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Abstract

The composition of microbial communities, in terms of relative abundances of constituent
taxa, is constantly subjected to external perturbations, largely from changes in environmental
parameters affecting dynamical trajectories. Understanding the sensitivity of community
composition to such perturbations is crucial, given their role in maintenance of ecosystem
function at scales from human health to global biogeochemical cycles. In this thesis, I unify
statistical techniques from empirical dynamical modeling for nonlinear dynamical reconstruc-
tion with causal inference to evaluate how abundance and interactions affect the sensitivity
of microbial communities to environmental parameter perturbations. Using simulated com-
munities alongside longitudinal abundance data of taxa in three human microbiota, I develop
a novel approach based on sampling small communities to detect and track the effect of
external perturbations. Then, using causal inference to identify the effects of abundance and
interactions on sensitivity, I identify 4 sub-community profiles based on causal effect signs.
Simulated communities with different interaction strengths display a continuous transition
in frequencies of different profiles, with real communities displaying frequencies similar to
simulated weak interaction regimes. Detecting perturbations within each profile, I find that
rarer profiles in competitive communities have consistently more sensitive responses, while in
weak interaction regimes, this identity is variable. Real microbiota appear to show inconsistent
sensitivity patterns as well. Despite the individualized nature of microbial compositions and
the variety of possible responses, our study shows the possibility to synthesize the nonlinear
nature of microbiota dynamics. This approach can be relevant for personalized approaches in
monitoring and designing optimal therapeutic treatments.
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Chapter 1

Introduction

We think too big, we think ourselves as
one whole thing, and we claim that this
collection is a name and is a being; but
deep inside, where every cell divides, it
sets upon the rule that self-interest is
divine.

Danny Schmidt, This Too Shall Pass

1.1 The organization of this thesis

Much like the intricate network of a microbiota, with each species entwined in noisy
clockwork with the others, this thesis, too, consists of multiple interacting sections. In my
opinion, the optimal way to understand the contents of this thesis is by reading through all
sections, the same way that a complete picture of an ecological community can be observed
by sampling all components, both biotic and abiotic.

However, if you are interested in a particular subset of sections or suite of methods, this
section briefly highlights the contents and aims of each of the subsequent sections. Fortunately,
the ideas introduced in one segment are not exclusive of the others or the overarching aim of
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2 Assessing the sensitivity of microbial communities to external perturbations

this thesis- drawing an ecological synergy again, as I highlight in Chapter 2 about Empirical
Dynamical Modeling, we can reconstruct quite a great deal of information about the system
even if we sample from just a few key components. I highlight the contents of the subsequent
chapters below-

• In the remainder of this chapter, the introduction, I highlight the microbiota as a
complex, highly diverse, dynamic (and endlessly fascinating) ecological system, and the
overarching aim to understand its sensitivity to external environmental perturbations.
Subsequent to this, I change tracks to briefly review ecological notions of stability,
how they have been quantified in the past, and illustrate how the notion of structural
stability as a potent metric to assess environmental perturbation sensitivity in these
types of communities. While far from a complete synthesis of dimensions of stability
in ecological communities, this section highlights potential pitfalls with many usual
metrics that necessitate novel approaches.

• Chapter 2 focuses on the modeling frameworks utilized to analyze these microbiota,
specifically empirical dynamic modeling and causal inference. This section is intended
to provide a primer on these techniques, building them up from first principles up
towards the specific applications used in this analysis. For readers familiar with these
methods already, or interested in major biological insights without going deep into the
mathematical framework behind them, I also provide abridged summaries of the details
of the specific tools we borrow from these formalisms. This section is intended as a
brief review of these methods, to provide context and justify why these are optimal
approaches in our system, and reviewing the state of the art and shortcomings inherent
in these methodologies.

• Chapter 3 takes these tools and develops them further towards novel techniques and
insights to understand community sensitivity in microbiota specifically, describing the
various facets and considerations that go into this. This is similar to a Methods section
in spirit, and the first chapter where I bring in my new, original work.

• In Chapter 4, I highlight the results of these techniques I have developed, building up
and synthesizing the outcomes from the application of different approaches and methods
towards two unifying and general results- one developing a system-agnostic metric
of detecting structural sensitivity in complex ecosystems, and one about differential
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frequencies and structural sensitivity of certain sub-communities of microbiota based
on interaction strengths.

• Chapter 5, similar to a discussion section, contextualizes these results in a broader
sense, drawing both from its applicability to understanding these results in the setting
of general ecosystem stabilization, future ecological sampling study design, as well as
towards clinical intervention modeling. Critically, I also highlight shortcomings in this
approach, and what could be done in the future to scale this up to tangible effects on
ecosystem restoration and gastrointestinal health maintenance.

• Finally, the appendices act as a sort of supplementary information to all of the above.
This includes replications of these results with modified assumptions to check for
robustness, and further plots (and their interpretations) to gain a more complete
picture of the system.

Each of these sections are largely self-contained, all while orbiting around the main
thematic question of what drives the susceptibility of microbiota to changes in the environment.
I hope this thesis allows you to appreciate the importance of these systems, the rich dynamics
occurring in them, and the potency and significance of the statistical tools used to analyze
them.

1.2 Microbial systems and microbiota
Microbial communities in nature have a profound impact on sustaining ecosystem function

across various biological scales. These functions encompass the maintenance of host health,
wherein trillions of commensal microbes residing in the organs of larger animals and plants
fulfill vital metabolic roles (Ursell et al., 2012; Hou et al., 2022). Additionally, these microbial
communities contribute to soil fertility enrichment and plant growth (Panke-Buisse et al.,
2015; Wagg et al., 2019) and are integral to global biogeochemical cycles through their
involvement in fundamental chemical transformations (Falkowski et al., 2008). Despite their
microscopic scale, these microbial communities have been estimated to constitute 15% of
global biomass, comprising an estimated one trillion different species. (Locey and Lennon,
2016; Bar-On et al., 2018).

These ubiquitous communities are typically highly complex, diverse, and dynamic. In partic-
ular, the human alimentary canal contains highly diverse microbial communities (termed as
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microbiota) in the oral cavity and all along the gut lumen, which provide a range of metabolic
and immune functions to the host (Marchesi et al., 2016). These microbial communities have
been implicated in several organismal functions through the synthesis of metabolites such as
short-chain fatty acids, which may then mediate metabolic pathways that affect inflammation,
body weight, and neural function, among other things (Tan et al., 2014). The gut microbiota
has been shown to contain about 300-500 species (Guarner and Malagelada, 2003). The
oral microbiota tends to have higher diversity than the gut (over 700 species (Wade, 2013)),
and provides immune support by forming protective biofilms and preventing colonization by
pathogens. In addition, each of these bacterial species may contain a multitude of strains,
further increasing the extent of genetic and phenotypic diversity, as well as possible functional
outcomes in the community. Therefore, these microbiota constitute a complex ecological
system, with many functional roles and interactions.

Recent development of sampling techniques based on high-throughput sequencing of 16s
rRNA (Eckburg et al., 2005; Janda and Abbott, 2007; Caporaso et al., 2010; Navas-Molina
et al., 2013) has allowed us to sample human microbial ecosystems and its associated changes
over time and space at an unprecedented scale. This also permits design of controlled trials
to assess how specific interventions affect the organization and abundances of different taxa
in these systems. Such sampling experiments have revealed significant variation in the
species present and their relative abundances observed when comparing the microbiota across
different individuals- this variation can be seen at a smaller scale across individuals within a
population, as well as larger-scale differences when comparing between populations (Manor
et al., 2020). Sampling gut microbial compositions across different regions of the world
have shown fundamental differences in organization of microbiota across different regions of
the world in terms of dominant genera of bacteria (Suzuki and Worobey, 2014; He et al.,
2018)- based on this, researchers proposed the idea of enterotypes (MetaHIT Consortium
(additional members) et al., 2011), a classification of individuals on the basis of the dominant
bacteria present in their gut microbiota. This variation has been linked with differences in
environmental conditions and long-term local lifestyle and diet choices (Wu et al., 2011).

In addition, the structure of these microbiota can change drastically within a single in-
dividual over time. These changes are driven by continuously changing external environments,
as well as endogenous ecological dynamics in the microbial community. Environmental
perturbations that restructure microbiota may emerge from a wide range of exogenously-
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mediated factors, such as pathogenic infection (Pérez-Cobas et al., 2014), antibiotic usage
(Dethlefsen et al., 2008; Chng et al., 2020), and changes in food intake (David et al., 2014b).
In accordance with this idea of continuous perturbation, sampled time-series of the states
of microbiota have been observed to display high levels of nonlinearity and stochasticity,
with several instances of transitions between alternative stable states and many random
fluctuations (David et al., 2014a; Faust et al., 2015; Jones et al., 2022; Fujita et al., 2023).
This complexity and the high-dimensional nature of these systems makes temporal dynamics
and the effect of intervention hard to predict.

At a community level, this wide spectrum of continuous perturbations to the environment
could affect the structure of microbiota through addition/removal of species, directly affect-
ing species’ relative abundances, changing physico-chemical parameters of the environment
affecting growth rates and interactions, and modulating the sensitivity of the system to future
stochastic disturbances that may facilitate or induce critical transitions to alternative stable
states (Sommer et al., 2017; Amor et al., 2020; Nguyen et al., 2021a; Fujita et al., 2023).
Changes in physiological parameters in particular could have significant and rapid effects on
microbiota on account of their large spatial extent compared to the size of bacterial commu-
nities leading to pervasive effects across populations in discrete patches. These physiological
perturbations are of particular concern when they operate at a large scale and have persistent
effects on the structure of the microbial community. Such extensive reorganizing events of
the ecological structure of the microbiota, termed as dysbiosis, have been linked with the
onset of several illnesses (Carding et al., 2015; Bäumler and Sperandio, 2016), including
intestinal disorders, diabetes, neurological conditions, and onset of cancer (Hartstra et al.,
2015; Gilbert et al., 2016; S. Zou et al., 2018; Ke et al., 2023). These dysbiotic events are of
particular concern when the microbiota settles in this disturbed state, making it extremely
hard to recover back to a healthy state (Van De Guchte et al., 2020; Fujita et al., 2023) and
causing persistent disruption of ecological function.

Given the crucial functions provided by microbiota in maintaining homeostatic equilib-
rium in the human body, understanding the determinants of the sensitivity of its composition
(in terms of the relative abundances of constituent species) to exogenous perturbations
changing the ecological dynamics is of paramount importance. Clinical studies have shown
a great deal of heterogeneity in the sensitivity of response of different subjects to similar
perturbations, both in terms of immediate effect on the gut microbial structure as well as the
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period of persistence of community changes (and often, physiological symptoms) after the
departure of the perturbation, indicating the extent of dysbiosis. Inter-individual microbiota
variation is known to be an important driver of the sensitivity of response (Rashidi et al.,
2021); however, studies have also isolated other important factors determining susceptibility.
These include the instantaneous state of the microbiota prior to perturbation (Raymond
et al., 2016), diet (Brown et al., 2012; David et al., 2014b), priority effects (Sprockett et al.,
2018), and geographical location (De Filippo et al., 2010).

The return to a healthy baseline state after perturbations arising from antibiotic treatment has
been found by large-scale longitudinal screening to be associated with the re-establishment
of certain specific bacterial taxa (Chng et al., 2020). Other studies have also identified
potential candidate taxa that could contribute to long-term stability of the gut microbiota (eg.
O’Callaghan and Van Sinderen, 2016; Dempsey and Corr, 2022). While these give us a deep
mechanistic understanding of components of the microbiota, scaling up these studies towards
whole-microbiota stabilization carries two major limitations. One is that robustly identifying
keystone taxa across multiple microbiota that always promote or deplete stability is extremely
challenging considering the high standing diversity, including subspecific strains (Wang et al.,
2023; Weiss et al., 2023; Wolff et al., 2023). Secondly, the extent and rate of introduction
of these taxa in the microbiota following the perturbation is contingent on several complex,
interrelated and nonlinearly varying factors. Therefore, to gain a generalizable understanding
of microbiota stability that accounts for the large variability over subjects and over time, and
the potentially infinite kinds of perturbations that could affect the system, it is perhaps more
feasible to seek system-level properties that promote certain outcomes instead of isolating
specific beneficial taxa.

Therefore, accurately reconstructing and assessing the relative roles of drivers of community-
level sensitivity could be fruitful in facilitating the development of optimal clinical interventions
to alleviate a wide range of gastrointestinal perturbations. This is the overarching question
we will be confronting- what factors determine the sensitivity of microbiota to
environmental perturbations? Once we gain this theoretically-motivated understanding,
the results could manifest into real-world functional outcomes as targeted probiotic or antibi-
otic therapies to catalyze recovery towards a baseline, or steps to improve resilience of the
microbiota ecosystem to future perturbations. To do this, we first need to develop a means
of tracking the stability of the community over time, to understand the effect of disturbance,
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and what determines the extent of its effect.

1.3 Understanding ecological sensitivity

In this section, I briefly review notions of ecosystem stability and sensitivity and how
to compute them. In order to understand variation in stability of the gut microbiota as a
function of environmental changes, it is critical to select an appropriate metric of stability
that is able to capture the complex nature of responses in the system. Broadly, ecological
stability is concerned with the capability of an ecosystem to remain in its current state after
the appearance of a disturbance. However, this broad definition can be interpreted in several
nuanced and distinct ways depending on the notion of “capability to remain in a state”
and “disturbance” that are used. The purpose of this section is twofold- given the large
number of definitions and notions of stability in the ecosystem literature (Grimm and Wissel,
1997), it clarifies the interpretations of terminologies I will be using in the remainder of this
document. Second, I trace the historical development of different concepts of stability, and
justify why structural stability could potentially be an optimal way to describe the sensitivity
of ecosystem dynamics to environmental perturbations, especially in complex nonlinear
systems such as the microbiota. Finally, I also critically highlight shortcomings of the typical
notions of structural stability preventing direct application of many traditional approaches to
our system, as a means of motivating the developments that follow in the subsequent chapters.

Before proceeding to highlight conceptualizations of stability and select what metrics could be
most illustrative, I first define sensitivity. For the purposes of this thesis, I define sensitivity
of an ecological system as a measure of the instability of the system- therefore, a system that
is more stable (in whatever sense that stability is defined) will also be less sensitive, and
vice versa- one way to conceptualize this could be the inverse of stability. Therefore, outside
this section, when referring to sensitivity, I mean the extent of stability of the system. The
reason for this is that the metric I use (expanded in the next section) is inversely related to
stability, and both intuitively and mathematically, it becomes easier to think about the effect
of perturbations to the microbiota as being mediated by the sensitivity of the system- a more
sensitive system is more affected by a perturbation. I now proceed to trace the development
of notions of stability in ecological dynamics.

The notion of ecological stability, or the capacity for an ecosystem to remain in a par-
ticular observed state in the face of disturbances, has been one that has been of interest since
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the development of ecology as a formal science, beginning with the ideas of Gleason pertaining
to the role of stochastic environmental effects affecting trajectories of ecological succession and
recovery, making changes in communities difficult to predict (Gleason, 1926). Around this pe-
riod, mathematical models of ecosystem dynamics also came to the forefront with the work of
Lotka and Volterra (Lotka, 1925; Volterra, 1926), who developed coupled differential equation
based models for assessing predator-prey dynamics. These basic two-species predator-prey
models predicted oscillatory behavior of the species involved about a central equilibrium point.

The Lotka-Volterra model was quickly generalized into community structures beyond predator-
prey systems in the form of the framework termed as the generalized Lotka-Volterra (GLV)
equations. The GLV equation models large interacting communities of species, by fixing
intrinsic growth rates of each constituent species and their interaction strength with other
species. Then, this allows one to track abundances of species over time as their growth
rates are modulated by the presence of other species. The standard formulation of the GLV
equation takes the following form-

d~x

dt
= D(~x(t))× (r + A~x(t))

Here, ~x(t) denotes a column vector containing the densities of each of the species in the
community at time t, r represents the intrinsic growth rates of each species in the commu-
nity (that is, growth rates when grown in isolation), and A is the interaction matrix with
dimensions equal to the diversity of the community, with element Aij indicating the effect of
species i on the growth rate of species j.

Depending on parameter choices, these generalized Lotka-Volterra models were able to
demonstrate a wide range of possible system dynamics, ranging from convergence to a single
fixed point of either competitive exclusion or coexistence (Levin, 1970), limit cycles (Smale,
1976), and chaotic behavior (Vano et al., 2006). Along with these developments, it was
observed that simple models of population dynamics, even at the single-species level without
the complexity of the GLV framework (such as the logistic map or the Ricker model (Ricker,
1954)) could display extremely complex dynamics by the appearance of bifurcations and
limit cycles as internal parameter values were changed (May and Oster, 1976; May, 1976).
Given these rich dynamics, a major line of inquiry that emerged alongside these theoretical
studies was whether such trajectories were actually observed in real ecosystems. As more and
more long-term ecological time-series were generated across a range of ecosystems and taxa,
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these questions became of great interest. Experimental work (beginning with Gause, 1934
working on competitive exclusion), as well as field studies (Hassell et al., 1976; W.R. Thomas
et al., 1980) showed a diverse pool of qualitatively different trajectories, including chaotic
behavior (reviewed in Turchin and A.D. Taylor, 1992; Hastings et al., 1993; Rogers et al., 2022).

With these major developments in understanding the complex dynamics of ecosystems
both real and simulated, parallelly, understanding the stability of these observed dynamics
became a major area of focus. Broadly, the idea of assessing ecosystem stability is quantifying
the capability of an ecosystem to return to its original state after a disturbance- i.e. the
tendency of the ecosystem state to recover back to the original state after departure from
it. These questions of stability became pertinent in light of both explaining the current
observed states of ecosystems, as well as exploring the fate of these systems in the future under
conditions of anthropogenically-induced environmental and ecological changes. Ecological
communities in nature are constantly subjected to perturbations arising from both exogenous
environmental changes as well as endogenous fluctuations from demographic noise (Bjørnstad
and Grenfell, 2001)- this is true for communities in the microbiota as well (Nguyen et al.,
2021a). These disturbances could have various effects on community structure, either in
terms of modifying the population densities of constituent species and changing the ecosystem
state (for example, depletion of abundance of a single species), or by perturbing the values
of governing parameters (for example, a change in temperature affecting the growth rates)
and thereby changing the shape of the vector field along which the population dynamics moves.

Today, stability is one of the most contentious topics in ecology, with many conflicting
theories, ideas and definitions proposed over many studies. Some reviews have attempted
to enumerate, group and unify these notions along common axes (Grimm and Wissel, 1997;
Domínguez-García et al., 2019; Van Meerbeek et al., 2021). These reviews show many metrics
that have been used to quantify stability in both experimental and theoretical work are
based on responses of ecosystems to specific types of perturbations, or in terms of distance to
a threshold of some critical transition. These metrics encompass a wide range of possible
responses of the system to a diverse pool of changes, with many metrics developed specifically
for a particular ecosystem or perturbation type.

One of the first major analyses of ecosystem stability using a theoretically motivated frame-
work was done by Robert May (May, 1972). This was done by considering randomly generated
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ecosystems (in terms of randomly sampled interactions), and given an equilibrium state
of the constituent species, seeing whether a perturbation to species abundances from this
equilibrium state will decay back to the original equilibrium using the local Jacobian of the
equlibrium. Notably, May’s study found that as diversity increases, the likelihood of having
a stable community tends to decline. However, empirical data from field and experimental
work has shown that real ecosystems, with appreciable amounts of diversity, are indeed
stable (Tilman, 1996; Ives and Carpenter, 2007; Pennekamp et al., 2018). Considering the
counter-intuitiveness of this result in light of the high amount of diversity observed in nature,
this sparked a large body of research in its wake on how large complex systems could be stable,
referred to as the diversity-stability debate (McCann, 2000). This notion of stability is based
on the capacity of the ecological community to return to a given attractor after a perturbation
to the abundances of the constituent species (states)- in this sense, a stable system will return
to the initial state after being perturbed, while an unstable system will diverge away from
the state towards another one. This can be assessed by linearizing the system and finding its
Jacobian at a given fixed point, and then finding its eigenvalues. If the system’s eigenvalues
are all negative, then any perturbations in any direction will decay back down to the state at a
rate specified by the eigenvalues. Thus, this indicates the stability of an ecosystem state to per-
turbations to the state variables (typically abundances)- we term this as dynamical stability.

