
temporal abundance of community members; the rest is derived mathematically.
The interpretation would, nonetheless, be the same: variations in the exponent sig-
nal eco-environmental anomalies (see Sec.5.4.1). Altogether, these results under-
score the notion that the bacteriome’s interaction network topology is informative
of ecohealth evaluation (as departure from optimal interaction topology) even in the
absence of other biological data.

3.5 Keystone Species and Interactions

I identified the most important populations and population interactions within the
bacteriomes by analyzing the inferred interaction networks. The importance of a
population, identified as the taxonomic phyla, was measured by its node centrality
(Fig. 3.5). ZB3 and/or SAR406 were among the top 2 most important species
for all habitats, excluding the river; and dominant phyla, such as Cyanobacteria and
Proteobacteria, were among the most important phyla for all habitats (though not the
most important). Link salience was used to identify the most important population
interactions within the bacteriomes. For all habitats, the most important interactions
(links) were between a population with high node centrality and one with low node
centrality, but never between two species of similarly high centrality (Fig. S12).
For example, in one marine inshore reef (FI), the most salient links involved ZB3,
with the highest node centrality, and Spirochaetes, whose node centrality did not
feature among the top 10. In the lagoon the link between SAR406 and Firmictues
was high on the list; SAR406 was most central but Firmicutes was not among the
most central. Cyanobacteria were among the top 10 most central populations to one
estuarine inshore reef (TT3), and formed a top pair with Fusboacteria, which was
not among the top 10. Thus, I saw that these bacterioplankton interaction networks
were centered around rare taxa that structured the networks via links with peripheral
species.
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Figure 3.5: Phylum Importance. Top 10 important phyla ranked by node central-
ity for each habitat as in EQ.2.9, where the mean of TEs among phylum-specific
species is considered. Consequently, OTE, ITE, and ktot of a phylum are, respec-
tively, the mean of OTE, ITE, and ktot of species belonging to each phylum.
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3.5.1 Habitat-specific Keystone Taxa Sculpt Community Response

Informing habitat-specific interventions requires the identification of keystone species
and environmental factors participating in salient interactions that underpin ecosys-
tem structure, function, and stability. By analyzing the topology of the bacteriomes
and enviromes, I also identified keystone pairs likely responsible for maintaining
ecosystem (theoretical) optimality. Biologically, keystone species [79] typically
refers to individual species (nodes) but ignores functionally important interactions
(node-pairs). However, these salient interactions underpin ecological functions and
are thus equally (if not more) responsible for ecosystem state.

When measured by network link-salience, species involved in these keystone in-
teractions are typically non-dominant (in terms of abundance) but spatio-temporally
ubiquitous species (sometimes termed as ”core species”, e.g., see [111]), shap-
ing community interaction patterns across multiple trophic levels. For example,
Phyla such as Proteobacteria, Cyanobacteria, and Bacteroidetes constitute the cos-
mopolitan bacteriome [111, 112] as they are known to be dominant in marine
ecosystems globally [16, 22]; particularly in coastal regions like the GBR stud-
ied here [9, 21, 113]. Here, I showed that these central taxa were also topologically
central, as they maintained a high number of interactions within their communi-
ties. Their numerical dominance led to community (node) centrality because they
participated in many broad processes, manifesting as high interconnectedness [79].
However, I observed that comparatively rare species, like ZB-3, WPS-2, and Gem-
matimonadetes, were also among the most central species – in some cases more
central than dominant species. The presence of rare taxa among the most central
seemed habitat driven as, for example, ZB-3 was most central in the marine and la-
goon sites but not the estuarine sites, while Gemmatimonadetes was most central in
the estuarine sites and not the marine or lagoon sites. Furthermore, the top salient in-
teractions were sometimes rooted at these rare species. Thus, true keystone species
are functionally important regardless of their abundance [79, 114], underscoring
the importance of rare species who perform niche-specific functions [113, 115]. I
propose that dominant species form the structural and functional core of marine
microbial communities, but the rare species drive the community’s habitat-specific
response to environmental pressure. This may be because, as this scaling relation-
ship implies, the rare species have a higher interaction (metabolic) rate, and thus
produce a disproportionate impact on community interactions.
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3.6 Summary

The bacterial component of marine ecosystems – a keystone element into the or-
ganization of eukaryotic and viral components of the marine microbiome – has
a likely impact into macro-diversity and environmental phenomena, such as algal
blooms, primary processes, such as carbon sequestration (via biological and micro-
bial loops), and multitrophic ecosystem health at large. Thus, unraveling its collec-
tive dynamics is important for ecosystem evaluation, although it remains a challeng-
ing feat. The collective dynamics of the bacteriome, specifically patterns of diver-
sity, structure, and function, hold great potential for eco-health indication [11, 116].
However, this requires that the indicators extracted are robust against minor impacts,
at multiple scales, given the typical (local) instability of nature. In this chapter I
revealed habitat-specific, scale-free statistical patterns in the diversification, abun-
dance distribution, and function distribution of microbial communities. The main
findings are as follows:

• The collective dynamics of the bacteriome contain fractal patterns, typical of
self-organizing complex systems. Importantly, these results showed that com-
munity structural and functional optimality, though related, represent separate
axes; and that care must be taken when selecting optimality metrics as some,
like Taylor’s Law and Zipf’s Law, seem to signal the closely related features
of the community.

• Habitats, arguably through their geomorphic organization, determine a likely
universal scale-free organization of bacterioplankton communities. This is
achieved by constraining the ecological relevance of species much more than
their taxonomic identity, leading to a comparatively slow rate of community
adaptation, characteristic of resilient systems. Patterns in species diversity
remain informative, but they can be improved by including information about
species relatedness, thereby emphasizing the importance of phylogenetic trait
distribution for ecosystem function.

• Kleiber’s Law shows how collective interaction organization grows according
to a certain power exponent (close to 2/3) when collective biomass evenness
increases, making information flow a suitable proxy for general metabolic
activity. These species interactions, underpinning and predicting biodiver-
sity patterns, show a minimum average interaction value that becomes lower
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when diversity increases due to the more power-law distribution of interac-
tions. Kleiber’s Law implies that community interactions are shaped by dom-
inant species whose entropy is large on average; however, rare or unevenly
distributed species with low entropy have the highest directed interactions
affecting the collective and community scaling exponent. Rare species, with
weak but sensitive interactions, are also identified by the highest node central-
ity and link salience. The observed variations in the Kleiber’s Law exponent
are habitat-specific: habitat features, like hydro-geomorphological features,
modulate the effect of highly fluctuating environmental drivers such as tem-
perature and nutrients.