One intuitive way of thinking about stability in a very general sense is to imagine the
distribution of values in the state space taken by the system over time. This approach is
particularly useful as it is extensible to cases where the dynamics are not single fixed points
or limit cycles that take on a small set of values but rather chaotic complex attractors (of
course, for a single fixed point, the distribution collapses to a single point of probability 1,
with 0 everywhere else on the domain). Given this idea, we may think of a dynamically
stable system as one whose distribution is unchanged by perturbations to the state variables
(ignoring transient dynamics of settling at the fixed point). A dynamically unstable system
which diverges from the fixed point will then display drastically different distributions.

1.3.1 Structural Stability

Another pertinent notion of stability is the system’s response to changes in the topology
of the vector field that determines its trajectory through state space, a notion termed as
structural stability. This is distinct from dynamical stability as structural stability mea-
sures the propensity of the system’s behavior to remain unchanged upon (smooth) external
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perturbations acting on the vector field, as opposed to on the state variables. A structural
perturbation changes the configuration of the vector field of the system; therefore, if the
system is structurally stable, a small (smooth) structural perturbation to one of the parame-
ters would result in a correspondingly very slight change in the topology of the vector field,
and thus in the positions of attractors in the state space, leading to small deviations in the
state accordingly. However, in a system with low structural stability, a small parameter
change alters the vector space produced drastically, and thereby modifies the dynamics to be
drastically different. In an ecological sense, a structural perturbation typically constitutes
fluctuations in the parameters of the model (in a GLV framework, these constitute the growth
rates and the interaction strengths, which in turn may be determined by abiotic factors).
Given that environmental parameters that dictate ecological dynamics are constantly in flux
due to a host of factors, structural stability also takes precedence as a critical notion of
ecosystem dynamics that needs to be understood.

Once again, invoking the previously described idea of the distribution of states is very
useful to gain an intuitive understanding here. A structurally stable system will have some
amount of change in the distribution of states as the attractor gets deformed, but this will be
a minor amount of change. If the system is structurally unstable, then a perturbation to the
parameters will reorganize the distribution by an appreciable amount, possibly both in terms
of position and shape.

The mathematical formalism for a dynamical system to be structurally stable was developed
initially in the form of criteria for the qualitative behavior of a dynamical system to remain
unchanged by smooth structural perturbations (Andronov and Pontryagin, 1937; Peixoto,
1962). Other significant mathematical theorems such as the Hartman-Grobman Theorem
(Grobman, 1959; Hartman, 1960) developed conditions for when an equilibrium state is
structurally stable to linearization, that is, its qualitative behavior remains unchanged. The
development of bifurcation and catastrophe theory, where a model parameter is tuned up
and down so as to observe changes in the number, type and stability of equilibria (Zeeman,
1977; Thom, 1994; Arnold, 1986), led to further advancements in our understanding of
structural stability, including in biological systems (Lewontin, 1969; Recknagel, 1985; Perfect
et al., 1990; Solé and Valls, 1992). These ideas have shown that the Lotka-Volterra predator-
prey model is structurally unstable; for example, if even infinitesimally small second-order
terms of self-limitation are added, the cyclical dynamics observed breaks, and the system
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spirals down to a single stable point. While in general, structural stability is harder to
assess than dynamical, with most previous work concerned with qualitatively ascribing
stability/instability as a binary property of an attractor, there are many metrics that have
been recently developed to assess it (such as the stability radius defined by Hinrichsen
and Pritchard, 1986), especially in ecological contexts as the size of the feasibility domain
or the local vector field divergence (Rohr et al., 2014; Saavedra et al., 2017; Cenci and
Saavedra, 2018a; Song and Saavedra, 2018; Cenci and Saavedra, 2019). Recent work has also
shown that the two notions of structural and dynamical stability are intimately interlinked
in hyperbolic systems (Arnoldi and Haegeman, 2016; Ushio et al., 2018; Medeiros et al., 2021).

Going briefly back to our system of interest, the microbiota, recall that our aim is to
understand the factors determining the sensitivity of microbial dynamics to environmental
perturbations specifically, since these are representative of large lifestyle-related changes
(as opposed to smaller-scale regular dynamical perturbations occurring as changes in abun-
dances of specific taxa either due to demographic noise or via consumption of particular
foods). Therefore, developing a methodology of assessing structural stability of microbiota
states would be a natural and highly tractable direction to proceed in. Differing structural
stability of microbiota over time and across systems could mediate differing sensitivities to
environmental perturbations.

1.3.2 Non-equilibrium Notions of Stability

However, many pre-existing notions of structural stability cannot be directly applied to
many real ecosystems, including that of the microbiota. This is on account of the fact that
these metrics evaluate the stability of a given equilibrium attractor in the state space to
perturbations. Given the continuously varying range of governing environmental parameters,
many natural systems are never truly at equilibrium (Bjørnstad and Grenfell, 2001; Benincà
et al., 2008; Sugihara et al., 2012), including the gut microbiota (Caporaso et al., 2011;
Lozupone et al., 2012; Nguyen et al., 2021a), and given continuous topological deformations
to the state space, identifying a single equilibrium state around which these perturbations are
occurring is extremely challenging. Therefore, in order to understand the effect of external
perturbations on the gut microbiota, we need to develop a notion of local structural stability
of a state that does not explicitly require the assumption of equilibrium. Another further com-
plication is the highly nonlinear and state-dependent nature of microbial dynamics- though
linearization is often effective as an approximation, it does not work outside hyperbolic
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attractors, and the state dependence of parameters means that parametrization from real
data can often be prohibitively difficult.

Non-equilibrium notions of stability have also been developing over time in parallel with the
other notions grounded in dynamical systems theory highlighted above. One commonly used
approach that is agnostic to equilibria, used especially in the analysis of metacommunity
models, is that of persistence (MacArthur, 1955; Levins, 1969). At the level of an ecological
community, persistence may be thought of as the probability that a community can sustain
positive abundances for all its constituent species over time. These early notions of persis-
tence were further complemented by empirical work on energetic fluxes through ecosystems
(eg. Odum, 1953). However, developing quantitative measures of persistence in complex
ecosystems has proven difficult, especially given continuous structural and dynamical fluctua-
tions. Though persistence has been linked with structural perturbations using techniques
of structural feasibility to develop metrics of community stability to environmental change
(eg. Saavedra et al., 2020), these are difficult to apply to diverse ecosystems, especially
those spatially extended ecosystems structured to have a high immigration rate like the gut
microbiota, wherein taxa that have undergone local extirpations can often be reintroduced
very rapidly through consumption of food (Dey and Joshi, 2013). Further, persistence is
majorly concerned with the feasible coexistence of this species pool- however, dysbiosis has
been linked to changes in abundance of common gut flora, without necessarily implying
local extinction (Winter and Bäumler, 2023). Therefore, measures of persistence may not
necessarily give us the requisite insights into the sensitivity of microbiota.

Another frequently used non-equilibrium measure is the idea of ecological resilience, pi-
oneered by the work of Holling (C S Holling, 1973). This refers to the system’s ability to
withstand to remain in the domain of attraction of a particular attractor state (therefore
quantifying in some sense the size of the attractor’s basin). It is worth highlighting that in
ecological studies, resilience has been used to refer to both Holling’s definition as well as
the rate at which a system variable returns to an initial state after a perturbation, called
“engineering resilience” (Pimm, 1984). Since engineering resilience is similar to the notions of
dynamical stability, henceforth, any references to “resilience” will be exclusively to “ecological
resilience” (sensu Holling). Some studies have also termed ecological resilience (sensu Holling)
as resistance. Resilience is a non-equilibrium conceptualization of stability, based on the
ability of the system state to withstand structural perturbations, encoded as the size of
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the domain of the attractor (as opposed to the previous notions of stability as the rate
of the system returning to an equilibrium state). This nonequilibrium framework permits
assessment of systems with multiple equilibria and various different types of attractors, by
seeking conditions for when the system moves away from the observed basin.

Historically, resilience was typically qualitatively analyzed by building stability landscapes to
describe dynamical behavior- however, recent work has made these ideas more quantitative,
and has adapted to data from real ecosystems with a great degree of effectiveness in the
form of attempts to develop early-warning signals (EWSs) that can anticipate when the
system is in a state of lower resilience. Such systems will be more sensitive to shifting to an
alternative stable state upon appearance of a sufficiently strong perturbation to environmental
conditions (Scheffer et al., 2001; Scheffer et al., 2009). Given an ecological time-series of
state variables in a continuously fluctuating environment, tracking early warning signals
such as autocorrelation (Dakos et al., 2012), variance (Carpenter and Brock, 2006), skewness
(Guttal and Jayaprakash, 2008), and kurtosis (Biggs et al., 2009) allows one to predict
declines in system resilience before a critical shift to alternative stable states occur. These
EWSs have been shown to predict tipping points in ecosystems with varying levels of success
(O’Brien et al., 2023a), with different metrics having varying degrees of effectiveness in
different systems. While computing such signals would certainly be one means of tracking
the effects of environmental perturbations in community structure (as these track the system
state observed as the structural parameters of external conditions vary), they are not always
effective for multivariate environmental conditions or at the community level (Dai et al., 2015;
Weinans et al., 2021; Baruah et al., 2022; O’Brien et al., 2023a). Despite these potential
limitations, early warning signals could potentially be one way of tracking the effects of
structural perturbations in the system.

However, it is worth noting that while EWSs are capable of detecting critical transitions in
state space caused by structural perturbations, not every structural perturbation necessarily
leads to a critical transition. Depending on the nature of the system’s attractors, a structural
perturbation may lead to major structural reorganization of the state space via deformation
of the attractor without necessarily leading to a transition of the state between basins of
attraction. Therefore, in some sense, structural stability is a more generic metric of stability
to parameter perturbation than resilience, since the system may not actually contain multiple
equilibria. To reiterate, resilience tells us how much perturbation a particular ecological state
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can tolerate before movement to the domain of attraction of another state, while structural
stability informs us as to the extent of change of the topology of the field upon a small
structural perturbation. A perturbation that leads to the state moving into the basin of
another attractor will have very low resilience as well as structural stability; however, a
system can potentially have very low structural stability but high resilience. As an example,
consider an ecosystem such as microbes growing in extreme and highly stable environments
such as deep under the ocean, with dynamics converging to a single stable fixed point of
coexistence. While even minor changes in the environmental conditions could have adverse
effects on population densities (indicating low structural stability), it is unlikely that the
equilibrium state of the ecosystem as being populated with bacteria will change (indicating
high resilience- the basin may shift and move, but the system remains in the basin). Therefore,
especially since we have no a priori information whether perturbations in the gut are the
result of deformations in the topology of a complex attractor manifold or critical transitions
between alternative attractors, if possible, it would be more useful to track structural stability
over resilience if measures of local structural stability that do not necessarily presuppose
equilibrium can be used. Indeed, many recently developed tools for early warning signals
have been utilizing metrics of structural stability as a signal alongside other classical metrics
(O’Brien et al., 2023b; Grziwotz et al., 2023; Huang et al., 2024).

1.3.3 Other Stability Metrics

Therefore, to summarize, among the myriad metrics of stability, quantifying structural
stability, or the extent of change in state space upon perturbations in the topology of the un-
derlying vector field (manifesting from changes in the conditions of the external environment),
is a promising direction forward. This could, however, prove to be challenging, on account
of the high degree of nonlinearity and state-dependence seen in microbial systems, with an
appropriately parameterized model formulation likely very complex and high-dimensional.
Another significant challenge is to overcome the non-equilibrium and highly noisy nature
of the dynamics. I describe methods to overcome these potential pitfalls, and develop a
technique of assessing perturbations that is agnostic to model type and equilibrium state in
the following section.

Regardless of the specific metric of stability used, there are many outstanding questions about
the system dynamics that remain to be resolved. One particularly pertinent question that has
attracted quite a lot of debate, especially in microbial systems, is the effect of community-level
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biotic parameters such as abundance and interaction strength on the stability of microbial
systems, given that abiotic environmental factors are constantly in flux and could potentially
be the dominant force in structuring these ecosystems’ responses. Assessing these ecological
factors as well as the role of potential exogenous variables such as food intake will allow us to
gain a deeper insight into the determinants of sensitivity to external perturbations. To answer
these, we couple methods taken from the emerging field of empirical dynamic modelling along
with tools from causal inference to robustly identify perturbations and highlight sources of
variability in the responses of microbial communities.



Chapter 2

A primer on empirical dynamic model-
ing and causal inference

If you master mathematics sufficiently,
you will find that you can make extraor-
dinary predictions.

Noctae, Owlboy

2.1 Problems with parametric models

To understand and quantify the stability of microbial communities to environmental
perturbations, it is important to reconstruct the ecological parameters of the system. With
this, one may analyze how changes in the state and parameters of the system are associated
with perturbations. Typically, this can be done by assuming the dynamics of the system
follows a specified parametric model that approximates mechanistic processes in the system.
Then, given observed data, identify the parameter values that best describe the observed data.
Given the random noise present in natural systems, it is difficult to exactly determine the
true values- however, several techniques can be used that provide the best fit of parameters
that minimize error in reconstruction and prediction. This approach has been used with
several microbial community studies (Descheemaeker and De Buyl, 2020; Joseph et al., 2020;

17
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Gibson et al., 2021; Guk et al., 2022), with many using the generalized Lotka-Volterra (GLV)
framework; some also have used the consumer-resource model (Ho et al., 2022). These simple
models, grounded in ecological principles of interaction and growth, have been somewhat
effective in describing broad patterns of species organizations and abundances in the system.
However, given the complex and interrelated set of variables determining specific temporal
trajectories, the high diversity, and the range of highly nonlinear responses across a range of
scales, especially in the face of environmental perturbations, constructing low-dimensional
parametric models of dynamics for such complex systems can often generate large errors
(Wood and M.B. Thomas, 1999). One way to remedy this is to create extremely high-
dimensional models with many covariates and interactions, which may be able to capture the
full dynamics in a better way.

However, parameterizing such high-dimensional models accurately requires tremendous
amounts of data, which may not typically be available for real ecosystems, especially if these
parameters (such as growth rate or interaction strengths) constantly fluctuate over time,
affecting dynamics in a nonlinear manner (Nguyen et al., 2021a). These driving parameters
may also be interrelated in nonlinear fashions, further intensifying the complexity of the
dynamics and making Lotka-Volterra pairwise approaches often ineffective (Momeni et al.,
2017; Dedrick et al., 2023). The non-equilibrium nature of these systems also makes other
approaches based on finding equilibria and modeling dynamics as perturbations away from
that difficult, making efforts such as McBurney et al. (2019) to define a healthy microbiota
state infeasible, especially if environmental perturbations make the position and nature
of these equilibria constantly in flux. Even more complications emerge when considering
which underlying model structure to use- in the absence of any other information, situations
where the true functional form of the underlying dynamics is known are extremely rare, and
selecting a model structure or complexity in the face of many mechanistically justifiable forms
is difficult (Perretti et al., 2013).

Another major problem present in microbial systems in particular (depending on the model
functional form selected) is the important effects caused by the presence of higher-order
interactions (Ansari et al., 2019; Ludington, 2022; Morin et al., 2022), which adds another
large set of parameters to be identified to accurately model and predict the dynamics- for
a community of S species, there are S2 possible pairwise interactions and S3 third-order
interactions. Naturally, for a high value of S, this creates a dizzying amount of parameters
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to identify, which correspondingly requires often unrealistically long time-series. It is also
worth noting that especially when using parametric equilibrium models on short time-series
of nonlinear systems, the influence of drivers on the system can potentially be misidentified
due to transient correlations (or lack thereof) that emerge when nonlinear behavior is seen, an
effect termed as state dependency (Sugihara et al., 2012). For example, for the Lorenz system
of ordinary differential equations (Lorenz, 1963), a 3-dimensional coupled system of variables
X, Y and Z with a chaotic attractor (sometimes called the butterfly attractor on account of
its shape), variables X and Z are positively correlated when the system state is in the “right
lobe”, but this correlation inverts direction in the “left lobe” of the attractor. Given this,
linear correlative approaches often produce incorrect or inconsistent results, especially if the
system sampling is incomplete.

2.2 Introduction to Empirical Dynamic Modeling

In light of all of these challenges, using parametric models to analyze microbial community
dynamics presents a major problem. One approach that has emerged as a means of combating
these shortcomings is the idea of empirical dynamic modeling (EDM). This is a suite of
“equation-free” non-parametric approaches to reconstruct system dynamics, that makes
minimal structural assumptions about the system. Instead, it uses only the time series of
observed ecosystem states to infer and forecast the dynamics of the system (C.-W. Chang
et al., 2017). The term equation-free (or model-free) comes about due to the fact that
there is no underlying parametric model structure assumed for the system- instead, the
system is assumed to have some unknown underlying model guiding the dynamics, which
manifests as empirical observations of the time series. This lack of structural constraints
allows the bypassing of several of the defects with parametric models highlighted above. In
this subsection, I extensively trace out the intuition and model framework used in EDM,
building it up as a primer towards its utility in this study. Readers familiar with EDM
or uninterested in the model framework can skip directly to section (2.2.4) for the link
to structural stability and connection to the main question of factors affecting microbial
community sensitivity.

2.2.1 Takens’ Embedding Theorem

The development of EDM as a technique that could be used to model high-dimensional
nonlinear natural systems began with the development of the idea of state-space reconstruc-
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tion. This stems from the observation that the attractor manifold of the system, the shape
in state space traced out by the time-series of all state variables, was diffeomorphic (i.e.
topologically equivalent under smooth transformations) to a “delay manifold” (or “shadow
attractor”) constructed using time-lags of other measured variables as proxy state variables,
a result known as Takens’ Theorem (Takens, 1981). While the proof of the theorem requires
quite a bit of machinery from topology, I will justify the intuition and its relevance to modeling
ecological dynamics here, and highlight the original paper by Takens as well as Deyle and
Sugihara (2011) for proofs of a generalized set of theorems for state-space reconstruction
beginning with Takens’ Theorem.

Intuitively, when looking at a (deterministic) n-dimensional dynamical system where state
variables are coupled (say, abundances of interacting species), one may think about plotting
the state variables as axes on a coordinate system- thus, the time-evolution of the system may
be described by plotting vectors of the values of each of the state variables at different times
in this n-dimensional state space. This traces out the surface of the system’s attractor, which
can be described as a manifold (indicating that the system is locally Euclidean). It is also
worth noting that projections of this manifold onto one of the coordinate axes will generate
the corresponding time-series for that state variable (Packard et al., 1980). Now, because
the state variables are coupled, the values taken by one particular state variable at a given
timestep depend on the values of other state variables at prior timesteps. Therefore, the
values taken by a single state variable over time are also, in some sense, encoded in the values
of the other state variables. This observation forms the basis of Takens’ theorem. Since the
variables are coupled, this allows the information on the time-evolution of one state variable
to be represented as time-lags of other state variables. Takens’ Theorem shows that while the
manifolds (shadow attractors) that may be reconstructed by using time-lags of state variables
as coordinates in lieu of other state variables are not exactly the same geometrically, they
can be smoothly (and invertibly) transformed by some coordinate change into each other
(topologically equivalent). This means that local trajectories on the original manifold map
bijectively onto local trajectories in the shadow attractor: the only difference is that they
have been transformed by a smooth function.

As an example, consider an ecosystem where 3 bacterial species (say A, B, and C) are
interacting with each other in a fixed, isolated environment, and we have measurements
of only one bacterial species’ abundance over time (say, A). In this case, by lagging the
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time series of this one recorded bacterial species by a fixed sampling interval τ and using
E of its lagged values as coordinates (At, A(t−1)τ ...A(E−1)τ ), we may generate a new state
space, and trace out a new manifold. By selecting appropriate sampling intervals (in most
cases, anything positive suffices) and an appropriate number of time-lagged coordinates
E (defining the dimension of the new state space), Takens’ Theorem asserts that certain
essential mathematical properties of the ecosystem dynamics can be preserved in this new
manifold, accounting for the missing state variables. This includes the Lyapunov exponent,
indicating that the qualitative dynamical behavior of the system remains preserved. The
number of coordinates chosen, E, defines the “embedding dimension” of the shadow manifold.
The optimal embedding dimension for the lagged state space may not necessarily be equal
to the original number of state variables or the true dimension of the system- in fact, as I
will highlight further, there are ways to select optimal embedding dimensions (Sugihara and
May, 1990). While the original proof of Takens’ Theorem was only shown for the case of
time-invariant smooth manifolds (those that are locally similar to a vector space), further
work extended these ideas to be true for the more general setting of forced fractal and
stochastic attractors as well (Stark, 1999; Stark et al., 2003). Further generalizations have
established the machinery for Takens’ Theorem to be applicable when considering multiple
datasets and continuous values (Sauer et al., 1991; Deyle and Sugihara, 2011; Gutman, 2015),
making it viable to generate heterogeneous embeddings comprising multiple state variables
with different lags.

This is an exceptionally powerful result in terms of understanding the dynamics of high-
dimensional complex systems (even if the systems are dissipative), especially for those where
it is challenging to specify the underlying dynamical function of the system. In real systems,
it is often impossible to know the real dimensionality or the dynamical function of the system,
and all of its driving variables (for example, the gut microbiota could be driven by complex
interrelated variables pertaining to food intake and physiological conditions in addition to
endogenous ecological dynamics). However, by Takens’ Theorem, even from partial observa-
tions of at least a single state variable, it is possible to embed lagged coordinates of the state
and reconstruct a topologically equivalent attractor describing the system trajectory. This is
especially relevant in large ecological systems, where not only is the dimensionality high and
very hard to measure.

Crucially, the construction of this attractor manifold allows the assessment of the local



22 Assessing the sensitivity of microbial communities to external perturbations

trajectory at each time point of the system, allowing nonlinear nonequilibrium inference
and forecasting. The first nonlinear forecasting methodology developed for empirically re-
constructed state spaces is termed as “simplex projection” (Sugihara and May, 1990), and
exploits the idea that since most manifolds of ecological dynamics are smooth (or approx-
imable to smooth manifolds with a noise term, as per Munch et al., 2020), trajectories
that begin from nearby points on the attractor remain close together for a short period of
time. Therefore, simplex projection allows prediction of future values from the behavior of
similar values in the past. While I do not explicitly use simplex projection in the analyses
of microbial community dynamics to follow, building intuition for simplex projection allows
a more nuanced understanding of further results that use the S-map algorithm, a closely
related and more general method.

2.2.2 Simplex Projection

Simplex projection is a forecasting algorithm based on nearest-neighbours that entails
tracking the forward evolution of geometrically similar points in an embedded manifold
(paraphrased from Hsieh et al. (2005)). That is, past events that are similar to the current
state in the topology of the reconstructed manifold are used to forecast future states. Suppose
we have a point ~X(t), and aim to predict the state after some time T , that is, ~X(t + T ).
Then, we select the collection of n historical states nearest to ~X(t): let these be defined as
{ ~X(t1), ~X(t2), ~X(t3)... ~X(tn)}. Then, we may compute the states of this collection of points
T steps into the future as { ~X(t1 + T ), ~X(t2 + T ), ~X(t3 + T )... ~X(tn + T )}. Given these future
states of nearby points, we may now predict the future state of our focal point. The simplest
way to do this is to simply average over the future states- thus, ~X(t+ T )=

∑n
i=1

~X(ti + T ).
Another alternative and more effective technique is to take the weighted average of each of
these predictions based on the Euclidean distance of each of the neighbouring states to the
focal point, so that more similar states affect the prediction more. This distance is rescaled
into a distance kernel: one such popular kernel is exponential. If we have n nearest neighbours
(call them ~x1, ~x2...~xn), we can compute their distances (d1, d2...dn) to the focal point, and
then add a weight wi of the ith point as e−di/<d>, where <d> denotes the average distance
from the focal point to the neighbourhood points. Therefore, ~X(t+ T )=

∑n
i=1wi

~X(ti + T ).
We may think of this prediction as a locally weighted linear map for that focal point on the
attractor. Also, in principle, by repeating this over a wide range of initial states, we get
multiple estimates of the mapping from states ~X(t) to ~X(t+ T ) for different values of t. In-
terpolating among these, we may get an empirically derived discrete-time model for the system.
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One important facet to look into is the number of nearest neighbours to select. Typi-
cally, for a manifold embedded in dimension E, E + 1 nearest neighbours are chosen (as
this always defines a simplex polytope in E dimensions). Along these lines, another critical
requirement is the appropriate choice of embedding dimension- though the method is not
particularly sensitive to choosing a varying number of nearest neighbours, the distance
between points is impacted by the choice of embedding dimension. Additionally, the choice
of time-lag τ could also impact the reconstruction (though for discrete ecological time-series,
picking a time lag of 1 usually suffices, especially when sampling intervals tend to be coarse).
The idea here is that suitable τ and E values successfully “embed” the attractor, indicating
that its trajectories in the reconstructed state space do not cross. This crossing can happen if
the parameters are too small, and trajectories that are actually far away in higher-dimensional
space are compressed closer together in low-dimensional space, producing false neighbours
(Kennel et al., 1992; Abarbanel and Kennel, 1993). The optimal value of E can be selected
by performing simplex projection over a range of values of E on a measured time series, then
finding the optimal embedding dimension by comparing predictive skill (as a correlation ρ or
mean absolute error) on the data. Briefly, this can be done as follows- the time-series can be
split into a training and test set either by some fixed ratio or by leave-one-out cross-validation.
Then using the training data, reconstruct the attractor, then make out-of-sample predictions
on the unseen test data.

Simplex projection has been used as an extremely effective tool to forecast ecosystem
states. For example, one notable use has been to predict fish populations for ecosystem and
fisheries management applications (Ye et al., 2015). Another important application of simplex
projection is to distinguish chaotic time-series from stochastically-driven time series (Sugihara
and May, 1990). If a deterministic process produces chaotic behaviour, the deterministic
nature of the dynamics produces patterns of response that simplex projection can successfully
pick up on. This is not the case for systems driven solely by noise. The diagnostic test
for chaotic behaviour is that as one increases the duration in the future at which to make
predictions, the prediction skill should decline. This is not the case for stochastic systems,
where the random nature of the dynamics dictates that prediction accuracy is independent of
prediction interval. This ability to distinguish nonlinearity from linear stochastic systems is
useful in terms of modeling nonlinear behaviours, as well as the aim of building a mechanistic
model, which cannot be done if the system is linear and stochastic.
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2.2.3 The S-Map Algorithm

One of the shortcomings of the simplex projection method that the number of data
points that it utilizes is limited, potentially constraining the predictive ability of the system.
Moreover, if the noise in the system is autocorrelated, then the method of characterizing
nonlinear and stochastic systems fails. One simple way to extend simplex projection is to
remove the restriction of using only a small pool of nearest neighbours, and instead extend it
to include all points on the attractor, all weighted by their distance to the focal point. This is
the fundamental idea of the S-map algorithm (Sugihara, 1994): the S-map is a technique for
sequentially global locally weighted linear regression. This can be thought of as stepping up
the locally constant “zeroth-order” simplex projection algorithm into a first-order regression.
In effect, the S-map computes this weighted linear map at each timestep on the attractor
by weighting every other point on the attractor by its distance from the state at the given
timestep. The S-map has one critical additional component absent in simplex projection:
this is the addition of another parameter, θ, in the kernel along with the distance. The
exponential distance kernel for the S-map takes the form e−θdi/<d>. The exponential kernel is
typically the most appropriate, considering information on the state of the system does tend
to decay exponentially as one moves away from it in the case of Lyapunov instability (Cenci
et al., 2019). However, depending on the nature of the nonlinearity of the system, other ker-
nel types such as the Epanechnikov or tricubic kernel could also be usable (Hastie et al., 2001).

The θ parameter of the S-map is a metric for the nonlinearity of the system, encoding
the extent of state-dependency of the system. If θ were set to 0, all points in the attractor are
treated equally independent of distance- this can be shown to be mathematically equivalent
to a linear autoregressive model. However, if θ>0, then the points have different contribu-
tions to the model modulated by their distance and rescaled by θ. As θ increases, only the
nearest points have appreciable contributions to the forecast- thus, θ may be thought of as
a “locality” parameter of sorts. This feature allows a more robust testing of nonlinearity
versus stochastic behavior than simplex projection- by testing prediction skill for different
values of θ, the optimal value can be ascertained. If this optimal value is 0, then the system
is not distinguishable from a linear stochastic model (Deyle et al., 2013). This feature has
been used to validate the belief that ecological dynamics in nature are intrinsically nonlinear
(Hsieh et al., 2005; Glaser et al., 2014; Dakos et al., 2017; Clark and Luis, 2019).
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The S-map constitutes an incredibly powerful framework for prediction, producing more
accurate results than simplex projection in many cases. In fact, even when the correct
parametric model is known for an ecological system, given the difficulty in fitting parameter
values, the S-map algorithm can outperform the parametric approach (Perretti et al., 2013).
Along with this, it also carries a significant and potent implication for reconstructing system
state in addition to its utility as a prediction tool. Intutitively, the S-map algorithm fits a
hyperplane to the system state at each point on the attractor manifold, connecting the focal
point to its predicted future value. Formally, we may think of the S-map algorithm as solving
the following minimization problem on each point on the attractor:

ĉ = argmin
c∈Rd

1

n
(Y −Xc)TKθ(X,X∗)(Y −Xc)

Here, c denotes a row of coefficients of hyperplane slopes (which may be thought of as a
Jacobian, as we will see), X is the data matrix and Y is the variable to be predicted. The
Kθ(X,X∗) term is the distance kernel function ascribing weights, accounting for both the
distance of points from each other as well as the “locality parameter” of the S-map, θ. It
is important to recall that the distance here refers to positions in the state space and not
proximity in time. This can be explicitly solved as an ordinary least-squares problem as
ĉ = (XTKX)−1XTKY , where K is the weight matrix. Another way to think about the
S-map is as a problem of singular value decomposition (SVD), with the coefficients C being
the SVD solution to the linear model B = A · C. Here, B is the vector of weighted future
values, with Bk = wkxi(tk+1), and A being the weighted current values as an (n×E) matrix:
Akj = wkXj(tk). While this is a simple framework based on regression, the sequentially
localized fitting makes it highly tractable for these complex nonlinear systems. Other
more complex techniques based on different model fitting techniques have been developing
recently as well. Among these include generalized additive models (Benincà et al., 2015) and
Bayesian frameworks such as Gaussian Process Regression (Munch et al., 2017). Additionally,
older techniques used for nonlinear functional interpolation have been adapted to be more
broadly applicable to the EDM framework, such as neural network based methods (Nychka
et al., 1992) and polynomial response-surface models (Turchin and A.D. Taylor, 1992). The
choice of model fitting technique depends on several data-determined factors such as the
length, noise, and attractor shape. However, in ecological systems, the S-map has taken
precedence as the primary forecasting framework on account of its minimal number of free
parameters (only E and θ for a fixed sampling interval) and therefore higher transparency
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and interpretability. Additionally, one feature that has been recently added to the S-map
framework is regularization (Cenci et al., 2019) to increase the robustness of the S-map
regression to process noise (Kugiumtzis et al., 1998)- the regularization scheme selected
depends on the modeling objective, as well as the kernel used. With regularization, one may
try a grid of kernel and regularization functions and identify which model structure is the
most parsimonious while retaining a high level of predictive ability. The methodology of the
S-map is summarized in Figure 2.1.

Observed abundances 
of interacting taxa

Attractor 
Reconstruction in 

State Space

Reconstructed 
dynamical attractor

S-map: Perform local 
regression on 

attractor

Return Jacobian matrix as 
regression coefficients

Figure 2.1: The S-map algorithm. Given time-series of state variables (here, abundances),
we embed them as an attractor in state space. Then, by performing a locally weighted
sequential regression, we may find the local Jacobian at each time point as regression
coefficients.

From an ecological point of view, the S-map also has another major advantage in terms
of system state reconstruction. Specifically, for an accurately fit S-map, the hyperplane
coefficients denote the slope of one state variable with respect to another. This constitutes a
Jacobian matrix- in this setting of discrete-time manifold reconstruction, for state variables
{x1, x2 . . . xn}, the Jacobian is a square (n× n) matrix with elements defined as follows:

Jij =
∂xi(t+ 1)

∂xj(t)

In practice, since the regression is done for each timepoint, the S-map generates a different
Jacobian matrix for every point in the time series. Looking at the structure of a single
element of a particular Jacobian matrix, it specifies the rate of change in the future state
of the ith state variable given the current value of the jth state variable. Therefore, in an
intuitive sense, this encodes the (varying) effect of the state variable j on the time-evolution
of the state variable i over time. If we envision state variables as species abundances, this can
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therefore denote a metric of interaction strength between the two species, since it indicates
how much one species’ population density is affected by changes in the other’s density (Deyle
et al., 2016). The Jacobian matrix at a system’s equilibrium state has been used as an
interaction matrix for many ecological studies as a metric of direct effect, beginning with
Robert May’s work on random ecosystem models (May, 1972), and continued into larger
structured food webs at equilibrium (Bender et al., 1984; Yodzis, 1988; Schoener, 1993): the
S-map thus provides a convenient way to model the time-varying interaction matrix between
the constituent species along the attractor without necessitating the establishment of a single
equilibrium state.

Before proceeding, it is important to note several distinctions from typical Lotka-Volterra
community matrices that arise from using the Jacobian matrix in this setup-

• The Jacobian measures the direct effect of one species on the total population of another
species. This is in contrast to the Lotka-Volterra type of interaction matrix, which
denotes the average direct effect that a single individual of one species has on a single
individual of another species (Laska and Wootton, 1998). Thus, the Jacobian looks at
a population-level effect, versus the per capita effect of the Lotka-Volterra terms.

• The Jacobian matrix’s interaction strength terms have been shown to be aggregate effect
values of one species on another summing over all pathways, including higher-order
effects; that is, interactions where two or more species affect another together (Song and
Saavedra, 2021). However, the typical generalized Lotka-Volterra community matrix
includes only pairwise interactions (though there have been extensions to higher-order
settings, eg. Gibbs et al. (2022), these have separate pairwise and higher-order terms).

Another important distinction between classical equilibrium interaction models and the S-map
Jacobian reconstruction in particular is that the values estimated in equilibrium models are
constant over time, as the system is assumed to be fluctuating about an equilibrium state.
However, the stepwise nature of the Jacobian allows computing this as a sequentially moving
value over time- thus, interactions between species are not assumed to be static and can
move over time, as is seen in natural systems (Deyle et al., 2016; Ushio et al., 2018; O.R. Liu
and Gaines, 2022). Therefore, the Jacobian allows us to track species interactions as they
change over time, providing a more complete picture of non-equilibrium nonlinear ecosystem
dynamics.
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2.2.4 Structural Sensitivity and the S-map

The reconstruction of the Jacobian from the S-map also provides us with an approach for
assessing the system’s structural stability quantitatively. Recall from section 1.3.1 that we
define structural stability as the deviation in the system’s state upon a perturbation to the
topology of the underlying vector field. One illustrative conceptualization of this idea comes
from thinking about the divergence of flows on the vector field (Cenci and Saavedra, 2019).
At points where the local divergence of the vector field (that is, the volume density of the
outward flux from the point) is low, a structural perturbation to the topology of the vector
field will not have a major effect on the flow, as the extent of the flow “emanating” from that
point is low. Conversely, for points with high local divergences, a structural perturbation
here could strongly change the system state.

To draw a physical analogy, consider water flowing into a funnel, and water flowing out of
a hose’s nozzle. Since the funnel is a sink and draws in flows of water, it has a negative
divergence. If a small structural perturbation is made to the shape of the funnel, say, by
slightly reducing the diameter of the funnel, the flow is largely unaffected. However, if
one looks at the high-divergence case of the nozzle of a hose through which water flows,
a source, a small perturbation (such as perturbing the pipe radius, or the shape of the
nozzle a little bit) will lead to dramatic changes in the shape of the flow of water. No-
tably, for ecosystem dynamics, this variation in divergence happens all along the vector field
within the same system, and thus, depending on the instantaneous state of the system on the
vector field where the structural perturbation occurs, the effect on the system may be different.

For a vector field f , we may estimate the divergence ∇ · f as the sum of partial derivatives of
the vector field’s components in each of the state variables with respect to the state variables,
that is:

∇ · f =
∂fx1

∂x1

+
∂fx2

∂x2

+ · · ·+ ∂fxn

∂xn

In this setup, the unknown (local) vector field function f at a given time maps to the next
timepoint’s state value (specifically, in this discrete case, f(xi(t)) = xi(t + 1)). Therefore,
looking back at the form of the Jacobian elements above, we make the general observation
that the trace of the local Jacobian for a given vector field is equal to the divergence of
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the vector field at that timepoint. Given that the S-map algorithm allows us to compute a
local Jacobian at each timestep on the attractor, this fact allows us to compute the local
divergence at each time, and see how it varies. Considering the above idea that the local
vector field divergence acts as an indicator of structural stability, this is a potential way to
track the variation in structural stability of the system over time quantitatively.

Indeed, previous work (Cenci and Saavedra, 2019) has formalized this notion into a nonpara-
metric technique to estimate time-varying structural stability. Formally, the divergence of
the vector field may be thought of as the volume contraction rate (VCR) of the attractor-
a point with a high rate of increase in volume diverges more, and trajectories here tend to
spread out more. Since the divergence is specifically a property of the vector field and not the
trajectories on it, this represents structural sensitivity (as opposed to any other metric such
as dynamical stability). The VCR has been shown to accurately predict structural stability
to perturbations, with states with higher VCR (that is, higher divergence) tending to have a
greater extent of deviation from the system’s undisturbed trajectory if it were perturbed at
that time. Therefore, the trace of the Jacobian reconstructed at each timestep gives us a
quantitative measure of the extent of structural sensitivity of the system over time.

With this framework in place, I briefly make a detour from EDM methodology to jus-
tify why tracking the VCR could be effective as a metric of structural stability specifically
for microbial communities. I posit that changes in the VCR are indicative of dysbiosis-
drastic changes in the baseline relative abundances of microbial taxa, leading to physiological
impacts. This is because a change in the value of VCR indicates changing sensitivity to
structural perturbations, and therefore, greater/lesser capacity for fluctuations in abundances
inducing dysbiosis. A structural perturbation occurring in a state with high VCR is much
more likely to reorganize the microbiota into a different state, and therefore changes in the
VCR act as a proxy for the chances of dysbiosis over time, especially given that environmental
perturbations are constantly occurring. Also, since a structural perturbation deforms the
attractor, this also modifies the states achieved on it, which have different intrinsic VCR
values. Indeed, the VCR has been shown as a metric of predictability of future dynamical
trajectories (Cenci et al., 2020): states with higher VCR tend to be less predictable. High
VCR values thus indicate large degrees of fluctuation typical of host systems interacting
with perturbative agents and therefore reorganizing their dynamical trajectories, which
manifest as regions of lower predictability. A perturbation that reduces VCR also changes
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the composition of the ecological network and forces it into a less sensitive dysbiotic state,
which may persist and be difficult to recover from. Therefore, changes in the VCR clearly
indicate periods of shifting dynamical regimes within the system- in effect, the local structural
sensitivity tells us about the propensity for the current community compositional state (in
terms of relative abundances) to change if a structural perturbation were to occur at that point.