• Bacterioplankton communities adapt to their habitat by accumulating new
functions slower than new species, suggesting that ecological conservation
should focus on community functional diversity much more than species rich-
ness.

In the next chapter, I demonstrate how all these ecological signals can be re-
duced into a multiscale map of ecosystem health.
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Chapter 4

The Eco-Evo Mandala: Simplifying
Bacterioplankton Complexity into
Ecohealth Signatures

4.1 Introduction

4.1.1 Community Signals as Environment-Modulated Noise

In the preceding chapter, I revealed several probabilistic signals emanating from
the collective dynamics of the bacteriome. With so many signals to choose from,
at so many (taxonomic and spatio-temporal) scales, it is daunting to condense the
complexity of the bacteriome into a simple yet useful portfolio of features that can
inform ecosystem management. There is also a need to compare the usefulness of
genetic and statistical features—such as information entropy – for ecohealth eval-
uation. Furthermore, these signals can themselves be misleading. For example,
one can conclude that a community is optimally configured because there is scale-
freeness in its abundance-size spectrum, but this may not necessarily mean that the
dynamical stability, its resilience, is high. The adaptability of microbes could lead
to a re-structuring that presents as critical, although the rate of interaction among
species has irreversibly transitioned, indicating low resilience.

Thus, this chapter is guided by three questions. First, are the collective dy-
namics of the marine bacteriome reducible to a habitat-specific portfolio? Second,
how informative are the genetic measurements for ecosystem health, compared to
the statistical features, such as the distribution of abundance or information flow?
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Third, does an optimally configured (structured) bacteriome, so characterized by its
collective dynamics, imply a resilient bacteriome? To answer the first, the relation-
ship among select statistical distributions of the bacteriome’s features extracted pre-
viously (see Chapter 3)—its genetic dissimilarity, interaction dynamics, and func-
tional dynamics— are modelled in the new Eco-Evo Mandala. This facilitates an-
swering the second and third questions, because the Mandala enables exploration of
the association between the structural stability and dynamic stability of the system,
and comparison of the between-state differences along separate axes. This method
is applied at the community level as a measure of habitat state, and at the population
level to explore species-specific signals.

4.2 Signaling Ecosystem Optimality

Characterizations of community genetic relatedness (D = PS), configuration (ϵ),
and coordination (λ) were combined into the Eco-Evo Mandala (see Figure4.1) to
evaluate ecosystem departure from optimal states. Recall that lower D meant a more
diverse community, lower ϵ meant more a more scale-free configuration, and lower
λ meant a more scale-free organization of interactions (coordination). Given the
values measured from each community (see Chapter 3), the Mandala suggests that
the river (TR) is the most optimal location within the region; the estuarine inshore
reef TT3 was furthest from optimality for functional (coordination) reasons; and the
marine inshore reef FI was furthest from optimal for structural reasons. Addition-
ally, the Mandala illustrates the relative importance of each signal and habitat class
to the optimality characterization. The communities varied least along the genetic
dissimilarity axis compared to the structural or functional axes of the Mandala (see
Figure 4.1B). Genetic dissimilarity (D) ranged between 6.5 and 6.9 (sd = 0.125),
while ϵ ranged between 1.74 and 2.85 (sd = 0.459), and λ ranged between 2.39
and 14.82 (sd = 4.102). Also, there were greater between-habitat differences than
within-habitat differences. The river (TR) was plotted furthest from all other points,
the estuarine inshore reefs grouped together, and the marine sites, both the lagoon
(TT4) and the inshore reefs (FI and RI), were separated from the rest. Therefore,
the signals chosen for ecosystem monitoring were habitat-specific, and that genetic
dissimilarity was the least significant of the three when evaluating ecosystem opti-
mality, as communities are more likely to depart from optimality for structural or
functional reasons.
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Figure 4.1: The Eco-Evo Mandala. (A). The community state on the Mandala
along the three fundamental traits conveys information about the bacteriome’s state
(low, moderately, and highly stressed at the vertices as extreme states, and any
other state) as divergence from the expected relative optimality. It is read counter-
clockwise, the colored arrows exterior to the plot serving as guides: the blue axis
D measures the amount of genetic dissimilarity within the network; the green axis
λ measures the amount of organization in interactions among populations, and the
red axis ϵ measures the amount of structural organization. (B) Pair-wise plots of the
Mandala axes: D − λ, D − ϵ, and ϵ− λ.
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Previous work on the microbiome (bacteriomes, as well as other components)
has concluded that community diversity, the distribution of abundances, and the dis-
tribution of functions represent separate axes of variation, each capable of signaling
the ecosystem state.1 High D (high diversity) is ideal because it facilitates func-
tional redundancy and creates pools of dormant genes that can be used for atypical
environmental conditions [53]. When highly diverse communities encounter stress,
they can respond quickly by recruiting previously dormant populations who spe-
cialize in the stressed state. It also maintains community resilience despite popu-
lation loss: functional redundancy ensures that necessary functions are maintained
by allowing for population replacements. Low ϵ and low λ are considered opti-
mal because they indicate that the distributions of abundances (configuration) and
interactions (coordination underpinning function) are scale-free. Scale-free distri-
butions, most notably in the abundance of biological species, have been associated
with healthy biological systems [14, 51]. Biological systems tend to self-organize
to optimal states, a phenomenon known as self-organizing criticality [45], which
manifest scale-freeness in the distribution of features [117]. Therefore, habitats
plotted in the portion of the Mandala reserved for high D, low λ, and low ϵ were
considered closest to optimality because an optimal habitat should present a diverse
bacteriome, with a scale-free distribution of functions and abundances.

This notwithstanding, these are theoretical expectations and the distribution or
distribution parameter indicative of true optimality for the ocean bacterioplankton
in relation to a habitat type remains unknown. A distribution type and its param-
eter reflect a network; therefore, what is examined here is variation in community
assembly organizations that are likely evolutionarily optimal or departing from an
optimal state. However, it is possible for the habitat bacteriome to be reorganized
into topologies different to scale-free networks. For instance, shallow lagoons with-
out any major structural habitat forcing may lead to feasible optimality of the bac-
teriome as distributed exponentially; these theoretically suboptimal conditions may
also be related to recurrent biogeochemical loads. Consequently, these observations
are likely about relative habitat optimality, so future research is needed to identify
the network topology of the bacterioplankton (and its distributions) associated with
the optimal habitat baseline; this will enable objective quantification of departure
from optimality due to diffuse and point-source stress such as climate oscillations
(e.g., heatwaves) and nutrient loads.