Given an appropriately long and well-sampled dataset of species abundances in the mi-
crobiota, one major aim of ours is hence to track the variation in the VCR over time, as a
proxy for structural sensitivity. However, it is not sufficient to simply track the structural
sensitivity over time- another important facet is to understand what factors determine its
variation over time. This variation in VCR, assuming it is not constant over time, could be
modulated by exogenous factors such as food consumption, endogenous ecological community
properties such as species abundances or interspecific interactions, or could be completely
stochastic. One necessary clarification here is the interpretation of “effect of changes in
species abundance on VCR”. This refers to the effect of the natural temporal changes in
species abundance as described by trajectories on the attractor, and not perturbations to the
state vector of species abundances at a particular time (which would be quantified instead
through dynamical stability). This effect would indicate to us how the total abundance of the
community as it fluctuates over time plays a role in determining the variation in VCR over
time. Similarly, varying interactions over time (say, from competitive to weakly interacting
to mutualistic regimes) as the state of the microbiota evolves along the attractor may have
a profound effect on structural sensitivity. Since abundance data is used to reconstruct
interactions via the Jacobian, which in turn gives us the VCR, these three variables are
intimately linked- however, this interrelation may be highly nonlinear and hard to tease out.

In particular, the role of ecological interactions in structuring the observed relative abundances
of microbial communities has been a question of long-standing interest. Many studies have
shown interspecific interactions as being necessary to generate the observed dynamics and
macroecological properties of microbial communities (De Muinck et al., 2017; Cosetta and
Wolfe, 2019; Grilli, 2020; Ratzke et al., 2020; Gibson et al., 2021; Ho et al., 2022; Camacho-
Mateu et al., 2024). Several of these studies have posited that microbial communities possess
largely weak and sparse interactions (as expected of a diverse ecosystem), though their
presence plays non-trivial roles in generating the final distributions. However, the overall
nature, type, and predicted effect of these interactions inferred through these experiments
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has often differed. While some studies (eg. Goldford et al., 2018; Kehe et al., 2021; Culp
and Goodman, 2023) have shown that positive interactions such as cross-feeding are common
among microbial communities, others have shown that competitive exclusion is highly likely
(Foster and Bell, 2012; Coyte et al., 2015; Palmer and Foster, 2022; C.-Y. Chang et al., 2023).
A third contrasting view on the role of interactions was shown in a recent study (George
and O’Dwyer, 2023), which considered no interactions between species whatsoever, and
instead used individual stochastic linear models of microbial growth. This model was able to
successfully reproduce several macroscale properties of ecological communities such as the
mean abundance distribution of species and the power-law relationship between abundance
and its variance commonly called Taylor’s Law (L.R. Taylor, 1961).

Though the presence of high numbers of cross-feeding interactions and competitive ex-
clusions are not necessarily mutually exclusive results (for example, a community could have
strong cross-feeding mutualisms between specific species and exclude a large pool of other
species), characterizing the relative predominance of these effects on determining the state
of the community over time could be illustrative. It is also worth noting that these studies
have all analyzed these communities using parametric approaches such as the MacArthur
Consumer-Resource Model (MacArthur, 1970) or the generalized Lotka-Volterra model,
which, as highlighted before, assumed fixed interaction strengths over time, and could lead
to unexpected errors in microbial communities. These also frequently do not account for
higher-order interactions, which have been shown to play significant roles in structuring
microbial communities (Sundarraman et al., 2020; Swain et al., 2022; Morin et al., 2022)-
though these, too, have been inferred to be sparse (Arya et al., 2023).

Though I do not directly assess large-scale macroecological trends such as mean abun-
dance distributions in these systems, quantifying the role of changes in ecological interactions
on structural sensitivity could provide several valuable insights. Recall that in effect, the
structural sensitivity tells us about the propensity for the current observed state of species’
abundances to change if a structural perturbation were to occur at that point. Given that
structural perturbations are constantly taking place in microbial systems (Nguyen et al.,
2021a), the effect of interactions on structural sensitivity effectively tells us the role of a
specific interaction structure in maintaining the observed abundance state, or potentially
catalyzing or impeding recovery from a disturbed state. Given these potentially interesting
community-level factors driving community-level sensitivity, I now introduce causal inference
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methods as a potent way to identify linkages between them.

2.3 A brief foray into nonparametric causal inference

As highlighted in the previous section, in order to identify factors determining the sensitiv-
ity of microbiota to environmental perturbations, it is important to accurately reconstruct the
variation in these properties over time and seek trends. For appropriately sampled abundance
data, ecological properties can be reconstructed in a non-parametric framework that accounts
for the high extent of nonlinear behavior using tools from empirical dynamic modelling like
the S-map algorithm. Similarly, one may source data on exogenous factors like food intake
and body mass from sampled metadata collected along with the experimental data. Given
these variables, the aim is to look for linkages between them, and identify drivers of sensitivity.
However, given the nonlinear nature of the dynamics in these systems, there may be potential
periods where the sign and/or strength of correlation fluctuates over time, a phenomenon
termed as “mirage correlation” (Sugihara et al., 2012). This can be especially prominent in
ecological time-series, where the full dynamics on the attractor can sometimes take a timescale
far beyond the sampling time to complete, leading to potentially spurious correlations if a
particular sector of the dynamics is unsampled. Moreover, given limited ecological sampling
data and a very large set of predictors, finding robust trends can be challenging. Another
problem that emerges from nonlinearity is the notion of cascading effects- if a single small
change occurs to a particular variable at a particular time, it may have cascading effects on
linked variables that propagates through the system and causes drastic changes. Correlative
approaches are hence ineffective to link system variables, and to truly estimate the effect of
changes in factors on microbiota sensitivity, a causal picture is needed. In nonlinear systems,
as relationships change in complex fashions over time, causation need not imply correlation.

Ideally, a dataset optimized for finding effects of system variables on a response variable
would have randomized controlled trials and test interventions; clearly, this kind of data is
often not realistically available in complex systems. This necessitates an approach grounded
in harnessing observational data to make predictions about how changes in one variable could
affect the response variable, the framework of causal inference.

Causal inference refers to the set of techniques used to identify the independent effect
of one variable on another. The basic guiding principle of causal inference is to assess the
response of a focal variable if one of the potential cause variable is changed, effectively
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simulating an intervention in the system. One classical approach to this is path analysis,
which identifies directions of dependencies among a large pool of variables to construct a
network of responses. This was further extended to the field of structural equation modeling,
which uses multivariate regression on a specified structure to identify causal linkages (Shipley,
2016). Both these methods are based on regressions, though, which, as previously high-
lighted, may not work for complex nonlinear systems. A more effective way is instead to use
non-parametric probabilistic methods based in Pearl’s structural causal models, sometimes
called do-calculus (Pearl, 2009). The idea of probabilistic structural causal models is to move
beyond focusing on the effects of an intervention and instead see how much a potential cause
cause can affect the probability of observing a particular value in the response variable.

Unlike the previous primer on empirical dynamic modeling, this section is much less exhaus-
tive, and seeks to solely motivate the use of causal inference in nonlinear nonparametric
systems, define relevant terminology, and introduce the requisite notions and tools that
will be applied to microbial community variables. Interested readers may read further in
several other extensive reviews of causal inference (such as Pearl (2009)), with others several
specifically focused on ecological systems (such as Saavedra et al., 2022).

On its own, observational data cannot establish causal mechanisms- it can only find as-
sociations between variables. This is formalized in an idea called Reichenbach’s Principle
(Reichenbach, 1956), which states that if two variables X and Y are statistically related, then
there must be a third variable Z that causally influences both. Thus, Z takes the role of a
confounding variable in this setup, and may be equal to X or Y itself, indicating that X

and Y have a direct causal link between each other. But without any knowledge of Z, or
when its effect cannot be blocked, in general, no further information can be determined about
X and Y . Another possible complication is when there are colliders: two variables may be
common causes of an effect, leading to some measures showing them as statistically related
when measuring the effect. In a multivariate system, this can be exacerbated by multiple
indirect and direct common causes and effects. To overcome this, a causal hypothesis that
proposes possible underlying structure of the system’s variables and their relationship must
be generated, which may then be tested.
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2.3.1 Probabilistic causal inference

(about a causal inference enthusiast) he
got that DAG in him

@ethanblinck, X (formerly Twitter)

The basic idea of probabilistic causal inference is to generate interventional distributions-
that is, to what extent can changes in a likely cause affect the probability of observing a given
state of the response variable? This notion will be formally defined as the average causal
effect or ACE (Pearl, 2009)- for now, one may informally think of it as if one were to perform
an intervention and fix a system variable at a particular value, what is the probability that
the response variable will produce a certain output? The ACE is computed for a particular
linkage in a given causal graph, which represents the hypotheses to be tested. This causal
graph typically takes the form of a directed acyclic graph (DAG). After statistical validation,
the ACE can then be thought of as the weight of each arrow in this digraph. Note that
the construction of this DAG does not assume a specific form of causal relation between
the variables, and only the presence or absence of one. Therefore, this can always be used
to describe a non-parametric system. One useful assumption to make, especially in noisy
systems, is the Markovian nature of the causal graph, implying that the variables in the graph
are affected by mutually independent random variables which are unknown and unrepresented.

First of all, a causal graph must be constructed, based on expert knowledge or causal
discovery methods. Causal discovery methods aim to seek hypothetical causal structures
from data. A commonly used algorithm for causal discovery is the IC algorithm (Inductive
Causation) (Verma and Pearl, 1990), which looks at statistical dependencies between pairs of
system variables in a range of possible conditions, then looks for likely causes among them
using causal inference criteria. A brief outline of the algorithm is as follows-

• The skeletal structure of the causal graph as undirected edges is inferred using pairwise
sequential tests of conditional independence based on conditioning on other system
variables.

• These discovered edges are identified but a direction has not been established. To
do this, colliders are identified: for each pair of separated variables X and Z with a
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common neighbor Y , test if conditioning on Y lead to non-independence of X and Z.

• Finally, establish a direction according to the colliders and other conventions. (a specific
convention is proposed in Verma and Pearl, 1990)

Then, ideally, if it is possible, a causal graph proposed as a hypothetical set of linkages must
be tested. This can be done by checking for conditional and unconditional dependencies
between variables that do not have a linkage between them (said to be d-separated). The
independence of the two unconnected variables shows that the causal graph is indeed correct.
If there is a linkage between two of the variables, this does not validate the graph as there
could be other variables playing a role in this dependence. The structure of the validated
causal graph can tell us about likely linked and independent variables- if the d-separations
do not hold true, that is, the unconnected variables cannot be shown to be independent,
then the causal graph must be redrawn and tested anew. If a likely link is identified by a
validated causal graph, then it may be tested further using specific existence-based criteria
to add more confidence to the causal effect- these levels of gradation of confidence are called
as potential and genuine causes, and are based on the statistical dependence of the variables
in different contexts, a set of variables assigned specific values.

Pearl’s do-calculus framework provides a rigorous methodology to move from the causal graph
and observational data to interventional distributions, by establishing rules for interventions
mapping to observations. These rules and their axiomatic formulations are explained in
detail in other sources (Pearl, 2009; Bareinboim and Pearl, 2012; Saavedra et al., 2022). I
will briefly highlight the intuition and their implications here. An intervention on variable
X(represented by a do-operator, producing do(x)) may be thought of as externally pinning a
X to a fixed value x: if an intervention is done, then the causal graph is modified by removing
all edges that point inward towards that variable X. This is because the values taken by
X are now determined by the experimental intervention and not other system variables.
Essentially, the interventional distribution can be thought of as the observational distribution
in the manipulated causal graph. The Markovian property also allows the treatment of
interventions as independent and local effects. Given this framework, do-calculus has 3 ‘rules’
that describe conditions under which interventional distributions can be found on a causal
graph by deleting/inserting interventions or observations, and exchanging observations and
interventions with each other. I state the mathematical formulation of these rules in the
appendix, but they are fundamentally based on conditional independence of variables in
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causal graphs modified by specific interventions.

Now, using this, it is possible to calculate the average causal effect (ACE) linking two
variables X and Y : this is formally defined as the expected increase in the value of Y per unit
increase in X. If X and Y are binary valued variables, then the ACE denotes the difference
between the probability of a particular outcome for Y if we intervene and set the state of X
to either 0 or 1. Thus, in general-

ACE(X,Y ) =
∂

∂x
E[Y |do(x)]

And for binary variables, we see-

ACE(X,Y ) = P (y = 1|do(x) = 1)− P (y = 1|do(x) = 0)

In effect, the ACE denotes the change in probability that Y happens if X changes, thereby
indicating the strength of ‘effect’ between the two causal variables. It is worth noting that
the ACE is calculated by considering all the direct and indirect paths through which X and
change Y , including paths through mediator variables. This often obscures direct effects: to
estimate these, the methodology needs to be modified to instead intervene on the mediators
along with X. This leads to the definition of natural direct and indirect effects: the natural
direct effect (NDE) between two variables X and Y is the effect of changes in the variable
X on the probability of values of Y while keeping all the mediator variable values’ fixed.
Similarly, the natural indirect effect (NIE) estimates the effect of the mediator variables
on the response variable Y while fixing the other variable X. Mathematically, for binary
variables, X and Y with a binary mediator Z as well, these may be expressed as follows-

NDE =
∑

a∈{0,1}

P (Z = a|X = 0)[P (Y = 1|X = 1, Z = a)− P (Y = 1|X = 0, Z = a)]

NIE =
∑

a∈{0,1}

P (Y = 1|Z = a,A = 0)[P (Z = a|X = 1)− P (Z = a|X = 0)]

Any continuous-valued dataset could be binarized according to a specific rule: one commonly
used one is to take above-median values as 1, and below-median values as 0 (Saavedra et al.,
2022). Though this coarse-grains the system’s time-evolution, it permits direct estimation of
causal effects in an interpretable manner. Moreover, this approach of binarization is frequently



A primer on empirical dynamic modeling and causal inference 37

used in the framework of symbolic dynamics to study nonlinear dynamical trajectories (Smale,
1967). In the next chapter, I describe the construction of a causal graph and binarization of
microbial community state variables to predict causal effects according to this framework.

Recently, other methods of nonparametric causal inference techniques for nonlinear sys-
tems have also been developed. One class of these approaches is in the domain of inverse
modeling (Ives et al., 2003; Almaraz and Oro, 2011). However, this requires a substantial
amount of data to be applicable. Another approach that could be potentially effective is a
nonlinear causation framework developed specifically in the context of empirical dynamic
modeling and reconstructed attractor manifolds, termed as convergent cross-mapping or CCM
(Sugihara et al., 2012). CCM is based on the concept of shadow manifold reconstruction
defined by Takens’ Theorem (see section 2.2.1). The basic idea is that because of transitivity
of bijective maps between manifolds, a shadow manifold constructed from lags of one variable
is also diffeomorphic to another shadow manifold of a different variable. From this equivalence,
causality is established between a pair of variables X and Y by trying to assess prediction
skill of current values of Y from time-lags of X (hence the name cross-mapping): if there is
indeed some ability to predict the future values of one variable from past values of the other,
then they are causally linked. Another additional criteria is the observation of convergence-
that is, as more observation vectors are included and the shadow attractors become more
dense, does performance tend to increase? While CCM could be potentially highly effective
for identifying the causal effect of independent environmental variables on system dynamics,
using it to infer linkages between specific ecosystem properties like species interactions could
produce potential deviations due to indirect effects of interaction between species, which, as
previously highlighted, are extremely common in microbial communities.

In spite of this, it is worth noting that several studies of ecosystem dynamics have used
CCM successfully to filter down a fully connected interaction network to only include causal
links between species’ time-evolving trajectories. Then, the S-map was used to calculate
only that subset of interaction strengths, along with additional CCMs to link computed
ecosystem metrics to external environmental variables. Even in microbial systems, CCM
could also potentially give similar or more fine-grained results to probabilistic causal infer-
ence and could thus be worth investigating as a parallel methodology to prune interaction
networks and link external variables to ecosystem dynamics. However, in the absence of
any prior information about microbial community response to perturbations and interac-
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tion strength, it is more reliable to avoid potentially confounding indirect pathways from CCM.

In light of these potential shortcomings of other methods, and the broad general appli-
cability and inference, I will be using the probabilistic causal inference method outlined above
to link different factors changing over time in the microbiota to the response variable of
structural sensitivity, represented as the VCR.



Chapter 3

Methods: Understanding Microbial Com-
munities

Distortions. Interference. Real data is
messy. It’s all very, very noisy out there.
Very hard to spot the tune. Like a pi-
ano in the next room, it’s playing your
song, but unfortunately it’s out of whack,
some of the strings are missing, and the
pianist is tone deaf and drunk- I mean,
the noise! Impossible!

Tom Stoppard, Arcadia

In this chapter, following on from the methodologies and model frameworks introduced
in the previous chapter, I highlight the application of these techniques to large microbial
communities (and associated challenges), and novel extensions I develop that facilitate
understanding the occurrence of structural perturbations in microbiota and factors governing
their response. All analyses are done in R, version 4.2.1 (R Core Team, 2022), using
additional packages of rEDM for EDM functions such as the S-map (Park et al., 2023),
deSolve for numerical integration of Lotka-Volterra dynamics (Soetaert et al., 2010), ggplot2
for visualization (Wickham, 2016) and zoo for time series manipulation and filtering (Zeileis

39
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and Grothendieck, 2005).

3.1 Generating Sample Communities

While the approaches highlighted above mitigate several of the problems associated with
the modeling of microbial communities, there are still certain associated challenges preventing
direct application to microbiota count data. While ultimately, my aim is to understand
the behavior of real microbial systems, it can be illustrative to generate a large number
and variety of sample communities and analyze them, both as a means of understanding
optimal approaches, as well as looking for trends between system variables that can then be
validated on real data. One shortcoming of simulated data is that generating biologically
realistic metadata on food intake and other health variables can be challenging (and therefore
causal discovery is limited)- however, it is still feasible to use simulated data to interrelate
fundamental ecological variables such as abundance and interactions with structural sensitivity.

Generating data that is reminiscent of natural nonlinear time-series can be extremely chal-
lenging. While one could potentially try EDM-based approaches such as constructing a
family of Jacobians whose coefficients vary stochastically over time, then starting with an
initial state and repeatedly regressing to generate sequential future states using successive
Jacobians, this makes later S-map based inference circular, as the Jacobian is already known
at each step. Thus, while developing methods with simulated data, it may be viable to
use a simplified parametric linear model with noise, given its ease to simulate reliably and
ability to generate a large set of underlying dynamics by modifying internal parameter values.
Similar to several other parametric model-based work on microbiota (Joseph et al., 2020;
Gibson et al., 2021), I use a stochastic generalized random Lotka-Volterra framework to
simulate communities. However, it is worth noting that in the subsequent analyses, I use
no properties of the parametric model itself in reconstructing the dynamics of the system.
Critically, using the Lotka-Volterra model allows us to make structural perturbations to the
system in the form of perturbing parameters such as growth rates and interaction strengths
known to be causally related to abundances. In principle, any other model could be used
equally successfully.

In order to make the generalized Lotka-Volterra model as similar to a microbiota as possible,
and assuming minimal structure of the specific parameters beyond distribution parameters, I
simulate large communities according to the following criteria:
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• Reminiscent of real microbial communities, there must be a high amount of richness (I
use 30 taxa).

• Growth rates are generally high, and sampled from a log-normal distribution (in
accordance with the idea that individual abundances across a community are log-
normal, as in Preston (1948)). This is making a large assumption that all species have
positive growth rates on account of no resource limitation in the microbiota- however,
this may not necessarily be true, and setting growth rates to negative is an alternative
formulation that could be worth testing.

• Interaction strengths between species are randomly sampled from a Gaussian distribu-
tion, similar to random ecosystem models (eg. May, 1972).

• However, microbial communities have been shown to have high sparsity (Gibson et al.,
2021; Camacho-Mateu et al., 2024). Therefore, a fraction of interspecific interactions
are randomly set to 0 by setting aij and aji both to zero. This sparsity may also
be emerging from the fact that when sampling dense interaction matrices for large
communities, this does not account for spatial structure as a result of which species may
not actually interact with each other. Microbial communities in the gut, for example,
have been shown to have extensive spatial separation along the lumen, with specific
taxa found only in one particular region and therefore not interacting with species local
to another region. (Zhang et al., 2014)

• Additionally, to ensure that species abundances do not blow up to unrealistically high
values during the simulation, a separate mean and variance are supplied as parameters
to generate the diagonal elements of the interaction matrix. The entire interaction
matrix is then divided by the square root of diversity to prevent large fluctuations when
community size is large (Bunin, 2017).

• An initial transient state of all species having an equal abundance is defined, from
which time-evolution towards the attractor rapidly occurs. The system is assumed to
possess at least one attractor.

• The system is numerically integrated and solved for the next state using the generalized
Lotka-Volterra function, filling in the parameters from the matrix and state abundances.

• At each timestep, (demographic) noise is added to each abundance Ni by randomly
generating a noise parameter sampled from a normal distribution with mean 0 and
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standard deviation ηNi, where η is a fixed constant. This encodes stochastic birth
and death processes. Any negative values created like this are set back to a small and
positive value.

• At the end of each timestep, I also add in dispersal processes similar to what might be
seen in the gut microbiota. First, I select a random number of species between 1 and
half the maximum diversity (15), and increment their abundances by values chosen
from a uniform distribution from 0 to some upper bound (typically 0.3). This represents
stochastic immigration of certain species based on food choices made by the individual,
which add abundances. Then, to represent the loss of bacteria from the microbiota by
cyclic processes like digestion, a fixed fraction of all species is stripped away- stool is
an excellent predictor of gut microbial composition, hence, an equal fraction should be
represented as well (Vandeputte et al., 2016).

• This process is continued stepwise for a set number of days. After this, a structural
perturbation is simulated by perturbing each growth rate and interaction strength
by adding a randomly sampled term from a standard normal distribution to them.
Another alternative is to perturb a single growth rate and single abundance value.

• The simulation is continued with this new set of parameters for a set number of days-
then, the parameters are set back to their original value, denoting recovery.

This generates a long time series with 3 regimes- the initial phase before the perturbation,
a perturbed phase where the parameters are changed, and a ‘recovery’ phase where the
parameters are set back to their original values. I generate multiple time series with multiple
different sets of parameters from this algorithmic framework. Notably, this setup allows us
to create communities with different intrinsic properties along various axes- for example,
slow-growing communities with high degrees of competition in a very sparse interaction matrix
subjected to small-size perturbations, versus fast-growing communities where all interactions
are weak, though non-zero, and the perturbation to parameters is large. This diversity allows
easy comparison of different quantitative and qualitative results to different regimes.

Since we now have the abundances sampled at continuous time-steps, the dataset is now
ready for the application of empirical dynamic modeling. The first step is to make sure
that each species sampled has “equal weight” when being compared in the reconstruction-
this is done by rescaling each time series of abundance so that they all have mean zero and
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variance one. This prevents unnecessary distortion of the state space. Now, in principle,
we can apply the S-map to the time series and reconstruct the Jacobians. However, there
is one significant limitation to doing this. Recall that the S-map is based on performing a
weighted regression, with the weights determined based on the distance of the focal point to
others. If the dimension of the state space is too high, Euclidean distances tend to blow up
to extremely large values, a phenomenon termed as the “curse of dimensionality” (Verleysen
and François, 2005). As a consequence of this, distances inferred are very high, reducing the
weight contribution of even nearby points significantly, and making them more similar to
faraway points in an exponential kernel. Clearly, this is not a feasible strategy, especially
since microbiota tend to contain a very high species richness, and therefore will exist in a
very high-dimensional state space if directly reconstructed.

In general, the application of EDM techniques to large ecosystems has been challenging.
While some techniques have been developed as potential workarounds (Ye and Sugihara, 2016;
C.-W. Chang et al., 2021), these often are sensitive to noise. To overcome this, I propose a
simple solution that allows forecasting. This approach involves randomly sampling a large
number of small sub-communities from the species pool, reconstructing interactions between
them, and then putting them together to analyze system-level responses. I pick the size of each
sub-community as 4 to capture sufficient complexity without becoming too large- however,
most subsequent results are robust to larger cluster size choices. The basic notion here is to
treat all other species as part of the external environment along with other drivers. Therefore,
fluctuations in other species also may constitute structural perturbations at the level of this
single sub-community; but note that these may not be true structural perturbations at the
whole community level, and thus should not be considered directly at face value as periods of
external change. This sub-sampling approach has been used effectively to study microbial
community assembly and transitions in large species pools as well (Long et al., 2024). Another
caveat of this approach is that given the fact that the composition of the environment and
the nature of its fluctuation varies in each sub-community (and thus potentially the nature of
interaction between two same species in different sub-communities), it would not necessarily
be accurate to use these values to fill in values of a larger interaction matrix. However,
if sufficiently large number of communities is sampled, this generates a dense distribution
of interaction coefficients at each time step for a pair of species, over a range of external
environmental conditions. Then, by picking a parameter for this distribution (such as the
mean or median), this could produce a coefficient that could be supplied into filling in a larger
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Jacobian. This could be an alternative approach to Jacobian reconstruction, though compu-
tationally heavy, and has been used in other studies of large microbial communities (eg. Deng
et al. (2021)). However, this approach of generating the entire Jacobian notably does not give
us insights into variation in response between different subcommunities, which, as I will show,
gives critical mechanistic insights into the drivers of response. Furthermore, at high levels
of diversity, microbial ecosystems display behaviour indistinguishable from random fluctu-
ation (Cui et al., 2021); therefore, specific responses may be visible only at smaller dimensions.

I note the synergy between this approach of sampling small communities with the tech-
nique of multiview embedding (Ye and Sugihara, 2016). However, since clinical interventions
in the microbiota are typically done at the level of introduction of a few specific species, we
believe that working at the level of single small communities and seeking specific response
types characteristic of a particular community structure could provide more targeted insights
in terms of recovery from dysbiotic dynamical states. Further, since the samples of bacterial
OTUs come from fecal samples, the communities that we may sample are largely ad-hoc and
may not actually spatially coexist in the alimentary canal (Zhang et al., 2014); therefore,
using multiview embedding to combinatorially generate and average out over the communities
may end up including unrealistic communities in the mean prediction; instead, by treating
each community individually, realistic communities that have strong interaction effects on
each other may be isolated.

To compute Jacobians of these sub-sampled communities using the S-map, a first step
is deciding the parameters to use. Since we fix a discrete sampling interval of 1 day to
achieve synergy with the form that real ecological data takes, we fix the time step as 1.
Then, the next parameter is to be determined is the embedding dimension. In order to
be able to consistently compare results across communities, I fix the embedding dimension
as 4 for all communities, that is, the state space is comprised of raw values of each of the
state variables, with no lagged terms. This standardizes the axes and ensures that any
two sub-communities’ state variables and dimension will be necessarily translatable with
each other. Finally, the last parameter to be determined is the locality parameter of the
S-map, θ. This is determined by taking a large range of possible values of θ (from 0 to
9) and comparing the root mean squared error in different cases by using the leave-one-
out cross-validation method. A different value of θ is selected for each community sampled,
as each community may have a different intrinsic amount of nonlinearity and state-dependence.
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With all this in place, from a large number of sampled sub-communities of 4 species each from
a pool of 30 species, using the S-map algorithm, the time-varying Jacobians are reconstructed.
From each of these communities, then, I extract the trace of each of these Jacobians, defining
a time-series of the volume contraction rate (VCR). Similarly, to quantify interaction strength
between taxa, I define the average interaction strength between taxa as the mean off-diagonal
Jacobian value. Though this tends to average out over quite a bit of variability, especially
considering that a case of symmetric opposing effects between two species (i.e. Jij = −Jji)

would be set to zero, it tells us quite a bit about responses at the whole-community level. An
increase in average interaction strength would thus indicate that the community as a whole is
moving towards more positive interactions, while a decline indicates more negative effects at
the whole-community level. Another option is to evaluate the absolute interaction strength
variation over time, which looks solely at the coefficient and not the sign, but this can be
hard to resolve into actual mechanistic changes to the community. Regardless, I propose
this as an alternative metric to also track interactions. Finally, another option is to look
into the numbers of different interactions, but this tends to be extremely coarse-grained as it
may not reflect the high degree of parametric variation, especially given 4 species encoding a
possibility of 6 interaction pairs (and hence capping the maximum possible number of a given
interaction type as 6). Thus, to quantify the effects of interaction on sensitivity, I assess how
changes in the mean off-diagonal interaction coefficients affect the trace of the Jacobian.

One clarification that could be useful at this juncture is a slightly more detailed expla-
nation of the interpretation of interaction strengths in a Jacobian setting. As highlighted in
Section 2.2.3, the Jacobian is a measure of the local aggregate effect of on the population
through all pathways (Song and Saavedra, 2021). In light of this, a (+/+) interaction, as seen
in the Jacobian, may not be indicative of a pairwise mutualistic effect between the species,
but could also potentially be the result of indirect pathways leading to positive net effects on
each other without direct interaction. For example, consider a scenario where bacterial taxon
A releases a metabolite which can be used by taxon B, but taxon B does not directly confer
any benefits to A. Thus, the pairwise interaction is commensal (+/0). However, the presence
of B may compete with another taxon C and stymie its growth. If C is a competitor or
predator of taxon A, then the presence of B aids the growth of A, leading to an indirect
benefit for A. Therefore, this would be encoded as a mutualism in the Jacobian, without
actually taking the form of a pairwise facilitative interaction. Note that while henceforth, I
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refer to (+/+) interaction terms in the Jacobian as mutualisms, it is important to remember
that this need not be a pairwise mutualism. In some sense, the Jacobian is therefore able
to give a more complete picture of the effect of one species on another, while sacrificing the
simple interpretability from pairwise interactions. Another benefit of using the Jacobian
interpretation of interaction strengths here is that we would expect some sort of relationship
between the trace and the interaction strengths a priori- since these encode all indirect
pathways as well, the trace elements include not only the self-limitation on the species but
also the effect of other species on the focal species through the pathway of its own effect
on other species. This also further justifies why correlation-based approaches may not be
particularly useful here, since the inter-specific interaction terms are also part of the trace.

Having generated these, I can summarize these as large time series of abundance of each
of the sampled communities, their mean (interspecific) interaction strength, and VCR. By
plotting each of these over time, I can look into how a community’s abundance, interaction
strength, and structural sensitivity varies over time, especially during the period of per-
turbation. However, each of these characterize responses for a single 4-species community:
by construction, the external environment and species composition of each of these differs,
and the effect of the perturbation differs for each of them (as a random pool of species is
randomly perturbed). Additionally, in real data, there may be some other selective external
perturbations that affect only some sub-communities and not others. Given this, how do we
know if the perturbation has affected the whole community?

The first thing to establish here is a metric of community change when a perturbation
emerges. As proposed earlier, the structural sensitivity, quantified as the volume contraction
rate (VCR) from the Jacobian, should be able to detect induced structural perturbations by
tracking the changing divergence of the vector field when a disturbance occurs, indicating
deformations in the attractor. However, depending on the species in the sub-community and
random nature of the perturbation, this VCR value should differ strongly across communities.
If this is indeed the case, how can we scale up and see whether the VCR significantly changes
at the whole community level during the perturbation period? One obvious solution is to
simply average the VCR values across each community to get an average structural sensitivity;
however, this does not work for the inferred VCRs. This is becase the S-map is fundamentally
a regression algorithm that does not return the true Jacobian, only one that is directly
proportional to the real one. Recall that in order to treat every variable as equally important
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and not deform the attractor on account of relative abundances, the S-map requires each
abundance time series to be normalized to a standard normal distribution. This results
in loss of true interaction strength values, providing instead relative values of slope. This
normalization factor is specific to each constituent taxon and appropriate rescalings combining
all terms cannot be determined easily and reliably. Therefore, summing up values of VCRs
across different communities is not viable, necessitating a different approach. Finally, given a
metric such as the VCR that could track structural changes integrated to the community
level, we may rephrase our main question into a more computationally tractable and more
high-resolution form- what factors determines the variation in response of each
sub-community to perturbation? That is, in the face of random external perturbations,
are there certain common characteristics that lead to certain sub-communities responding
with greater departure from their pre-perturbation states, indicating more severe dysbiosis?

3.2 Developing the Similarity Statistic

To quantify whether VCR changes (or lack thereof) occurring in particular sub-communities
are reflective of changes in structural sensitivity at the whole-community level, and to compare
responses across different communities, I develop a novel z-score based approach that is highly
extensible and general as an indicator of perturbation for a wide range of time series and
parameters. By scaling up to the whole community level, applying this to the VCR from
simulated data simultaneously acts as a test for the effectiveness of the VCR as a metric
in logging recorded structural perturbations. Given natural noise and nonlinearity in the
system, it is hard to characterize a specific value that is indicative of a pre-perturbation state.
Therefore, the basic idea is to ‘learn’ a baseline distribution of values that categorize the
pre-perturbation ‘healthy’ attractor, and sequentially compare future values of VCR against
this distribution. Then, to scale this up from a time series of sub-communities to the response
of the whole community, I track the fraction of sub-communities at a particular time point
that deviate by at least a certain amount from this distribution. I describe the method in
detail below-

1. Fix an initial window length B to define the baseline pre-perturbation period.

2. Fix a size rs for the rolling window. An ideal size would be one that generates at least
30 different windows on the baseline period (for example, if a baseline of 50 days is
chosen, then the maximum window size that would be appropriate is around 20 days).
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The reason for this is because 30 is generally regarded as an estimate for the Central
Limit Theorem to hold, indicating that the baseline distribution may be treated as
Gaussian (Ross, 2017)

3. Given a time-series of a specific time-varying parameter of a single sub-community
(say, the VCR of the community), roll a window of size rs over the baseline period,
and calculate the average value taken by the time series in each window. From this,
generate a vector of B − rs values, and compute the mean, µb and standard deviation
σb of this. These act as our baseline distribution parameters.

4. Then, roll the window of size rs over the remainder of the time series outside the
baseline period, computing the successive sequence of mean parameter values. At each
point, compute the z-score of the observed mean parameter value, µs, with respect to
the distribution of the baseline as (µs − µb)/σb.

5. If the z-score is greater than a cutoff value K, set its value to 1. If it is lesser than −K,
set it to -1. Else, set it to zero.

6. Repeat this classification for the entire time series to generate a sequence of 1, 0 and -1
over time specifying the z-score of the window compared to the baseline.

7. Repeat this process for all the subcommunities generated.

8. Finally, at each timestep, compute the fraction of sub-communities that have a value
of 0, and express this as a time series. I define this value, the fraction of communities
with a z-score within a specified cutoff, as the similarity statistic.

This process is summarized in Figure 3.1.



Methods: Understanding Microbial Communities 49

Time (days)

Vo
lu

m
e 

C
on

tr
ac

tio
n 

R
at

e 
(V

C
R

)

Baseline Period B

Window

Window

Generate distribution of 
mean VCR values over 

baseline B

VCR

Compute z-score of 
the mean VCR in the 
window compared to 
baseline distribution. 

Define cutoff K.

Greater 
than K: 

set score 
to 1

Lesser 
than (-K): 
set score 

to -1

Repeat for all 
communities. For this time 
window, what fraction have 

a score of 0? Repeat for 
all external time windows.

Days 52-56

Days 53-57 0.8243

In 
between: 
set score 

to 0

0.8482

Figure 3.1: The Similarity Statistic. Given a family of time series, we define a baseline
period, and generate a distribution of values by rolling a window over it. Then, we roll the
same window over the outside region, and compute z-scores. Rescaling z-scores according to
a cutoff, the final similarity statistic is what fraction of time series have a z-score within the
defined cutoff as a function of time.

The reason I use the fraction of z-scores as opposed to averaging raw z-scores is because
baseline distributions of low variability can produce very high z-scores, which can skew the
mean when comparing across communities. Another option would be to use the rank of the
window’s value compared to the baseline values, but this can be very coarse. Intuitively, the
similarity statistic measures the likelihood across all communities that a particular day’s
observations could have come from the baseline ‘healthy’ distribution. If a large fraction of
communities deviate significantly from the baseline distribution’s bounds on a particular
window (generating a low number of 0 scores), it is likely that this is a period of perturbation
affecting the system at the whole-community level. Another way to conceptualize this is that
the baseline state consists of a section of trajectories on an attractor. The z-score indicates
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the possibility that a future value could have come from that same shape of attractor, or
whether a perturbation is likely to have deformed the attractor. By assigning a score of 0,
this is a means of indicating that it there is statistical support for the fact that the observed
value is from the same attractor, and thus the system has remained unperturbed. Finally,
the fraction of zeroes takes it to a sort of mean-field response by encoding what percentage
of communities are not significantly perturbed. This technique is somewhat similar to the
EDM-based approach proposed by Säterberg and McCann (2021), which uses prediction
accuracy of one regions’ reconstructed attractors on another as a metric to predict regime
shifts; however, while that compares between two segments of the time-series, this method
provides a continuous measurement of similarity over all windows. I propose this as a highly
generalized and robust method to detect periods of differing dynamics from a chosen baseline.

While this is a complex and computationally intensive metric to apply, it has many significant
advantages. One major advantage is its generality- since it assumes no specific parameter
and requires only a family of time series, it can be applied anywhere to identify perturbations
in that parameter. The reason that the VCR is of specific interest to us is because changes in
the VCR are indicative of structural sensitivity and associated environmental perturbations.
However, the same method can be used to track whole-community changes in abundance and
interaction strength as well from smaller sampled subcommunities. Similarly, for a different
ecosystem response variable such as, say, lake turbidity or biomass, this method can be easily
and directly applied. Another major implication is that it allows us to test the exact effective
duration of perturbation and recovery periods on the system: given a recorded perturbation,
does the whole system attractor on average return instantaneously to its original state after
the perturbation, or does it persist in a new and deformed state throughout the perturbation?
Further, after the departure of the perturbation and (potential) restoration of the original
parameters, does the system take longer time to recover, as a sort of hysteretic response?
Note that this may be the case for specific sub-communities, but this may not be true at the
whole system level. The similarity statistic of the VCR tells us about the effective duration
of the structural change on the system’s sensitivity.

Taking this further, since the system picks up statistical changes in state without specifying
any properties of the perturbation itself, it could be used to identify structural perturbations
in different time series, as a sort of early-warning signal indicated by initial depletion in the
similarity statistic value. However, on its own, these may not be direct identifications of
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structural perturbations, but rather represent dynamical perturbations (where one or more of
the bacterial abundances undergoes a large change). These could also change the VCR (as it
is ultimately computed as a nonlinear function of the abundance). Moreover, the dynamical
stability may also be calculated from the Jacobian as its maximum eigenvalue (Ushio et al.,
2018). Because of this, and the trace being the sum of all eigenvalues, the two measures
are well-correlated. The two measures are intimately interlinked (Arnoldi and Haegeman,
2016; Medeiros et al., 2021)- regardless, this provides a pool of potential perturbations to be
further probed for causative agents or major compositional changes using other methods.

3.3 Causal Inference on Sub-Sampled Communities

To test the effect of abundance and interaction changes on the variation of the VCR in
these sampled communities, I follow the causal inference methodology introduced in Section
(2.3.1). Unfortunately, since there is no metadata in these simulated communities, I do not
use causal discovery, and instead hypothesize a causal graph based on the 3 main ecosystem
variables of interest- the abundance, the mean interaction strength, and the VCR. Specifically,
abundance and mean interaction strength are both posited to have a causal effect on the
structural sensitivity. In addition, I hypothesize the presence of a causal effect of abundance
on interaction strength, something typically not accounted for in ecological models, but could
have potential effects. For example, in fish, predator switching behaviour has been observed
where the existence of predation depends on the abundance of one prey compared to others
(Murdoch et al., 1975). Therefore, as abundance varies, the interaction coefficients may vary
as well. However, we do not quantify this effect explicitly, and instead concentrate on the
effects on the VCR. Unfortunately, in this causal graph structure, there are no d-separations,
as all variables are linked by at least one edge. This prevents statistical validation of the
structure. This structure is shown in Figure 3.2.
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Figure 3.2: Structure of causal graph. The mean interaction strength acts as a mediator
variable. To compute the effect of these terms on the structural sensitivity, we compute the
natural direct and indirect effects, which compute the probability of an observed change in
the sensitivity when one variable changes, holding the other one fixed.