1Note that here ”signaling” is purposely used in an information-theoretic perspective to underline
the communication between species and environment manifested by time-series data.
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4.2.1 Habitat Inference from Bacterioplankton Organization

The ubiquity and high motility of many marine bacteria, coupled with the high
porosity of habitats could mean that communities are roughly the same, rendering
the marine bacteriomes uninformative of habitat type or state, and thus only useful
on a planetary scale. However, note greater between-class differences than within-
class differences, supporting the observation of others that microbial communities
collectively respond to the state and nature of their habitat in characteristic patterns
[21, 31, 55, 118, 119].

The geomorphology, hydrodynamics, and water quality (temperature, salinity,
nutrient loads, etc.) of these habitats may be responsible for the differentiation of
microbial communities, which enables the identification of habitat class from com-
munity dynamics. Hydrodynamics coupled with eutrophication can increase micro-
bial biomass in habitats [120], resulting in the relatively high abundance of partic-
ular species whose motility is positively impacted [121]. The river and estuarine
sites present a shallower, more two-dimensional habitat constantly flushed by wave
dynamics, which expedites the entry and exit of species and nutrients [122]. This
may explain the comparatively low but exponentially distributed interactions of the
estuarine sites, particularly the river mouth TT1, and the high yet less exponentially
distributed interactions (indicative of a slower decay in the EPDF of interactions)
of the marine inshore reef and marine lagoon. The low residence time of the water
in the river and estuarine sites does not allow a stable environment for the build-up
of interactions; on the other hand, the marine sites are less hydrodynamically turbu-
lent and accessible from more angles, creating a calmer, more settled environment
in which populations may grow and interact. The estuarine environment is more
greatly impacted by local perturbation, such as industrial runoff from agricultural
lands, which greatly increases nutrient loads, promoting growth—especially that
of potentially toxic species – which may explain their less structured interactions
and relatively stable abundances [9]. The marine sites are more impacted by global
stressors such as temperature and salinity, with limited impact on nutrient avail-
ability [9], which would keep its interactions more stable. As such, fluctuations
in structural stability and functional dynamics could be able to be indicative of the
habitat geomorphology and environmental perturbation. This pattern would need to
be explored further in other domains to confirm its validity.

Other ecological processes also impact community organization, not merely
habitat geomorphology and environmental stress. Bacteriome dynamics are also
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shaped by top-down factors, such as viral dynamics [123]. Recent studies focused
on a complete characterization of ocean microbiome dynamics, i.e., the interac-
tion of eukaryotes, prokaryotes, and viruses observed in several habitats around
the world, to capture universal dynamical patterns. For instance, recently, [124]
considered sampled microbiomes in the Pearl River Delta and found associations
with algal blooms and salinity gradients. [125] recently observed during diverse
eukaryotic species blooms the Megavirus occurrence in the Uranouchi Inlet (JP),
confirming the importance of viruses in the bacterioplankton dynamics. Debates
still exist about the causal pathways between eukaryotes, prokaryotes, and viruses,
and so further research is needed.

Simply by considering abundance and interaction distribution at the community
level, habitat identification, and their potential relative stability or divergence from
the theoretically optimal distribution, is possible. Additionally, phylogenetic dis-
similarity did not help much with characterizing habitat patterns, although it may
aid in understanding factors such as organization processes and effective diversity
versus taxonomic diversity. By zooming out from the phylum to the OTU scale—
where viral dynamics may appear evident—the uncertainty around habitat statistics,
related to coupling abundance and interaction distribution parameters (ϵ and λ, re-
spectively), increases because micro-determinants of populations become more im-
portant. Overall, the Mandala is capable of signaling habitat-specific dynamics of
bacterioplankton communities at the macro-level by using eco-evolutionary traits,
and this can also shed light on the importance of micro- versus macro-scale pro-
cesses with relevance to ecological monitoring (i.e., what, where, and how much to
sample bacterioplankton in relation to environmental dynamics).

4.3 Intra-Community Health Characterization

Considering the population (phylum) scale characterizations (see Chapter 3, in-
teresting patterns emerged, which were consistent across ecological scales. First,
the average behavior of populations (phyla) approximated the behavior of the entire
community, resulting in the clustering of phyla around their habitats in the phase
space (see Fig.4.2). Additionally, I observed novel inter-population relationships,
which could be useful for ecosystem health evaluation. For example, the estuarine
inshore reef TT3 presented Cyanobacteria, which were closer to optimality than
Proteobacteria, and this community overall was farthest of the seven sites from op-
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Figure 4.2: Phylum-level Mandala. Each panel is an Eco-Evo Mandala for the
community sampled at each site. The colored points are the phyla while the black
point is the community average. Only those phyla for which all three dimensions
were calculable are displayed; the river (TR) is excluded, as its λ was not calculable
for any of the populations (though it was for the entire population).

timality. Conversely, the marine inshore reef RI presented Proteobacteria closer to
optimality than Cyanobacteria, and this community overall was not too far from
optimality. Cyanobacteria are widely implicated as problematic for marine ecosys-
tems when they dominate microbial assemblages [126], while Proteobacteria are
usually the dominant species characteristic of stable marine environments. Thus, it
may be possible to discern the optimality of a habitat by comparing the structural
and functional stability of select species.

4.3.1 Phylogenetic and Probabilistic Ecohealth Characterization

It has been argued that the inclusion of biological knowledge can improve mod-
els of biosystem dynamics [127]. Phenotypic distributions hold information about
the microbiome’s habitat [52], but care must be taken in selecting which traits to
monitor: some, such as genetic dissimilarity, which contributes to diversity (rich-
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ness), can be misleading. Additionally, the scale at which this analysis occurs,
whether the population or community level, is important. These results show that a
community’s distributions of abundance and information flow are potentially more
informative about the habitat than its diversity, similar to others [128] who demon-
strated how structural and dynamical indicators were sufficient for measuring sys-
tem health. Although some studies have equated diversity with ecosystem health,
some have found that diseased habitats can display higher microbial diversity than
healthy habitats, particularly because of an increase in viruses [129–131]. These
findings also demonstrated that analysis of the information entropy dynamics at
the community scale—rather than at the population scale—could inform about the
habitat state. This is important because there are many microbes that are as yet
uncultured [132, 133], so much about their phylogenetics and ecological function
remains unknown. Even if they were cultured, sometimes, in vitro behavior is dif-
ferent from in situ behavior [134]. Therefore, ecosystem health monitoring requires
knowledge about the statistical dynamics of the entire community, rather than the
taxonomic identity and ecological function of any particular species.