Here, given the structure of the causal graph, the interaction strength acts as a mediator-
thus, to compute the causal effect, I use the Natural Direct and Natural Indirect Effect
values respectively defined in the earlier section to compute the effect of abundance change
and interaction change on the VCR. To do this, I first detrend each time series by taking
successive differences. This mitigates the effect of specific higher/lower values when binariz-
ing, ensuring that the factors considered are not the raw values (which may carry historical
contigency from the past) but only the fluctuations. Then, binarize each time series for each
subcommunity about their medians. Then compute these effects- in effect, this tells us if
there is an above-median or below-median fluctuation in abundance/interaction strength
while holding the other value fixed, what is the probability that the VCR will show an
above-median fluctuation in value? This produces an NDE and NIE for each sub-community.
To analyze these further, I assign these sub-communities into profiles. If both the natural
(direct/indirect) effect of abundance and interaction strength on VCR is seen to be positive
for a sub-community, then I assign it to the profile (+/+), or PP (for plus/plus). Similarly, I
define communities in the profiles PM, MP, and MM. With this, one immediate question
that follows is the relative frequency of these different profiles.
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These causal profiles therefore represent cases where the ecological community properties
have different roles in structuring the system’s sensitivity over time. To take this further, I
investigate whether these causal profiles could potentially determine the variation in response
to the perturbation among different sub-communities. To do this, I collect the VCRs of the
sub-communities associated with each profile as four families of time-series, and apply the
similarity statistic onto each of them. Then, I compare the similarity statistics of each of
these profiles over time to each other to look for differences in response. This constitutes a
complete work flow on the simulated data, starting from generating the data, looking for the
existence of perturbations, classifying variation in sampled sub-communities into profiles, and
finally comparing these profiles’ response against each other. Given this pipeline, I analyze
simulated community data for a wide range of parameters, and compare the responses and
results. However, parallel to this, these methods need to be tested if they are applicable and
successful on real-world microbial data. This approach is summarized in Figure 3.3.

3.4 Parameters for the Pipeline

Note that in the aforementioned methodology, the parameters of the generalized Lotka-
Volterra are only used as a guideline to generate the dataset, and none of the properties are
used in evaluating the results, which are all done using non-parametric methods assuming
no underlying systemic structure. Regardless, the underlying parameters supplied produce
qualitatively different datasets, which need to then be carefully analyzed for differences in
behavior. In particular, the main determining parameters for Lotka-Volterra dynamics are
the growth rate (r) and the interaction matrix (A). In addition, other parameters of this
specific procedure can also be modulated, such as the amount of noise, strength and duration
of perturbation, extent of sparsity, and rates of immigration and emigration. Also, given
the stochasticity inherent in the system in terms of interaction structure and the random
nature of perturbation, it is theoretically possible to have different outcomes and states while
specifying the same set of underlying parameters.

Therefore, for each set of parameters that determine the structure of the model, I sim-
ulate 10 different communities and look for differences in results. If for a particular set of
values, a complete time series featuring an initial phase, a perturbed period, and a subsequent
return to the initial phase is not generated after 100 iterations, an error is raised and that
set of parameter values is excised from the analysis. Because of the high complexity of the
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Figure 3.3: Complete workflow. Beginning with raw abundance data, I reconstruct
trajectories for subsampled communities, compute ecosystem parameters, and then apply the
similarity statistic and causal profiling.

model, I fix several of the parameters during the simulations. The initial phase is set to 100
days, and a perturbed period of 50 days. To achieve synergy with real data which is sampled
on a daily basis, the value of the time step is also set to 1: thus, a complete time series
contains 251 days of data. The species pool size is set to 30 with all species starting with
an equal abundance of 0.5. The standard deviation of growth rates is set to 2 (i.e. growth
rates are sampled from a log-normal distribution with standard deviation log(2)), and the
mean self-limitation (diagonal) is set to -4 with a standard deviation of 1. The off-diagonal
elements of the interaction matrix are set to have a standard deviation of 1 as well. The noise
fraction is set to a constant value of 0.2, and the standard deviation for the perturbation
distribution is set to 0.3 (the mean being zero). Finally, the maximum immigration is set to
0.3, the sparsity fraction is set to 0.2 (indicating that 20% of pairs in the interaction matrix
are randomly set to 0), and the emigration rate is set to 0.75 (indicating one quarter of the
population is flushed out at each time point). Given this, in effect, the only parameters that
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are left free are µr, the mean growth rate whose log specifies the mean of the log-normal
growth rate distribution, and µA, the mean of the interaction matrix which specifies the
center of the Gaussian distribution of interaction strengths. A grid of these values is thus
iterated over, and the time series is attempted to be generated in each case. The grid of
values of µr and µA used is provided below in Table 3.1-

Community µr µA

1 3 -4

2 3 -2

3 3 0

4 8 -4

5 8 2

6 8 0

7 13 -4

8 13 -2

9 13 0

Table 3.1: Values used for the stochastic GLV simulation. Each row represents a
mean for the distributions of growth rate (µr) and interaction strength (µA).

Note that this includes no cases where the mean interaction strength is positive- this is
because the system is unstable in these settings and no community can be formed (see
Section 4.1). If a full community is successfully generated with 30 species, I then sample
100 sub-communities of 4 species each, and apply the analysis onto them. Therefore, ideally,
given the 9 different sets of parameters, and 10 communities each per parameter set, this
produces a total of 90 different time series, each of which is split into 100 sub-communities
of size 4. The reason for choosing 100 is mostly due to computational limitations- for some
situations where we deal with a single sample community (for example, in real data), 1000
sub-communities are sampled.
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3.5 Sourcing Microbial Data

To understand the effect of external structural perturbations on the composition of real
microbiota, a first step is naturally to synthesize sources of data on the time-evolution of dif-
ferent bacterial populations in the human microbiota. The reason I restrict to human datasets
is that the experimental period of perturbation is more clearly demarcated as the region
where physiological effects are seen (as in disease), and diets and exposure to environmental
condition changes tend to be more naturally varying and diverse (as opposed to controlled lab
environments and diets). Regardless, there are usable mice-based datasets (Turnbaugh et al.,
2009; Gibson et al., 2021) which may potentially be viable. Given the aforementioned pipeline
used on simulated data above, I now apply it to real data to understand factors driving
variation in response and structural sensitivity of these systems. There are an extensive
number of experimental studies that have looked into changes in the human microbiota using
metagenomics under a variety of conditions, including dietary changes (David et al., 2014b),
onset of disease (Valdes et al., 2018; Hou et al., 2022), aging (Nagpal et al., 2018; Ghosh et al.,
2022), use of antibiotics (Dethlefsen et al., 2008), and international travel (Boolchandani
et al., 2022; Worby et al., 2023). In light of this, identifying the criteria that defines an
appropriate dataset for applying these analyses is crucial.

To begin with, one critical factor is the presence of a major external perturbation dur-
ing the period sampled. This allows testing whether the VCR is able to identify structural
changes in real data, and thereby allowing comparison of responses of different subcommu-
nities to this perturbation. Given the multiple range of physiological and external factors
that could modulate the dynamics of the gut microbiota, a wide range of possible events
could lead to major structural perturbations and associated reorganizations of gut microbiota.
While external environmental perturbations are constantly taking place, many of them on a
day-to-day basis may not be significant enough to cause appreciable changes to the microbiota
that can be picked up, especially given the intrinsically noisy nature of dynamics in the
system. While the similarity statistic could potentially be used to identify periods where
the system sensitivity changes as hallmarks of perturbation in unannotated datasets, these
changes could also come about as a result of dynamical perturbations or measurement errors,
and are difficult to validate. Therefore, while these methods developed above are general
enough and could certainly be applied onto unannotated data, the results may not necessarily
be indicative of responses to external perturbations specifically.
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Another necessary condition for an appropriate microbiota dataset is sufficient length- since
the EDM framework is built around using data to reconstruct a non-linear attractor, it re-
quires a sufficiently long sampling timeframe to capture the full range of states and dynamics.
Else, the inferred ecosystem properties may be inaccurate, especially since the S-map takes
into account neighboring points to make predictions. For bacterial communities, due to fast
generation time, this time period may be on the order of a few days to weeks. Similarly,
another requisite condition is the sampling timestep- given the pace of bacterial community
growth and change, daily samples would be ideal. However, weekly samples could also be
potentially useful if the time-series is long enough to capture a wide range of states. For
EDM in particular, a critical factor is that the sampling interval size is consistent over time.
Though methods to overcome this have been developed into a framework called VS-EDM
(Johnson and Munch, 2022), these can often be sensitive to noise. Finally, since the aim is
to make ecological inferences, the dataset also needs to track the relative abundances of all
microbial community members over time, as opposed to some particular focal species.

With these conditions, the pool of possible studies decreases drastically. Several stud-
ies that have explicitly measured external perturbations (eg. Faith et al., 2013; D’Souza
et al., 2019; Levy et al., 2020; Worby et al., 2023) are too sparsely sampled for EDM-based
inference. Others dealing with medical interventions to the microbiota (Dethlefsen et al., 2008;
Fukuyama et al., 2017) do daily sampling for a period before and after the perturbation, but
this is for a very limited timeframe. Here also, EDM may not be effective. One extensively
sampled dataset (Caporaso et al., 2011) looked into microbial community composition in
different organs over many months in different subjects- while this satisfies all the conditions
needed in terms of data requirements, there are no logged perturbations, making it impossible
to validate structural stability. Another long-term study (David et al., 2014a), however, does
record major life events occurring during a year of daily sampling, and therefore fulfils all
the requirements for being applicable to our question and methodologies. Unfortunately,
this is the only such study found. Though we could potentially use the others, they all bear
several caveats and disadvantages. Therefore, while some further analysis is done specifi-
cally on these other datasets, I focus on this study as the main test of our methods on real data.

David et al. study the microbiota of two subjects (A & B) as part of a comprehensive
longitudinal measurement over the course of a year. As part of this, they track microbial
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relative abundance data in both subjects’ gut microbiota and Subject A’s saliva. This data
on time-varying abundances comes from 16s rRNA sequencing of fecal and salivary samples
to identify specific bacterial operational taxonomic units (OTUs), and was used to track
changes in community composition over time. Notably, both subjects had major life events
taking place during the period of the experiment- Subject A travelled abroad for a period of
50 days, during which there were significant dietary changes, as well as periods of illness. For
Subject B, there was a period of enteric infection late into the experiment. The sequencing
of fecal and salivary samples during these periods revealed significant compositional changes
occurring as a result of these life events. Along with this, they recorded 339 health-related
metadata variables during the course of the experiment- this includes dietary composition
and nutrition, fitness level, mood, and presence of illnesses.

The original datasets have records of count data for 5431 different OTUs (operational
taxonomic unit), measured over an experimental window of 389 days for all three microbiota
(two gut and one salivary). An OTU here refers to a delineation of distinct bacteria, which
may be identified at varying levels of taxonomic resolution. For example, the species may be
known for a particular OTU, but only the order for another. Regardless, based on the 16s
rRNA sequences, they have been separated into two different clusters. This clustering is done
algorithmically on the basis of grouping gene sequences with high similarity together. An
immediate problem that arises is with the dataset is that not every day has recorded data,
and there are many missing data points interspersed with measurements. While interpolation
schemes permit filling in missing data points, these could often produce unrealistic results
when there are long periods of missing data. The first step is thus to remove long strings of
missing data from either end. For Subject A’s gut microbiota, the last 29 days all have no
recorded counts, so these can be removed, leaving 360 days of data. For Subject A’s salivary
microbiota, the last 29 days as well as the first 26 days have no data, leaving 334 days of
records. Finally, for Subject B’s gut microbiota, the last 80 days have no data recorded,
leaving 319 days of data. However, if these long stretches of missing data appear in between
existing data as opposed to at the beginning or end, it would not be accurate to excise these
points and merge the existing data on either end, as the temporal structure of the system is
lost, and non-contiguous states are put together. This necessitates some subjective choices to
filter down the data further. In particular, in the last 100 days (218-318) of Subject B’s gut
microbiota records, only 8 days have recorded counts. This extensively sparse data makes
EDM-based reconstruction difficult. Therefore, I subset Subject B’s gut data to the first 218
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days of the experiment. Such large regions of sparse data are comparatively absent in the
records of both of A’s microbiota; I retain all 360 days in A’s gut data and 334 in A’s saliva,
though it is worth noting that these also contain gaps of up to 13 days (specifically, data is
absent from days 259 to 271 for Subject A). A variety of interpolation schemes could be used
to fill in these gaps. Given the requirement for abundance data to remain positive, spline
interpolation is often inappropriate as it creates negative values. Other viable techniques
could include simple linear interpolation or potentially simplex projection for forecasting
missing values based on similar states in the past and future of the time series. For now,
because of its simplicity, I proceed with linear interpolation; however, in the appendix, I show
the same analysis with simplex projection used to fill in missing values (see Appendix A.1).

Now that missing days in the data have been filled in, I now proceed to further processing to
the dataset to prepare it for the application of EDM. First, I group all the OTUs at the family
level. Several recent studies of microbial communities (Goldford et al., 2018; Tian et al.,
2020; Ho et al., 2022) have shown that coarse-graining taxonomy at the family level preserves
metabolic relationships and structures, producing similar dynamics to lower taxonomic levels
without loss of fine structure. I also replicate the following results at the genus and order
level (Appendix A.2). Having done this, I now convert all species counts for a particular
day to the relative abundance fraction by dividing by the total count for that day. This is
because in bacterial count data, the numbers reported are counts among the bacteria that
were counted in that particular sample (as opposed to the absolute abundance). Casting this
into relative abundance fractions thus normalizes the counts across different days where the
amount of sample counting differs. Subsequent to this, unannotated families, which may be
combining the counts from several different orders, are excised. This produces time series
of the relative abundances of 151 different bacterial families in all 3 microbiota. However,
many of these families have extremely sparse time series, with a recorded abundance of 0 on
most days. Though these could potentially be interesting, the high number of zeroes makes
them unsuitable for the application of EDM. Therefore, I choose to include a family if and
only if it has no more than 13 zeroes in a row during the period of measurement. Thus,
families that have zero abundance for a period of 2 weeks or more are excised. This leaves
us with a much smaller taxon pool. This is also replicated with smaller and longer cutoff
lengths to show robustness (Appendix A.3). Then, each family’s time series are normalized
to have mean 0 and variance 1, as is the prerequisite for EDM, and 1000 communities of 4
taxa each are sampled from the larger taxon pool (cases for larger subcommunity species
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richnesses are shown in Appendix A.4). Similar to the previous simulated dataset, the S-map
is applied to each community by selecting an optimal θ by leave-one-out cross-validation,
then constructing a sequence of (4× 4) Jacobian matrices. Subsequent to this, the similarity
statistic is calculated for the set of VCRs, as well as for the set of sub-community abundances
and mean interaction strengths. Then, before causal inference is applied to these communities
to assign profiles to them based on the sign, I bring in the metadata to apply causal discovery.

3.6 Metadata Processing and Causal Discovery

During the course of the experiment, David et al. collect extensive metadata on the
lifestyle of subjects A and B. This comprises 339 different metrics measured for a total
of 387 days, ranging from sleep tracking data, presence of common ailments like a cold or
bloating, amount of exercise done, stool properties such as frequency and hardness, mood
in the morning and night, oral hygiene activities, amount of macronutrients consumed, and
quantity of different types of foods consumed on each day. In addition to days where no data
at all was recorded, there are also some days when a particular parameter was unrecorded
(for example, on a particular day, sleep quality may not have been logged, but others were).
Before causal discovery approaches can be used, these missing values need to be filled in.
First, similar to the previous case, I remove unrecorded days from the beginning and end.
This leaves 360 days for Subject A’s metadata, the same as the abundance data in the gut
(and longer than the 334 days for A’s saliva), but only 176 for Subject B’s metadata, shorter
than the 218 days seen for abundance. Where some specific data is missing at the beginning
or end, interpolation cannot be done directly as there is no start/end point- for these, the
nearest recorded data point is filled in as the rest of the values. Since this is only a few days
on either end, the impact on the data is minimal. The remaining missing data points are
filled in by linear interpolation, similar to what was done for the abundance data. However,
for some metadata variables, linear interpolation needs further correction. This is because
many variables (such as Boolean variables like presence of illness, or the quantity of food
eaten) need to be either constrained in {0, 1} or integers. Thus, for these particular variables
(recorded as instance, boolean, integers, food, or diet in the metadata), I round down. Since
the metadata for Subject A encompasses both the saliva and gut data, there are only 2
metadata datasets. However, Subject B’s metadata contains some further problems- there
are 8 variables for which no data is recorded, and 4 for which only 4 days of data is recorded.
These variables are all excised from the analysis. This produces time series of all metadata
variables for most of the duration of the experiment.
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For performing causal discovery, the Inductive Causation (IC) algorithm described ear-
lier (Verma and Pearl, 1990) is used. This entails checking for statistical independence using
the G2-test of independence, a variant of the χ2-test, using the pcalg package in R (Markus
Kalisch et al., 2012). Then, the process for applying the IC algorithm is modified from
a recent study (Tabi et al., 2023), fixing a significance level of 0.06 for the G2-test. One
shortcoming of the IC algorithm is that it cannot reliably infer causal links if the number
of terms supplied to it at once is too high. Given the extremely high number of metadata
variables here, this necessitates a piecewise approach of taking 3 or 4 metadata variables and
the 3 ecosystem variables at a time, then finding causal links (3 in the case of Subject B’s
gut, because of the lesser amount of time-series data). This is further complicated by the fact
that since each sub-community’s composition differs, there may be causal effects of a certain
metadata variable on one community’s ecological parameters but not another. The way to
overcome this is to analyze each community separately, then infer if a particular causal link
affects the whole community by looking at the frequency of significant relationships across
all communities. This allows us to look for novel linkages with high levels of effect on the
system.

From this, I construct and validate causal graphs, then proceed to compute the NDE
and NIE of the abundance and mean interaction strength on VCR, correcting the formulas
to account for potential additional causal links picked up by the IC algorithm. Note that
the G2-test shows that not every one of these links is statistically significant- however, I still
retain these in the profile to maximize data availability, noting that making this correction
later could strengthen results. Similar to before, I prepare frequency counts for each of these
causal profiles, and also compute similarity statistics for each profile. This constitutes the
complete pipeline for the real data as well.

Finally, while they carry several limitations, I replicate these analyses on similarly filtered
datasets from two other studies- one very short dataset of the effect of antibiotics on the gut
(Dethlefsen et al., 2008), which contains abundance data of gut microbiota for three subjects
undergoing two independent sessions of antibiotic therapy 8 months apart. No metadata
apart from the days of antibiotic treatment are recorded here. Another study (Caporaso
et al., 2011) contains extensively sampled daily count data for 2 subjects from skin microbiota
on 2 different sites, salivary microbiota, and gut microbiota, but does not log metadata or life
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events during this period, making results impossible to validate. These analyses are regarded
as secondary and only one or two select results from them are seen in the main text as an
auxiliary support to the main dataset from David et al.



Chapter 4

Results and findings

There have been never been individuals.
We are all lichens.

Entangled Life, Merlin Sheldrake

Given the various different analyses done here, the results are presented in a modular
fashion, sequentially testing each of the methods on the synthetic and then the real data.

4.1 Synthetic Data: Generating Time Series and Jaco-
bians

First, based on the range of parameter values supplied, in what cases can the community
successfully generate a complete time series, featuring a pre-perturbation region, a perturbed
period, and a post-perturbed recovery phase? Recall that several of the parameters of the
simulation were fixed, and the system was iteratively simulated over a grid of values of
the mean growth rate and interaction strength. I observe that time-series are successfully
generated in all cases except those where the mean interaction strength is positive (indicating
average mutualism). In such cases, the simulation cannot run stably and tends to blow up
due to positive feedback loops. To see if it is possible to include these cases, I run further
simulations with extremely high emigration rates (90%) to see if high departure rates from

63
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the system could potentially stabilize it. However, these simulations also do not succeed, and
several other parameters such as the standard deviation of the interaction matrix, the sparsity,
and the noise likely need to be simultaneously modulated to produce stable communities
with high numbers of mutualisms. Regardless, the constant gradation of values of mean
interaction strength from highly competitive to weakly interacting regimes where species are
largely independent over a wide range of growth rates provides enough diversity of dynamics
to investigate ranges of responses.