The Eco-Evo Mandala considers the distribution of traits within the entire com-
munity to evaluate the ecosystem state. When evaluating ecosystem health, one can
focus on identifying keystone species [79], core to their ecological networks and
whose exceedance of predefined thresholds destabilizes ecosystems. This justifies
focusing on individual populations, because altering one can alter the entire system.
However, while this implies the importance of the community interactions, it does
not explicitly consider community dynamics; furthermore, it ignores the complex-
ity of these community dynamics. The ecological function of the bacteriome is the
result of the interactions of all species within the meta-population, not any one in
particular. This complexity means that the effects of one population can be offset
by the collective dynamics of the entire system, rendering the information provided
by a single population potentially misleading. Consequently, it is better to monitor
entire communities when trying to evaluate an ecosystem, rather than specific pop-
ulations. Here, I emphasize that community dynamics are not only informative of
ecosystem health, but sometimes more so than population dynamics.
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4.4 Summary

Traditional approaches to ecosystem diagnosis can miss habitat-specific features by
focusing on abnormal readings in single species (or environmental drivers) rather
than community patterns. Community patterns are, for instance, distribution func-
tions of the collective organization of species (abundance, interaction, and phyloge-
netic dissimilarity from a distance/dissimilarity perspective, where the distance is
associated with the autocorrelation function of these features), which may be inde-
pendent of the spatial, temporal, and biological scale of organization. This invari-
ance across scales is associated with stable or scale-free distribution, manifesting
the relative optimality of a community, and the exponent of the distribution is likely
habitat-specific (modulated by environmental dynamics) rather than blueprinted by
biology. Thus, it is much more appropriate to focus on the collective distribution of
abundance and interactions (as information flow due to the data-driven approach of
ecosystem monitoring [69]) revealing ecosystem organization, rather than treating
any specific bacterium and its abundance in isolation. By decoupling and decoding
the genetic, structural, and functional signals emanating from aquatic bacteriomes
(here, focusing on the bacterioplankton but extendable to eukaryotic and viral com-
ponents), I presented the new Eco-Evo Mandala as a ecosystem monitoring tool
which utilizes the proximity of the collective dynamics of the bacteriome to charac-
terize ecosystem state (as community organization state). The Mandala is derived
from the organization of population abundance, population interactions, and pop-
ulation phylogenetic relatedness. Applied to this data, results suggested that the
river was closest to theoretical optimality, but the communities departed optimality
in habitat-specific ways. In fact, there were habitat-specific differences in the iden-
tity of populations closest to theoretical optimality; and these tended to be largely
responsible for the state of the entire community.

The results: (i) confirmed the relatively low importance of community genetic
dissimilarity for ecosystem organization (and response, potentially); and (ii) illus-
trated the complementarity but distinctness between structural and dynamic stability
(biomass and interaction distributions, where the latter is much more sensitive to en-
vironmental fluctuations); and (iii) explored the habitat specificity of the community
response to environmental stress by highlighting the important protective role of
structural complexity, such as in marine reef and riverine habitats. In conclusion, it
is possible—and preferable—to derive robust ecosystem optimality indicators from
the information (probabilistic distributions) extracted from the biocomplexity of
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bacterioplankton communities.
In the following chapter, I explore the environment’s role in orchestrating the

noise emanating from these communities. I introduce the novel concept of the envi-
rome, conceptualizing a habitat’s biogeochemical features as an assembly of drivers
which collectively destabilize the organization with the bacteriome.
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Chapter 5

The Envirome: Habitat-specific
Destabilizers of Bacterioplankton
Interaction

5.1 Introduction

So far, I have focused on the dynamics of the bacterioplankton from these habi-
tats as indicators of ecosystem state. However, habitats are a complex system of
feedbacks between (micro-)biota and their environment: the geophysical features
and biogeochemical drivers, such as temperature, salinity, and nutrient gradients
(notwithstanding other biota), of their habitat. Especially given the shifts due to
climate change, there is a need to understand how the interactions and organiza-
tion of the biogeochemical drivers, in particular, impact the collective dynamics of
the bacteriome. This will elucidate the extent and rate at which instability among
this large number of synergetic drivers disorganizes the bacteriome. However, this
highly connected nature of environmental drivers (see [9, 22] for example) makes
it difficult to evaluate the importance a driver: the impact of any driver will be
likely be non-linear, moderated or mediated by another. Furthermore, the habitat
geomorphology may exert some constraints on these assemblages, such that the
importance of any driver is relative to the habitat in question. Proper examination
of the environment requires exploring the collective impact of these drivers on the
disorganization of biotic configuration and coordination. In this chapter, I present
the results of applying an “enviromic” approach to studying the collective impact of
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environmental features on the bacteriome in the Great Barrier Reef. The drivers are
treated as interacting nodes in a complex system, and their network characteristics
are compared to those of the bacteriome (interaction network of bacterioplankton
see Chapter 3) to discuss how the environment is likely disrupting the bacteriome’s
structure (configuration) and function (coordination). The most important drivers
and interactions between drivers are determined given the driver’s centrality and the
interaction’s link salience, respectively, within each habitat’s network.

5.2 Environmental Impact

The measure of most of the 17 environmental variables were lower in the marine (in-
shore reef and lagoon) sites than in the estuarine and river sites, except temperature
and salinity (see Fig.2.2B). The values for nutrients (nitrogen, phosphorus, and car-
bon) in the estuarine and river sites experienced a large increase between 2011 and
2012 before retreating to pre-increase levels; this was not observed in the marine
sites. The estuarine inshore reefs and river exceeded the highest established thresh-
old values for total nitrogen, chlorophyll A, and suspended particulate matter, but
not for total phosphorus; the marine sites (inshore reefs and lagoon) did not exceed
these thresholds. Linear regression suggested that most environmental variables
were non-linearly correlated with phylogenetic α-diversity, excepted for tempera-
ture which presented a linear fit, though weak (see Fig.5.1). Notwithstanding this,
generally there was an inverse relationship between the environmental variables and
diversity; but in the marine inshore reefs there as a positive relationship between the
nutrients and phylogenetic α-diversity.

5.3 Habitat Modulation of the Envirome Impact

The habitat’s modulation of the impact of the environment on bacterioplankton
metabolism was explored by comparing the topologies of the enviromes and bac-
teriomes inferred from locations in each habitat class. Enviromes were networks
(Fig. S5), inferred using the same process as for the bacteriomes, wherein nodes
represented biogeochemical drivers; and edges, their interaction, quantified by TE.
Each location’s envirome and bacteriome was characterized by the distribution of its
interactions (EQ. 2.1). The epdf of interactions in both networks were exponential,
(see Figs.5.2B and C) leading us to use λ to describe them: lower λ meant a more
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Figure 5.1: Biogeochemistry and Diversity The correlation between biogeochem-
ical environmental drivers and community diversity is mostly non-linear.

50



Chapter 5. The Envirome5.4. Keystone Eco-environmental Drivers and Interactions

non-randomly configured network that had one node acting as a hub at the center
of, and coordinating, all other interactions. The envirome of the lagoon (TT4) had
the lowest exponent (λ = 4.81) while the estuarine inshore reefs had the highest (λ̄
= 5.68, λTT3 = 6.62, λTT1 = 5.52, and λTT2 = 4.87); median values were achieved
by the marine inshore reefs (λ̄ = 5.19, λFI=5.12 and λRI = 5.54). I also saw that
the bacteriomes from the marine habitats (λRI = 4.1, λFI = 7.2, and λTT4 = 8.1)
had lower λ than the bacteriomes from the estuarine sites (λTT2 = 8.8, λTT1 = 10.6,
and λTT3 = 14.8). Thus, I observed that habitats with more non-randomly config-
ured enviromes, like the lagoon and marine inshore reefs, had more non-randomly
configured bacteriomes (Fig. 5.2A). To illustrate, notice in Fig. S4 how the bacteri-
omes from the marine inshore reefs (FI and RI) have few nodes involved in most of
the interactions, while the estuarine inshore reefs had interactions spread out among
many more nodes. Additionally, I observed that λ varied less among the envirome
values than among the bacteriomes’, and there was habitat clustering on the bac-
teriome axis: the marine sites (FI, RI, and TT4) were separated from the estuarine
sites (Fig 5.2). So, although a randomly configured envirome can destabilize the
bacteriome, interactions of the bacteriome were partitioned more by its habitat than
by its envirome.

I also explored the enviromes impact on species interactions by comparing a
community’s Φ (see 3) with its envirome λ (Fig. 5.3B). Here, the envirome demon-
strated little explanatory power for species interactions, leaving Φ to vary by habitat
class. In contrast, the distribution of species abundances within each community
seemed to relate strongly to Φ. I applied EQ.2.1 to the species abundance and
found the distributions were power-law and ranged between 1.75 in the river (TR)
to 2.85 in the lagoon (TT4), with the northernmost inshore reef, FI, possessing the
median value (ϵ = 2.5). A lower parameter (ϵ) meant the abundances were more non-
randomly configured, and closer to a Zipf’s law distribution. Figure 5.3A showed
linearity between Φ and ϵ, therefore I concluded that Φ was explained well by the
configuration of the bacteriomes.

5.4 Keystone Eco-environmental Drivers and Inter-
actions

The most important biogeochemical drivers to each habitat were identified as the en-
virome nodes with the largest centrality (EQ.2.9), which considered the sum of all
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Figure 5.2: Systemic Environment Impact on Bacteriome Interaction Orga-
nization. (A) relationship between scale parameters of bacteriome and envirome
interaction exponential distributions (TE); lower λ meant higher organization of in-
teractions (leading to a log-normal or power-law distribution). Thus, the higher the
λ the larger the systemic impact due to disorganized environmental forcing. Error
bars represent the standard error of community-scale TEs. (B) epdf of envirome
TE. (C) epdf of bacteriome TE.
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Figure 5.3: Relationship between Abundance and Envirome Interaction Dis-
tribution Parameters and Kleiber’s Φ. (A) ϵ is the power-law exponent of the
abundance EPDF (EQ.2.1) and Φ is the Kleiber’s law scaling exponent (Eq. 2.12).
The lower ϵ the more power-law the distribution, and yet the more stable the abun-
dance dynamics, arguably related to habitat structural features. (B) scale parameter
of envirome interaction exponential distribution and Φ. Higher λ meant larger sys-
temic impacts due to disorganized environmental forcing. The river (TR) is not
shown due to insufficient data to determine λEnv.
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incoming and outgoing interactions, and the number of connections. Link salience
(EQ.2.11) was used to identify the most important biogeochemical interactions to
each habitat. Chlorophyll A and dissolved organic carbon were among the top 10
drivers of all habitats, and featured among the most important interactions for all
habitats except the marine lagoon. Temperature featured among the top 10 drivers
of the estuarine inshore reefs, but was not found among the most important drivers
within the marine inshore reefs or lagoon (Fig. S13). Figure5.4 shows that the
most important interactions in the estuarine inshore reef TT2 were between tem-
perature and salinity. Besides temperature, no other physical driver (e.g., silicate,
salinity or suspended particulate matter) was among the top 10 drivers, only nu-
trients. In particular, nitrite and phosphorus (total dissolved and dissolved organic
phosphorus) had the highest centrality, and were the roots of the most important
interactions as well. Ammonium was the most central driver and root of the most
important interactions in one marine inshore reef (FI); in the other (RI) salinity was
the most important driver and formed the root of the most important interactions. In
the lagoon, the most important driver was suspended particulate matter, having the
highest centrality and rooting the most important interactions. The results suggest
that the habitat has some impact on the importance of a biogeochemical driver to
the envirome.

5.4.1 Habitat-specific Shifts in Bacterioplankton Scaling

Interestingly, although scale-invariant and robust properties like Kleiber’s Law (ϕ)
and Zipf’s Law (ϵ) differed between habitat classes, the organization among the bio-
geochemical drivers (λEnv) did not explain well the distribution of exponents. This
agrees with global [76, 135] and regional [9, 136, 137] analyses of marine plankton
interactomes that have shown that the habitat filters the impact of biogeochemical
drivers on community membership and interactions.

While the assemblage of biogeochemicals (envirome) provide the conditions
and materials for metabolism, the habitat geomorphology constrains the availability
of those materials and the configuration of the community metabolizing them. For
example, river courses provide more of a two-dimensional tract of space for hosts
and free-living species to navigate, while pelagic sites – like the marine lagoon –
provide a much broader range of options for movement [122]. Habitats that allow
more dispersal (because they are open and physically connected to others) minimize
the selective effect of environmental pressure on local community configuration
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Figure 5.4: Interaction Importance. Top 10 phyla pairs ranked by the link salience
(see Eq. 2.11) for each habitat type
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[138, 139]. Other geophysical features, such as water flow [16] and wind convection
[137], impact the movement of hosts and food sources within a site. This may be
why the topologies of the bacteriomes, characterized by the distribution of their
interactions (λBact), appeared grouped along a habitat gradient: the marine sites
were clustered separately from the estuarine sites. When the function of either
a highly connected unit (targeted at hubs or keystone species) or a substantially
large number of units (system-wide) is destabilized the entire system is in jeopardy
of collapse; but random (untargeted), localized disturbances would have minimal
impact on the overall system function [140]. Consequently, if bacterioplankton
metabolism were only the result of habitat biogeochemistry, then contrary to this
observation, the marine lagoon, with the greatest scale-freeness in its envirome and
thus capable of system-wide impact, would have had more scale-freeness in its
bacteriome than the marine inshore reefs’.