For each parameter value set for which it is possible to produce a complete time series, I
generate 10 different 30-species communities. For each of these, I sample 100 sub-communities
of size 4 species each, normalize them, and then apply the S-map algorithm with θ selected
by leave-one-out cross-validation. While the size 4 is chosen arbitrarily, the simulation can
easily be repeated for larger community sizes, with a majority of further results reported for
a community size of 4 being qualitatively identical for larger communities (see Appendix
Section A.4 for validation of this fact on real data). Then, from each of these, the time series
of VCRs, abundance, and mean interaction strengths are produced and stored.

4.2 Synthetic Data: Similarity Statistic

To begin with, I note that there is quite a bit of diversity of response during the
perturbation period in different sub-communities and across different communities with the
same as well as different parameters. Figure 4.1 depicts the VCR over time for 3 different
sub-communities in one of the communities with µr = 8, µA = 0.
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Figure 4.1: VCR over time for 3 sample communities. Each subcommunity is sampled
from the same larger community. Highlighted region denotes the period of the simulated
perturbation.

Clearly, there is extensive variation in response of sub-communities to perturbations, war-



Results and findings 65

ranting further investigation on both whether these are seen at the whole-community scale
as well as what determines this variation (beyond identity of the species and the effect of
the perturbation on it). The figure shows that while the perturbation causes the VCR of
some communities to increase, it decreases in some cases, and for some cases, it remains
indistinguishable from the other periods. However, remember that these values cannot be
directly compared against each other, only relatively within the same time series. These
cannot be directly taken as a measure of effective interaction strength as well, because there
could be a significant normalization term that is absent from the Jacobian- in accordance
with this, the Jacobian of competitive communities where µA = −4 has elements of the
order of roughly 0.05. Naturally, the next step is to apply the similarity statistic to these
communities. By fixing a baseline period of 50 days, a window size of 14 days, and a cutoff
z-score of 2, I apply the similarity statistic to the VCRs of each of the communities.
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Figure 4.2: Similarity Statistic for Different Parameter Regimes. Highlighted region
denotes the period of the simulated perturbation. Similarity statistic values are calculated by
averaging over 10 replicate communities generated for the same parameter values.

Figure 4.2 shows the similarity statistic of the VCR varying over time for sampled commu-
nities in 3 different parameter regimes. The scores here are averaged over the 10 communities
generated per parameter value. For ease of comparison, here, I fix the growth rate at a
middle value (µr = 8) while modulating the mean interaction strength from -4, -2 and 0
(the other cases for the other mean growth rate values of 3 and 13 are qualitatively identical
and can be seen in Appendix B.3). Clearly, while specific values and the extent of depletion
varies across cases, all the time-series show appreciable dips in the value of the similarity
statistic during the defined period of perturbation, days 101-150. Specifically, while the
community similarity statistic appears to fully recover back to pre-perturbation values in the
case where µA = 0, there are situations where there appears to be some sort of hysteresis in
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the other two competitive communities, where recovery to the original attractor does not
occur even after resetting the parameters to their original value. Looking further into this by
assessing the similarity statistic individually for each community, we note that this lack of
complete recovery is because of certain replicates of the same set of parameters not recovering,
while others do, and is not the case that all communities show this partial recovery. This is
expected in such a competitive community, given that some perturbations could potentially
lead to competitive exclusion of a set of species that was originally present, with constraints
to re-establishment achieved via priority effects induced by constant immigration of other
species (Grainger et al., 2019). This produces robust states with attractor shapes that are
fundamentally different from the original state, indicating persistently different similarity
statistics.

In general, however, note that the similarity actively declines in all cases when the perturba-
tion appears- this shows that the ability of the similarity statistic to pick up a perturbation
onset is extremely robust and works across a wide range of parameter values and regimes.
Recall that while a perturbation was artificially simulated in generating the time series, the
S-map reconstruction and similarity statistic have not used this fact anywhere; instead, the
statistic has identified it based on the fraction of communities responding with a change in
their VCR. Notably, after the parameters are set back to their original values, the similarity
statistic recovers to a high value with respect to the baseline in a large number of cases.
While this recovery may not always occur depending on the interaction structure of the
community or can sometimes take a little time, there is some amount of recovery of the
similarity statistic in a majority of cases. Especially in weak interaction regimes, the system
attractor appears to robustly return back to the original topology after the parameters
are reset to their original values. While this may be trivially true if the system relaxes to
a single equilibrium point, the similarity statistic makes no such assumptions and is able
to detect this even in cases where the attractor could be more complex like chaos or limit cycles.

Another feature to note is that even in periods of before the perturbation, the similar-
ity statistic does not take on a value of 1. This could be because of two reasons. One is that
some sub-communities may be intrinsically highly unstable solely because of the noisy nature
of the system and therefore have a high likelihood of falling outside the boundaries defined
by the baseline distribution and cutoff. Another reason that the initial state for all species is
taken to be an abundance of 0.5, which is likely not on the attractor- thus, there is an initial



Results and findings 67

transient phase during which the system moves towards the dynamical attractor, which skews
the distribution. This can be tested potentially by generating longer time series and excising
transients. One variation on the similarity statistic that can be done is to also look at the
frequency of cases where the z-scores are higher/lower than the cutoff. While the similarity
statistic on its own tells us directly about the presence of perturbations and departure from
a particular state, the fraction of higher/lower values can tell us about the direction that the
VCR during the perturbed period is taking. Given that the structural perturbations done to
the system are random in nature, it can be illustrative to look at their effect on structural
sensitivity in different settings. Indeed, in Figure 4.3, I show the frequency of communities
that have a z-score more and less than 2 over time for a single representative community
with µr = 8, µA = 0.
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Figure 4.3: VCR values above and below cutoff. Similar to the calculation of the
similarity statistic as the proportion of communities within a cutoff, we may compute the
frequency above and below the cutoff to track the fate of the average community’s parameter
values compared to the baseline over time.

This shows that the fraction of communities that increase in VCR compared to the baseline
is very high in the perturbed period, indicating that a majority of communities destabilize
strongly from the baseline and enter a state where they become more sensitive to disturbances.
The number of low-VCR communities also seems to increase a little bit in the period of
perturbation as well, indicating that certain communities may strongly stabilize during this
period (though this ‘stabilization’ could simply emerge from large abundance declines). It
is, however, worth noting that this specific result is to illustrate this sort of inference, and
the specific outcomes and interpretation depends on the structure of the community and
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the nature of the perturbation. Another pertinent question about the similarity statistic is
whether it could potentially track relative sizes of perturbation- to test this, I fix a mean
growth rate of 8 and mean interaction strength of 0, and sample 1000 sub-communities,
varying the standard deviation of the perturbation distribution to 3 values- 0.1, 0.5 and 1.
Then, to quantify the effect, I calculate the mean of the similarity statistic during the period
of perturbation, days 101-150. For standard deviation values of 0.1, 0.5, and 1, I get average
statistic values of 0.198, 0.134, and 0.059 respectively. This seems to suggest the similarity
statistic is able to successfully also able to capture differences in the strengths of structural
perturbations, with larger-sized perturbations pushing the similarity statistic further away.
However, this is more of a comparative assessment, and the statistic cannot be directly used
to reconstruct a perturbation strength from its value in a particular region without further
analysis. Finally, another interesting question about these results is how sensitive it is to
different extents of perturbations in terms of how many species get affected. While many
external perturbations can change the entire physiological environment, affecting the growth
rate of all constituent species, other structural perturbations may have more localized effects,
only affecting the interaction strength or growth rate of a few select species. Therefore,
to test the effectiveness of the similarity statistic to these types of perturbations, I also
simulate cases where only a single parameter becomes perturbed by a single random value
sampled from a normal distribution. The results of one such case on a sample community
with µr = 8, µA = 0, sampling 1000 sub-communities, and with a perturbation distribution
standard deviation of 1 are shown in Figure 4.4.

Once again, we see a clear depletion in the similarity, though the amount is far less
compared to the all-parameter case, as expected. Note that this result, however, depends on
the specific nature and strength of the perturbation and the identity of the species chosen-
while a structural change occurs and changes the state of the community, in some cases
when the perturbation is small or a particular species with little interaction is chosen, it
may not cause a significant enough change in the similarity statistic to be detected- this is
just to demonstrate potential capabilities. In any case, the similarity statistic presents a
highly robust, sensitive and generalizable method to detect structural perturbations in time
series data. Notably, this also shows that the VCR, which was previously developed and
used as a predictor of sensitivity to perturbations, can also be used as an indicator of the
presence of perturbations, since different states are fundamentally associated with different
structural sensitivities, and the probability of departure from those states is governed by
their local structural sensitivity. Additionally, the similarity statistic is a general metric that
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Figure 4.4: Similarity Statistic with a Single Structural Perturbation. Here, I
compute the similarity statistic of a perturbed Lotka-Volterra community, but perturb only
a single species’ growth rate and a single pairwise interaction by a certain amount. The
similarity statistic successfully picks up the perturbation.

can be applied to any family of time series data, including the mean interaction strengths and
abundances. Figure 4.5 depicts the similarity statistic of abundance and mean interaction
strength in a sample community with µr = 8, µA = 0, indicating similar results. However, in
the specific context of assessing sensitivity to external perturbations, the VCR is the best
indicator of community-level changes, as a metric of structural stability. Abundances can be
drastically changed by dynamical perturbations, while mean interaction strengths could pick
up perturbations to the interaction matrix but may be less successful for changes in growth
rate.

Before proceeding, it is important to highlight some potential caveats with the use of
the similarity statistic to identify the deviation from a baseline state over time. One is that
the definition of the baseline is a critical feature here that must be chosen carefully, since
this is used as an indicator of ‘health’, and determines the associated distribution. If a good
baseline is not available, reliable predictions of periods of change from the baseline will not
be possible. However, if pre-perturbation baselines are not available, the method may still be
applied in reverse, by using data from during the perturbation as a baseline, and assessing
the depletion from the baseline state over time as an indicator of recovery of the whole
community. Another potential pitfall is the presence of dominating levels of noise, which
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Figure 4.5: Similarity Statistic for Abundance and Mean Interaction Strength.
Similar to VCR, the similarity statistic is applied to these other parameters as well, and is
shown to successfully highlight the perturbation period in these as well.

could prevent the perturbed community states and VCRs from being delineated from each
other reliably, producing fluctuating similarity statistic values with no clear demarcation.

In general, the similarity statistic presents a potent way to reconstruct perturbations in a
large, noisy interacting community with minimal structural assumptions by looking at the
change in the state of its sensitivity over time in smaller sub-communities. This metric is
robust over a wide range of parameter values and types of random perturbation, and highly
sensitive even to small perturbations.

4.3 Synthetic Data: Causal Profiling

Next, I detrend the time series of VCR, mean interaction strength and abundance for
each sub-community in each larger community. Then, binarizing about their median values,
I compute the Natural Direct Effect for the effect of abundance on the VCR and the Natural
Indirect Effect of interactions on VCR. Then, based on the signs of these causal effects, I
assign each sub-community into profiles PP, PM, MP or MM (the first letter denoting the
effect of abundance on VCR). Then, since each community contains 100 sub-communities,
I calculate the fraction of different profiles in each community. Then, since I generated 10
communities for each set of parameters, I average the fraction of these profiles across those
larger communities to get a final proportion associated with that set of parameters. I repeat
this for all the parameter values and summarize the results in Table 4.1.
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Mean Growth Rate Mean Interaction Strength MM MP PM PP

3 -4 28.2 22.8 15.4 33.6

3 -2 34.8 28.2 12.7 24.3

3 0 45.7 35.8 8.2 10.3

8 -4 25.1 22.9 13.3 38.7

8 -2 27.1 26.9 14.1 31.9

8 0 34.4 30.4 15.8 19.4

13 -4 22.2 20.4 18 39.4

13 -2 26.8 26.9 14.8 31.5

13 0 37.2 29.4 14.6 18.8

Table 4.1: Causal Profile Frequency. These frequencies of each causal profile are
computed by finding the fraction of the 100 subcommunities in each replicate with a particular
profile, then averaging this over the 10 replicates with a particular parameter value. As
growth rate is fixed and interaction strength is varied, there appears to be a transition from
PP-dominated systems to MM/MP-domination.

An immediate observation is that depending on the nature of the community param-
eters chosen, the proportion of different profiles is radically different. First, in all cases,
communities of type PM appear to be unusually rare- this could be due to the specific
nature of the fact that we work with largely competitive communities, and an artifact of the
Lotka-Volterra model structure. This is likely a result of the specific parameter values chosen-
indeed, this trend does not persist if some other parameters such as sparsity and standard
deviation of interactions/growth rate are modified- this could be emerging due to the differing
distributions of the diagonal and off-diagonal elements. I do not analyze this further at
this point, and instead concentrate on the other profiles- despite the smaller number, these
also show trends somewhat consistent with what I will highlight now. To understand the
variation in profile frequency in different parameter cases, I concentrate only on the case
when µr = 8 and vary interaction strength- the other cases of growth rate follow similar
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trends. We note that when competition is high with mean -4, there is a surge in the number
of communities of type PP, and comparatively fewer of type MM and MP. However, this
dominance tends to decrease as competition strength is weakened to -2, with MM and MP
type communities becoming more common. Finally, at the weak interaction case, the pattern
inverts- MM and MP become the most common types of communities, while PM and PP
tend to be rarer. This is a sort of continuous transition as the interaction strength is tuned
upwards. However, every community contains an appreciable proportion of profiles of each
type, highlighting the fact that the effects of interaction and abundance changes on the VCR
are different across different sub-communities, implying the lack of a single universal and
generalizable directional ecological effect on these communities’ dynamics. This continuous
transition, however, suggests that different communities have fundamentally different broad
ecological effects, which may mediate their response to perturbations as well. This merits
further investigation.

In general, profiles of type PM and MM are interesting from an ecological standpoint.
While both positive and negative arguments could be made for the effect of total species
abundance on community sensitivity, especially depending on the identities of the species
whose abundances are increasing, classical ecological theory, especially based on Lotka-
Volterra pairwise models, generally posits that an increase in competition tends to stabilize
communities, and a decline in competition towards mutualism tends to drastically destabilize
the community, an effect we saw when simulating the time series as well (May, 1972; Allesina
and Tang, 2012; Coyte et al., 2015). However, when considering aggregate effects from the
Jacobian, it appears that the effect of increasing mutualisms and weakening competition
is less direct, and can vary in its effect on stability, being stabilizing in the case of some
communities (PM/MM) and destabilizing in some (PP/MP).

This could be occurring due to a variety of reasons, chief among them being that the
classical formulation of destabilization is based specifically on the case of dynamical and
not structural stability. Indeed, for a dynamically unstable system such as the mutualistic
Lotka-Volterra communities I attempted to simulate, a dynamical perturbation such as
the addition of noise could lead to severe instability. Previous work (Saavedra et al., 2017;
Cenci and Saavedra, 2018a; Song et al., 2020) has shown a fundamental link between the
structural stability of a community and the size of the feasibility domain, the vectors of
intrisic growth rates leading to positive equilibria (Logofet, 1993; Rohr et al., 2014). A
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larger feasibility domain is linked to higher ecological resilience in some sense, as the range of
structural perturbations that do not lead to loss of the feasible community state is larger;
however, there is also the factor that in a larger feasibility domain, typically, retention of
the feasible community state against a wide range of structural perturbation will prevent
large-scale deformations caused by subsequent exclusion of species if moving outside the
domain. In the context of the feasibility domain, a decline in competition and increase in
mutualism has been shown to increase the size of the domain (Rohr et al., 2014; Saavedra
et al., 2016); in particular, communities with predatory interactions have been shown to have
the most stabilizing effect against structural changes by increasing the size of the domain
(Song and Saavedra, 2018), indicating that a perturbation setting one term of a competitive
Jacobian interaction to a positive value could have an appreciable effect on structural stability.
Therefore, in this setting, since we track structural stability, a variable role of interaction
strength on the structural sensitivity is in line with existing theory- the variation in sign could
be emerging depending on the specific interaction types of the constituent species modulating
the size of the feasibility domain, and the specific perturbation experienced by them to
their parameters. Also, recall that in a Jacobian setting, the definition of a ‘mutualism’ is
based on an aggregate effect and not pairwise interactions, which could also skew existing
theoretical predictions based on pairwise models when complex combinations of positive
and negative effects interplay in determining final interaction coefficients. Parallelly, several
other approaches have shown positive effects of positive interactions on several ecosystem
parameters such as preserving species abundances, diversity, and conferring resilience to
perturbations (Hale et al., 2020; Qian and Akçay, 2020; Stone, 2020), especially in the context
of re-approaching original abundances after a depletion. Microbial communities have also
been shown to contain an appreciable amount of mutualistic interactions (Machado et al.,
2021).

The important takeaway here (apart from the above observation) is twofold. One is that
the causal profile varies across sub-communities, and all different profiles are represented
with significant frequencies in sub-communities. The second is that that as communities’
interaction strengths move from a competitive regime to a regime where most interactions are
weak and equally likely to be mutualistic and competitive, the composition of different causal
profiles is modified. In competitive regimes, PP and PM type communities dominate, while
the opposite is seen in weak interaction cases. The exact reason why this is the case is unclear,
and needs further investigation. These frequencies, however, seem to be characteristic of a
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particular regime- this appears to be reasonably indicative.

4.3.1 Sensitivity of Causal Profiles

Having partitioned each sub-community into different causal profiles, I now apply the
similarity statistic onto collections of only the time series from each of these profiles separately
in order to assess differences in sensitivity for each. Fixing a mean growth rate of µr = 8 and
varying mean interaction strengths as -4, -2 and 0, I plot the average sensitivity over time for
each profile in Figure 4.6- these values are generated by averaging over the 10 communities
with the same set of parameters. The cases for other values of the growth rate, producing
qualitatively similar results, are shown in Appendix B.3.
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Figure 4.6: Similarity statistic across profiles. This shows the similarity statistic over
time for each causal profile in 3 cases with different interaction strengths. Clearly, competitive
communities show a disparity in response, with PP/PM responding less. This is not so in
weak interactions, where all respond largely equally.

Here, we note immediate differences across different cases and profiles. In the competitive
communities in Figure 4.6(a) (µA = −4 or −2), the profiles corresponding to MM and MP
show much more depleted similarity statistic values compared to the other profiles. This
indicates that they respond much more strongly to the perturbation, entering a period of
higher dissimilarity to the original baseline. Indeed, by averaging the value of the similarity
statistic during the perturbed region of Days 101-150 for the µA = −4 case, we may see that
the average MM and MP similarity statistic value is 0.328 and 0.284, significantly lower than
the 0.639 and 0.505 seen for PP and PM. This has several implications. First, it suggests that
certain profiles are less stable than others, explaining the variation seen in response. This
suggests that the causal profile appears to be a potential determinant of variation in similarity
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statistic during the perturbation. Furthermore, looking back at the causal profiles, it appears
that the more volatile MM and MP type profiles are less frequently occurring among the
generated sub-communities. Also, since the major difference between responses seem to be
separated largely by the first letter (MM/MP versus PM/PP), this suggests that at least
in this competitive setting, the effect of abundance on the VCR is the primary determinant
of dynamics in these systems, as opposed to the effect of interactions. However, since the
dynamics of the different profiles even within these two partitions are not exactly the same,
this does suggest that interactions do play an important role in structuring the finer-level
responses of the system.