Like the bacteriome, the optimal value of the envirome exponents is not known
so, care must be taken when declaring any ecosystem “optimal” or “suboptimal”,
leaving aside divergence from theoretical scale-free optimality. More research,
across a wider spatio-temporal domain, would be needed to determine baseline
habitat-specific optimality and deviations due to historical environmental change.
This notwithstanding, I suggest that ecosystem managers use this approach to sig-
nal the departure of an ecosystem from a theoretically optimal state.

5.4.2 Key-stone Drivers

Informing habitat-specific interventions requires the identification of keystone species
and environmental factors participating in salient interactions that underpin ecosys-
tem configuration, coordination, and stability. By analyzing the topology of the
bacteriomes and enviromes, I also identified keystone pairs likely responsible for
maintaining ecosystem (theoretical) optimality. Biologically, keystone species [79]
typically refers to individual species (nodes) but ignores functionally important
interactions (node-pairs). However, these salient interactions underpin ecological
functions and are thus equally (if not more) responsible for ecosystem state. Simi-
larly, important environmental drivers must be identified, considering their individ-
ual and joint impacts on ecosystems. This represents a novel approach necessary
for more effective habitat-specific ecosystem management.

These results also validate the suitability of the envirome concept for analyz-
ing the relative importance of environmental features. The central environmental
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factors differed by habitat proximity to the coast and were suggestive of the envi-
ronmental history of the habitat. Estuarine sites, highly impacted by agricultural
runoff especially during high rainfall periods (like 2011’s Cyclone Yasi) [9] pre-
sented nutrients as very central to their enviromes, while habitats further from shore,
less impacted by agricultural runoff, presented more hydrogeomorphic drivers (e.g.,
salinity, silicate, and suspended particle matter) as central to their network. Other
abiotic factors like salinity and suspended particular matter were more central the
further from the river mouth; nutrient concentrations, like total dissolved phospho-
rus and dissolved organic phosphorus, were more central closer to the river mouth.
This may be reflecting the reduced concentration of organic and inorganic nutrients
further from shore [21, 113]. Specifically, POC was higher for estuarine inshore
reefs, likely related to suspended particle matters as well as DOC (Fig. S2) due
to river carbon exports or other carbon upwelling from BC habitats. This can be a
signature of higher carbon sequestration for estuarine areas, as expected. Chloro-
phyll A was also higher for estuarine sites due to the larger presence of submerged
vegetation and microalgae. DON is also larger for estuarine sites due to the larger
concentration of nutrients from coastal effluxes. Dissolved Inorganic and Organic
Nitrogen, and Salinity were the only factors likely determining an increase in local
phylum diversity α. All other factors were likely associated to a decrease in α (Fig.
S3). Future research would be needed to confirm this pattern, but enviromes could
be used to indicate habitat type - in the same way indicator species are used to infer
habitat type.

The abiotic variables represent an established set of factors that are strongly
linked to water quality and impacting biotic community coordination to different
degrees. Future research could investigate the optimum portfolio of environmental
factors necessary to facilitate accurate ecosystem characterization [141] in short-
and long-term, that is useful for ecosystem managers. While this may challenge the
network associations observed between envirome and bacteriome topologies, likely
it would not impact the metabolic scaling conditioned by habitat type.

5.5 Summary

The geomorphology and biogeochemical components of any habitat create a col-
lective pressure on the functioning of biota at all scales. Additionally, much like the
biota they impact, these abiotic components interact in a complex system of direct
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and indirect impacts. Therefore, a complex system approach is most appropriate for
evaluating the organization among these drivers and features, and for identifying
critical (keystone) components and interactions responsible for biota disorganiza-
tion. The enviromic approach is able to provide such information.

• Global and local environmental stress – related to ocean temperature anoma-
lies and river basin/coastal biogeochemical loads – act similarly on any habi-
tats, but the collective environmental impact is related to microbial disorga-
nization dictated by habitat-specific features and historical stress. Abiotic
factors have a systemic impact into species interactions mediated by habitats.
Yet, habitats sculpt the collective organization of environmental factors (en-
virome), where the most important ones in estuarine habitats are nutrients,
while hydrogeomorphic factors (e.g., salinity, silicate, and suspended particle
matter) are more central for marine habitats. The primary impact of microbial
disorganization is likely dissolved organic carbon that is the main metabolic
flux (in input and output) of microbial interactions; therefore, variability in
microbial interaction organization is a signature of ecosystem dysbiosis and
potentially informing about variability in microbial pump and climatic im-
pacts.

In the next chapter, I discuss the implications of the Eco-Evo Mandala and the
Envirome for ecosystem monitoring and management of the Great Barrier Reef and
other regions.
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Chapter 6

Discussion and Conclusion

6.1 Summary of Findings

The aim of this study was to inform the design of an ecosystem monitoring pro-
tocol that exploited the collective dynamics of the microbiome. The dynamics of
individual species are informative of ecosystem values, given their relationship with
specific drivers and functions. However, when examined collectively, patterns in the
microbiome can provide even more robust, accurate, and even inexpensive readings
of ecosystem parameters. In Chapter 1, I presented multiple patterns of commu-
nity organization and coordination derived from a statistical analysis of abundance
profiles that facilitated ecosystem categorization, as possibly healthy, transitory, or
unhealthy, at multiple scales. These patterns signal the departure of community
features from theoretical optima, namely, scale-free distributions typical of self-
organizing complex systems. Focusing on the information entropy within these
dynamics revealed a novel scaling relationship which could be used to pinpoint
populations undermining community function. In Chapter 2, I displayed the Eco-
Evo Mandala that serves as a multiscale, probabilistic map of habitat states. In
order to understand how environmental drivers collectively destabilize these biotic
patterns, I introduced the idea of the Envirome in Chapter 3, a network of interact-
ing biogeochemical drivers whose distributions describe the environment’s stability,
and whose node and link centrality define driver importance.

In this chapter, considering the theory and findings of this work, I present some
recommendations for policy, research, and technology aimed at safeguarding ma-
rine ecosystems. I discuss what I see as some of the shortcomings of current policy,
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and how the findings of my research facilitate a more affordable and sustainable
approach to ecosystem monitoring and management, that can be applied both re-
gionally and globally. I outline areas of future research that remain unresolved
despite the evidence herein provided, and new questions which emerged. Finally, I
describe how my work supports eco-enginnering solutions.

6.2 Enhancing Monitoring Protocol

The Great Barrier Reef Marine Authority (GBRMA) recently has seen the need
to include the marine microbiome in its monitoring and management toolkit [37].
Among the recommendations are to combine microbial community and environ-
mental parameters in the search for microbial indicators of ecohealth; establish and
test diagnostic protocols based on these indicators; and integrate these protocols into
the reef monitoring program. This approach requires robust microbial baselines es-
tablished after a rigorous sampling exercise utilizing cutting edge DNA sequencing
technology.

This work represents an important step forward in the search for accurate yet
parsimonious indicators of ecosystem states, focused on marine ecosystems. Tra-
ditional approaches to ecohealth assessment fail to decouple site-specific and uni-
versal habitat-related ecological features; and they may incorrectly estimate fluctu-
ations of ecological communities over time, particularly when comparing different
habitats. Limitations of traditional approaches are also related to the consideration
of abnormal temporal values of species abundance or environmental factors one-at-
a-time, rather than probabilistic community patterns and their temporal persistence.
For example, scale-free stability of ecosystem functions, related to the optimal col-
lective organization of species interactions, indicate ecosystem states meaningful
of optimal eco-environmental organization over space and time [50]. Therefore,
it is more appropriate to focus on the collective distribution of abundance and in-
teractions, rather than labeling any specific bacterium or its abundance as ”safe”
and ”toxic”. My work does not ignore the dynamics of individuals or populations,
rather it evaluates the parts with respect to the whole. This not only ensures greater
accuracy when trying to characterize the state of a community and its environment,
but it also informs how the dynamics of the parts relate to the whole, filling out a
multiscale map of systems dynamics.

Similarly, individual environmental drivers should not be the focus of analyses,
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given that their organization (or disorganization) determines the collective envi-
ronmental stress to which biological communities respond. In fact, the GBRMA
implements a Cumulative Impact Policy [142] which considers the direct, indirect
and consequential impacts and the incremental and compounding effects of these
impacts over time, including past, present and reasonably foreseeable future pres-
sures. The Envirome approach is well suited to support the execution of this policy.
In this work, I emphasize the greater importance that the collective organization
– of the coupled microbiome and envirome – plays in defining ecosystem health
as divergence from optimal ecosystem function, in contrast to analyses of a single
bacterium or environmental factor in isolation.

The GBRMA monitors select ecosystem values to inform assessments of the
area. My work presents new values worth inclusions in the current management
approach because they implicitly measure the others. For example, phylogenetic
separation rate (ρ) and the abundance-size spectrum (ϵ) impact community biodiver-
sity, function, and ultimately ecosystem services. As metabolism underpins func-
tions and constrains many other community dynamics, ecologists can characterize
the state of an ecosystem and alterations of its functioning using the info-theoretic
Kleiber’s Law (ϕ) herein described. From the ranking of outward information flow,
ecologists and environmental scientists can identify problematic taxa and environ-
mental drivers that require close monitoring and control to preserve and enhance
ecosystem function. Finally, my work establishes objective baselines derived from
universal patterns, albeit theoretical, which can be applied at multiple spatial and
temporal scales.

6.3 Future Research

Fraser and Hill [143] rightly point out that limiting the microbiome to only data
from these Bacteria kingdom would be an error, because the microbiome also in-
cludes microscopic viruses, eukaryotes, and fungi. Unfortunately, this work only
uses data from the Bacteria and Archaea kingdoms, notwithstanding some as-yet
unclassified taxa, and lacks data on viral dynamics—and other biotic and abiotic
factors, potentially—and disallowing the quantification of these other important
features. Characterization of bacterioplankton patterns alone remains informative
due to the centrality of bacteria in many ecosystem functions. This notwithstand-
ing, future research needs to explore these findings among more kingdoms, either
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independently or jointly. For example, it would be quite interesting to see how
microeukaryotes compare to bacteria in terms of the distribution of their interac-
tions and abundances, or whether the slow phylogenetic separation rate observed
among bacteria applies to viruses as well. Importantly, this work explores patterns
and not processes, based on the data available, along three main phenotypic axes
reflecting abundance distribution, abundance-based interactions, and phylogenetics
(ecological and evolutionary community traits). Thus, the model and the Mandala
can be extended to other domains easily: the whole microbiome (eukaryotic and
viral communities too) rather than only being used for prokaryotes.

Building on this more inclusive data, a future research direction could also ex-
pand to multiple trophic levels. Environmental DNA technologies now enables the
tracking of all life-forms that ever occupied a habitat. The analytical approaches de-
scribed here could be used to explore the big data obtainable from n=environmental
DNA (eDNA) sequencing. In so doing, we would be one step closer to truly con-
firming the existing of ecological patterns which represent universal laws. Doing so
is critical to our development of accurate eco-engineering solutions.

6.4 Eco-engineering Solution

Greater efficiency and more data enable unprecedented spatio-temporal granularity,
which can be used to facilitate eco-monitoring cyber-technologies. For example,
during the Covid-19 pandemic, researchers were able to use the big-data available
from social media to perform spatio-temporal forecasts of disease spread and health
care pressure. A similar signalling system could be designed to provide now- and
forecasts of broad ecosystem states.

There are several microbiome related remediation protocols currently in devel-
opment and showing success. Microbiome transplantation has shown promise as
a means of alleviating human illness [144]. There are also designer microbiomes,
specially crafted to metabolize pollutants, correct nutrient fluxes thereby improving
the resistance and resilience of ecosystems, or provide novel services, such as new
biofuels, foods, or antibiotics [145]. Recent work outlined the simple community
assembly rules necessary to design communities capable of metabolizing a single
type of organic compound [146], but this is likely to become more complicated
when many multiple compounds need to be degraded. The main contribution of
my work is a modelling approach which can be applied at multiple scales because

62



Chapter 6. Discussion 6.5. Conclusion

it uses scale-free features of the microbiome network. This will make it easier to
forecast how the introduction of new species, or how the increase in population size
of existing species, could alter ecosystem function.

6.5 Conclusion

The present state of many ecosystems is difficult to measure objectively, and the
future states remain unpredictable, despite our increasing knowledge about the sup-
porting patterns and processes. However, we must continue to search for signa-
tures of healthy systems, and signals of undesirable transitions. Keystone members
and drivers are critical, by definition, however the collective behavior of ecologi-
cally important communities provides the best opportunity for ecohealth indication.
In this work, I extracted multiple, robust signals of ecological state that manifest
because communities trend toward evolutionarily optimal configurations and co-
ordination. These collective dynamics, such as the abundance-size spectrum and
information-abundance scaling, constrain the response of communities to environ-
mental stress and reflect other salient habitat-specific features. By using these met-
rics alone, we are able to identify likely habitat geomorphology and biogeochemical
organization. This collective, systems approach was also shown to be useful in dis-
cerning and explaining how the environment disturbs ecosystem service provision.
Understanding processes remains important for more precise control over interac-
tions, but this doing so will become more infeasible as the volume of data to extract
from nature increases. This big eco-data will require probabilistic, info-theoretic
methods, as described here, if we truly wish to convert the noises from nature into
meaningful symphonies.

63



Bibliography

[1] W. Steffen, K. Richardson, J. Rockström, S. E. Cornell, I. Fetzer, E. M.
Bennett, R. Biggs, S. R. Carpenter, W. De Vries, C. A. De Wit et al.,
“Planetary boundaries: Guiding human development on a changing planet,”
Science, vol. 347, no. 6223, p. 1259855, 2015.

[2] M. J. Fasham, Ocean biogeochemistry: the role of the ocean carbon cycle in
global change. Springer Science & Business Media, 2003.

[3] G. A. McKinley, A. R. Fay, N. S. Lovenduski, and D. J. Pilcher, “Natural
variability and anthropogenic trends in the ocean carbon sink,” Annual review
of marine science, vol. 9, no. 1, pp. 125–150, 2017.

[4] P. J. Webster, “The role of hydrological processes in ocean-atmosphere
interactions,” Reviews of Geophysics, vol. 32, no. 4, pp. 427–476, 1994.

[5] A. K. Aufdenkampe, E. Mayorga, P. A. Raymond, J. M. Melack, S. C. Doney,
S. R. Alin, R. E. Aalto, and K. Yoo, “Riverine coupling of biogeochemical
cycles between land, oceans, and atmosphere,” Frontiers in Ecology and the
Environment, vol. 9, no. 1, pp. 53–60, 2011.

[6] G. B. R. M. P. Authority, Great Barrier Reef Region Strategic Assessment:
Strategic assessment report. GBRMPA, Townsville, 2014.

[7] G. De’ath, K. E. Fabricius, H. Sweatman, and M. Puotinen, “The 27–year
decline of coral cover on the great barrier reef and its causes,” Proceedings
of the National Academy of Sciences, vol. 109, no. 44, pp. 17 995–17 999,
2012.

[8] J. R. Zaneveld, D. E. Burkepile, A. A. Shantz, C. E. Pritchard, R. McMinds,
J. P. Payet, R. Welsh, A. M. Correa, N. P. Lemoine, S. Rosales et al.,

64



Bibliography Bibliography

“Overfishing and nutrient pollution interact with temperature to disrupt coral
reefs down to microbial scales,” Nature communications, vol. 7, no. 1, pp.
1–12, 2016.

[9] F. E. Angly, C. Heath, T. C. Morgan, H. Tonin, V. Rich, B. Schaffelke,
D. G. Bourne, and G. W. Tyson, “Marine microbial communities of the
great barrier reef lagoon are influenced by riverine floodwaters and seasonal
weather events,” PeerJ, vol. 4, p. e1511, 2016.

[10] T. P. Hughes, J. T. Kerry, M. Álvarez-Noriega, J. G. Álvarez-Romero,
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Appendix A. Supplement for Chapter 3

Figure S1: Power-law Distribution of Abundance. (A) The epdf of abundance for
populations (colored lines) and the communities (black lines). (B) The top 10 phyla
given the exponent of the distribution of their abundance.
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Appendix A. Supplement for Chapter 3

Figure S2: Taylor’s Law of Abundance. (A) The relation between the variance of
OTU abundance and the mean of OTU abundance for populations (colored points)
and the communities (black lines). (B) The top 10 phyla given the Taylor’s law
exponent of their abundance.
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Appendix A. Supplement for Chapter 3

Figure S3: Exponential Distribution of Interaction (A) The epdf of interactions
(TE) for populations (colored lines) and the communities (black lines). (B) The top
10 phyla given the exponent of the distribution of their interactions.
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Appendix A. Supplement for Chapter 3

Figure S4: Phylogenetic Dissimilarity (A) The phylogenetic trees inferred for each
site, given the taxonomic classification of all OTUs observed. A colored node and
edge indicates that the taxon was observed in that site; a gray node or edge was not
observed. (B) The top 10 phyla given their phylogenetic distances.
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Figure S5: Species-scale Kleiber’s Law for Marine Reefs. Background gray
points are all species (OTUs) for all phyla found within the marine reef habitat
FI, while colored points identify OTUs that belong to each phyla indicated in the
label above each panel. Black lines are the Kleiber’s scaling law OTE ∼ H(Ab)Φ;
the line is shown only when the fit was possible.
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Figure S6: Species-scale Kleiber’s Law for Estuarine Reefs. Background gray
points are all species (OTUs) for all phyla found within the riverine habitat TR,
while colored points identify OTUs that belong to each phyla indicated in the label
above each panel. Black lines are the Kleiber’s scaling law OTE ∼ H(Ab)Φ; the
line is shown only when the fit was possible.
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Figure S7: Species-scale Kleiber’s Law for Estuarine Reefs. Background gray
points are all species (OTUs) for all phyla found within the estuarine reef habitat
TT1, while colored points identify OTUs that belong to each phyla indicated in the
label above each panel. Black lines are the Kleiber’s scaling law OTE ∼ H(Ab)Φ;
the line is shown only when the fit was possible.
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Figure S8: Species-scale Kleiber’s Law for Lagoons. Background gray points are
all species (OTUs) for all phyla found within the lagoon habitat TT4, while colored
points identify OTUs that belong to each phyla indicated in the label above each
panel. Black lines are the Kleiber’s scaling law OTE ∼ H(Ab)Φ; the line is shown
only when the fit was possible.
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Figure S1: α-diversity by Environmental Driver. Relationships between
community α-diversity (the number of distinct OTUs that is not necessarily
proportional to the number of distinct phyla for each habitat emphasizing: (i)
the representativeness of phylum-diversity for community patterns; and (ii) the
dependence of macro ecological indicators on biological scales) and environmental
variables are shown fitted by a linear relationship for each habitat type identified by
the color of the line as in Fig.2.2B.
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Figure S2: Envirome Top Interaction Networks. Nodes are environmental
variables, and the opacity of the links is proportional to TE: larger TEs are
represented by more opaque links. The direction reflect the predictive influence.
Networks show the top 20% of interactions that are power-law distributed,
highlighting the tendency to scale-free core organization despite the overall
organization is exponential. For the river (TR) the network cannot be inferred due
to insufficient environmental data to fit probability distribution functions.
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Figure S3: Envirome Driver Importance. Top 10 important environmental drivers
ranked by node centrality for each habitat as in Eq. 2.9, where the mean of TEs
among drivers is considered.
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