Looking at the other case of different interaction strength, where µA = 0, we see that
there is no particularly more or less sensitive profile, and all of them seem to respond fairly
similarly. Since these plots are averaged over 10 replicates, this presents two possibilities-
either all profiles respond similarly in all replicates, or different profiles respond differently
in distinct replicates, but on average, do not show a stereotypical response. By averaging
similarity statistic values over these 10 communities in the perturbed region, we may show
different profile sensitivities of 0.162, 0.069, 0.094, and 0.09 for PP, PM, MP and MM profiles
respectively. While PP appears to be a little more stable, this disparity is far less compared
to what is seen in other cases. To understand this homogeneity further, I compute the average
similarity statistic value in the perturbed region for each profile separately for each of the 10
constituent communities and tabulate their values below in Table 4.2.

From this, we see that the second case appears to be true- in different replicates of the
system, different communities appear to have different response of similarity statistic to
perturbation. Recall that these replicates have different interaction matrices and growth rate
vectors, as well as different random perturbations acting on them, and hence show different
responses. Given that the interactions are weak, it is possible that this emerges because there
is no strong network structure governing a stereotypical response to a random perturbation-
therefore, the response of the system may depend specifically on the identity of the perturbed
species and the specific direction of the perturbation experienced by those species. Recall
that despite random perturbations with the same distribution, competitive communities
showed a consistent identity of most sensitive species, which also held true within individual
replicates, possibly because the perturbation was small enough to not drastically change
the types of interactions in the community. It is worth noting that while PP and PM type
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Community PP PM MP MM

1 0.0806 0.0122 0.0288 0.004

2 0.085 0.038 0.1517 0.206

3 0.185 0.189 0.079 0.028

4 0.179 0.053 0.113 0.081

5 0.117 0.037 0.137 0.096

6 0.414 0.152 0.133 0.201

7 0.084 0.046 0.044 0.118

8 0.281 0 0.08 0.09

9 0.207 0.088 0.153 0.007

10 0.091 0.014 0.019 0.063

Table 4.2: Similarity statistics in the perturbed region for each replicate in the
weak interaction regime. Averaging the score over the whole region, we find that in
different replicates, different profiles respond with more/less sensitivity. Differences in values
within a column emerge because of the randomly sampled strength of the perturbation- some
stronger, some weaker.

communities are rarer in weak interaction regimes, they are not always the least stable
communities and it depends on the nature of the perturbation- thus, this relation may not
hold true when interactions are weak. However, it is possible that a consistent trend would
emerge if interactions are made significantly positive- a complete test of this transition would
entail testing whether mutualistic communities have more sensitive PP/PM type profiles
as well as lower frequencies of occurrence. However, since it is not possible to generate
these without compromising other parameters severely, it is necessary to stop simulations at
weak interaction regimes. However, one potential way to stabilize mutualisms is to add in
factors such as negative growth rates (currently sampled from a log-normal distribution) or
Holling Functional Response curves (C. S. Holling, 1959), which saturate based on density of
interacting partner as opposed to growing linearly indefinitely.
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In summary, in competitive communities, certain sub-communities seem to be more sensitive
to perturbations, with much more deviation in similarity statistic of the baseline state during
the perturbed period. Thus, the causal profile appears to determine a large part of the varia-
tion in response inherent in different sub-communities provided the community is dominated
by competitive interactions on average. However, in weak interaction regimes, the identity of
what the most sensitive sub-communities are appears to change in different replicates. When
interactions are strongly competitive, the rarer profiles (MP/MM) are also the most sensitive.
However, when interactions are weak, despite the PP profile being rarer, the sensitivity of
profiles appears to depend on the specific nature of the perturbation and species identity.

4.4 In Vivo Microbiota Data

I replicate similar results on the real data, but include additional sections on the composition
of the data and the causal discovery steps.

4.4.1 Family Composition and Structure

By filtering out the rare species with more than 2 weeks of no abundance, I see that Subject
A’s gut microbiota contains 30 common families, Subject B’s gut microbiota has 18, and
Subject A’s saliva contains 38. As expected from the higher baseline species richness, salivary
microbiota tend to contain more common families as well (Maki et al., 2021). The included
families in the analysis are listed in Section B.1 in the appendix. One interesting thing to note
here is that there is quite a bit of difference between the families included in the salivary and
gut microbiota of Subject A, despite being sampled from the same subject, but all families
seen in B’s gut microbiota (save for one, Verrumicrobiaceae), are found in A’s gut microbiota
as well, suggesting a possible “core” gut microbiota composition, without necessarily having
the same dynamics (Sharon et al., 2022). Given this, I now normalize this relative abundance
data, sample 1000 communities of 4 species each, and apply the S-map with an optimal θ
to each of the 3 datasets. The results are replicated on larger community sizes in Appendix A.4.

Similar to the case of the stochastic GLV, I randomly sample 3 sets of 1000 sub-communities
from Subject A’s gut, Subject B’s gut, and Subject A’s saliva respectively, and look for
variation in response and periods of changed dynamics by looking at the time series of their
VCRs over time. These sample time series are shown in Figure 4.7.
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Figure 4.7: Sample VCRs in real microbiota. This shows the extensive variation in
VCRs of different sub-communities over time. The colored regions denote the annotated
period of perturbation. There is a clear variety of VCR responses occurring.

Clearly, there is quite a bit of variation- however, several communities seem to show
characteristically different VCR values during the periods of recorded perturbation, highlighted
in the plots. Similar plots are shown for the abundance and mean interaction strengths of
the same set of sampled communities in Appendix B.2. A natural next question is to see
if the perturbation is significant at the whole-community level by applying the similarity
statistic onto the community VCRs. I use a baseline period of 50 days, a window size of 14
days, and a cutoff z-score of 2 for the gut microbiota. However, since the pre-perturbation
period for the salivary microbiota is shorter due to the lack of sampling at the beginning of
the experiment, I shorten the baseline period size to 40 days.
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4.4.2 Similarity Statistic on Real Data

Figure 4.8 depicts the similarity statistic of the VCRs of each of the microbiota over time.
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Figure 4.8: Similarity statistics for each of the 3 microbiota. The colored regions
are the annotated perturbations. A baseline window of 40/50 days, a window size of 14, and
a cutoff score of 2 are used. The periods of perturbation are associated with dips in the value
of the similarity statistic.

First of all, from this, we note that periods of recorded perturbations are also associated
with major depletion in the similarity statistic of the VCR- this proves that in real data as
well, the similarity statistic is able to pick up periods of external perturbation! This also
reveals that the real data is also highly noisy, with fluctuating values of similarity statistic
(though few as low as the major perturbation recorded). These may be indicative of smaller,
briefer disturbances arising from a range of possible sources. Another important observation is
that in all cases, though the system starts at a fairly high amount of similarity to the baseline
(especially in the case of the gut microbiota- the saliva baseline being shorter necessitates
less inclusion of baseline periods), the recovery process takes a slightly longer time to occur.
This could be indicative of the milieu of internal governing physiological parameters slowly
relaxing towards the original pre-perturbation state long after the main perturbation has
ended. Alternatively, it could reflect the fact that since the microbiota is in a different state,
it could be more sensitive to the natural pool of environmental perturbations in this state,
preventing immediate recovery. If this is indeed the case, then it could be that the VCR
tends to take on higher values during the period of illness. Figure 4.9 shows the frequency of
z-scores greater than 2 for each sub-community, similar to Figure 4.3. This indicates that
the nature of the perturbation’s effect on the VCR is different across different microbiota.
In Subject A’s gut, while the amount of high-VCR communities increases slightly, but the
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amount of low-VCR communities drastically increases. This seems to suggest that a majority
of communities display a large decrease in VCR during the period of perturbation, indicating
some kind of stabilization of sorts into a novel dysbiotic state. However, looking at the case
of Subject A’s saliva and Subject B’s gut, the opposite is true- it appears that the number of
communities with a higher-than-cutoff VCR increases during the period of the disturbance,
suggesting a deformation into an unstable, highly sensitive state. Comparing A’s gut and
B’s gut, this shows that the nature of disturbances can often be fundamentally different on
the VCR on the same organ system microbiota (especially given the distinct agents causing
them- one an infection, the other being travel abroad). Comparing A’s gut and saliva is
more interesting- despite the perturbation being the same, it effect on the VCR of the two
microbiota appears to be opposite. This warrants future studies potentially linking gut and
salivary dynamics.
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Figure 4.9: Above and below cutoff frequencies for each microbiota. The first row
of plots depict above-cutoff frequencies, and below-cutoff is the second row. With a cutoff of
2, this shows that the perturbation appears to have different effects- it increases the VCR on
average in A’s saliva and B’s gut, but decreases it in A’s gut.

Another fact that is worthwhile to note in Figure 4.8 is the response of different micro-
biota’s similarity statistics. While Subject A and B’s gut microbiota display significant dips
during the period of perturbation from a highly similar initial state, despite vastly different
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natures of the external perturbation that caused this, this is less so for the salivary microbiota,
which begins from a lower similarity statistic, then increases only much more gradually back
to a higher value. It also appears to possess a a fairly significant unannotated period of
perturbation some time around Day 260. This is further explored later along with possible
explanations in Section 4.4.4 with the similarity statistics split by causal profile, but the
main message for now is that the salivary microbiota appears to respond strangely to the
recorded perturbation as compared to the gut microbiota.

In spite of the high degree of noise and nonlinearity associated with the response, the
similarity statistic applied to the VCR successfully does pick up periods of perturbation, also
highlighting potential unrecorded ones, and showing that recovery can often take longer than
the period of the perturbation itself. There is also the possibility of hysteretic responses that
we saw in the earlier simulated cases, where the system never truly recovers and instead
persists in a dysbiotic state for a longer period even after the perturbation disappears- this
behaviour, though possible in microbiota (Khazaei et al., 2020; Mangal et al., 2023), appears
to not be observed in this particular set of data. This could potentially be occurring in B’s
gut, but the dataset after the illness is not long enough to test duration of complete recovery-
however, it is noteworthy that the extent of depletion and the time needed for recovery is
quite long, a result also stated in the original study.

4.4.3 Causal Discovery and Profile Assignment

With the similarity statistic validated as a potent and robust means of detecting changes
in community composition, I now proceed to describe methods of causal discovery applied
to the data, with the aim of linking variables in the metadata associated with physiological
choices and food intake to changes in community-level properties such as total abundance,
mean interaction strength and VCR. As described earlier, this is achieved by sequentially
taking groups of 3/4 metadata variables, detrending and binarizing, and then applying the
IC algorithm to them with a significance value α of 0.06. I define a metadata variable as
having a significant cause if at least 10% of the subcommunities (that is, 100 of them) have
their ecosystem parameters affected by fluctuations in the metadata variable. Due to Subject
B’s metadata being only 176 days, the ecosystem variables are correspondingly cut down
from 218 to 176 days as well. However, this does include the period of the perturbation (days
150-160) as well as the period immediately after, which are of potential interest to us.
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Having done this, I observe an unexpected result. None of the metadata variables ap-
pear to have a significant effect on any of the community-level metrics, with the maximum
numbers being seen being body weight affecting total community abundance in 24 out of 1000
cases in Subject B’s gut microbiota, with an overwhelming majority of metadata variables
(above 90%) having no perceptible effect whatsoever on any of the 1000 groups of the 3
ecosystem variables, and the majority of the remainder affecting the ecosystem in only 1
or 2 sub-communities (which may be emerging solely by statistical chance). This appears
to suggest that no metadata variable can play a significant role in governing the observed
dynamics of the community, a result that is in contrast to several studies (eg. David et al.,
2014b; Conlon and Bird, 2014; Strasser et al., 2021) that show significant roles of physiological
factors on bacterial abundances at the very least. This lack of structure, however, does not
indicate that these factors do not affect the microbiota at all, and could emerge from several
other sources-

• One highly likely possibility is that the metadata variable’s value (for example, the
food eaten) indeed causes fluctuations in the community level variables. However, these
may not be significant enough to cause a recorded change in the value of the response
variable about the median since the response is also binarized. It is notable that most
of the previous studies of food on microbiota have applied the treatment for a sustained
period as well- the singular nature of these changes (choices made on a particular day)
could potentially fail to cause enough directed fluctuation to be recorded as a change
in the binary ecosystem properties. This is the most likely reason.

• Another possibility is that the metadata has significant causal roles only during partic-
ular times. One shortcoming of this probabilistic causal approach is that it requires a
whole time series and assumes that causal profiles do not vary with time. It could be
possible to show these relationships in contiguous periods of no recorded perturbation
only. In accordance with this idea, David et al. (2014a) show based on correlative
approaches on the abundances of bacteria in the original dataset that very few OTUs
(210 out of 5431 in A’s gut, and 16 of 5431 in A’s saliva, representing 8 and 6 different
families respectively) are significantly affected by food intake, and this effect is only
seen during periods of comparative stability.

• It is also possible that this particular set of variables does not have explanatory power
for these ecosystem properties, and there are other unrecorded physiological variables
(or sums/rescalings of the measured variables) that do have causal roles.
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• Another possibility is that these systems are dominated by endogenous dynamics,
and therefore no causal role can be ascribed. However, prior studies linking diet to
microbiota seem to suggest some role.

• Finally, another possibility is that there are complex linkages between the metadata
variables that necessitates their being analyzed together in order to infer the causal
graph structure (for example, if one acts as a collider of sorts). This is testable- by
selecting all possible permutations of 4 metadata variables from the larger pool, then
running the IC algorithm on these successively for each of the 1000 sub-communities,
then testing for significant causal effects. However, this too produces no significant
results.

One way to overcome this issue and identify causal variables would be to develop and apply
causal inference methodologies based on continuous fluctuation of variables while accounting
for mediation and other complex structure (without binarizing). However, given the difficulty
of doing this in a robust and general setting, I leave this as an exciting and promising future
area of research. It is notable that the IC algorithm does successfully pick up likely causes
between the ecosystem variables themselves in a large number of causes, indicating that a
majority of sub-communities have significant effects of the abundance and interactions on
VCR, as confirmed by the G2-test, as well as a few highly trivial links between some metadata
variables (such as, for example, the total amount of cheese eaten and the amount of a specific
type of cheese eaten). Regardless, this produces, similar to the GLV setting, a causal graph
of abundance, interactions, and VCR, with the structure specified as before- the abundance
affects the VCR and interactions, and the interactions affect the VCR. It is unfortunate that
this causal graph cannot be validated by adding another metadata-associated node that would
add d-separations to the system- however, based on our knowledge of ecosystem dynamics, it
is reasonable to make these assumptions as a causal graph. I compute the natural direct and
indirect effects in each case for the communities, and calculate proportions of each profile.

The results for each microbiota are summarized below in Table 4.3. From this, we note that
in all 3 microbiota, profiles of type MM appear to be the most common, followed by MP, PM
and then PP. Despite the wide range of dynamics, ecological structure, and perturbation types
characteristic of each of the three microbiota, with different similarity statistic patterns, this
pattern appears to be conserved. Looking back at the previously generated Lotka-Volterra
systems, we see that these values and their gradation is very similar to the characteristics
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Microbiota Profile MM Profile MP Profile PM Profile PP

A’s gut 442 263 184 111

A’s saliva 362 264 209 165

B’s gut 355 253 213 179

Table 4.3: Frequencies of each profile in different microbiotas, out of 1000 sub-
communities. Letters (M/P) are assigned to each profile on the basis of the sign of the
natural causal effect of the abundance/interaction on the VCR- thus, profile MP has a
negative sign of abundance on VCR, and a positive sign of interaction on VCR.

of a community with weak interactions. Indeed, many recent studies (Gibson et al., 2021;
Camacho-Mateu et al., 2024) have also shown similar results, that microbial communities
tend to be sparse with weak interactions, but taking on both positive as well as negative
values (Machado et al., 2021).

4.4.4 Similarity Statistic Across Profiles

In accordance with the results shown for the Lotka-Volterra case of weak interactions, in
the absence of any prior data on the structural effect of perturbations and thus treating them
as random, I would expect mixed results of sensitivity of different profiles, especially given
the radically different natures of communities’ organizations and the perturbations acting on
them. Recall that we saw earlier that in the regime of weak interaction, depending on the
specific nature of the perturbation, a variety of outcomes are possible.

Given the profile assigned to each sub-community, I apply the similarity statistic to each set
of VCRs from the profiles for each microbiota, using a baseline of 50 (or 40) days, window
size of 14 days, and cutoff score of 5 (to accentuate differences). The results can be seen in
figure 4.10.

I go stepwise through these results, starting with A’s gut microbiota. Here, we see that
while all 4 profiles dip in their similarity statistic during the period of perturbation, the 4
profiles only separate significantly from each other in the period after Day 100, during which
profiles of type PP and PM appear to show much greater sensitivity to the perturbation
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Figure 4.10: Similarity statistic in the 3 microbiota split by profiles. This uses a
baseline size of 40/50, a window size of 14, and a cutoff score of 5. This reveals the consistent
response across all 3 microbiota, despite the differing species compositions and nature and
effect of perturbations, that communities in the profiles PP and PM appear to respond more
strongly.

compared to MP and MM. Proceeding onto the salivary microbiota’s response, we see that
the depletion during the recorded disturbance period is comparatively much lower compared
to the other two microbiota, showing no major dip and remaining fairly high in similarity
throughout. The different profiles respond fairly similarly and homogeneously during this
period, with only a minor dip from the baseline- while there appears to be a slight bias
towards profiles PM and PP, this is not consistent across other reasonable parameter value
choices (see Appendix A). However, outside the region of recorded perturbation, salivary
responses tend to be more varied, with profile responses starting to diverge after day 250.
The main region of ‘interesting’ dynamics seen in the salivary microbiota is instead around
days 250-300, where an unannotated perturbation appears to have been picked up by the
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similarity statistic. Here, the similarity drops drastically in most profiles, though the response
of different profiles here is unequal. It is visible that the PP and PM type communities tend
to respond much strongly here as well. I revisit this strange perturbation shortly. In B’s
gut microbiota too, we see a response similar to Subject A’s gut, where profiles PP and
PM appear to respond more strongly to the perturbation, which is quite brief compared to
the dip in A’s gut (as expected). The similarity statistic remains quite high in the interim
pre-perturbation period, however, as expected.

While it might be possible to highlight profiles PM and PP here as being more sensi-
tive here, this claim needs further investigation and validation. Specifically, given the idea
from prior studies that microbial interactions are largely weak and sparse, the low sample size
of 2 microbiota with an appreciable response to a recorded perturbation (3 if including the
unannotated perturbation in saliva), and given the Lotka-Volterra simulated communities
showing that weak interaction regimes can in principle have any community responding
more strongly depending on the nature of the perturbation, this is not enough information
to conclude this as a consistent pattern in microbiota yet. It is possible that by chance,
these communities have the same response given a likelihood of many possible responses. To
investigate this further, I replicate these same analyses on a variety of alternative parameter
choices. As highlighted earlier, these include grouping at the genus/order level, picking differ-
ent rare species inclusion cutoffs, different interpolation schemes, and different subcommunity
sizes. These plots, shown in Appendix A, show that this result is extremely noisy, with
some cases showing differing results across the 3 microbiota (even across different replicates
of the same system parameter set, though this is not shown in the Appendix). While it is
possible that these inconsistencies may be emerging due to other parameter choices failing
to capture certain subtle aspects of the system by coarse-graining it or adding noise, it is
difficult to conclude robustly from this alone that certain communities are more/less stable
in real ecosystems, especially given the synergy with weak interaction regimes shown by the
causal profile frequencies. Further investigation with refined causal profiles, more realistically
parameterized simulations, and trials are needed for concluding this, though crucially, this
does provide a potential set of candidate communities for further analysis. It is worth noting
that these profiles also tend to be rarer in terms of proportion among the sub-communities
across all 4 microbiota, indicating a possible ecological phenomenon of the natural structure
of the microbiota organizing themselves to have a larger number of more stable communities
if true, similar to how the rarer MM/MP type communities were less frequently occurring in
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competitive systems.

Before proceeding, I finally confront the unannotated perturbation and the apparent lack
of strong response to the known disturbance from the saliva. First of all, the salivary mi-
crobiota does not show much of a response across all profiles during the period of recorded
perturbation, with the value of the similarity statistic remaining high throughout. This could
be because of the fact that when one samples from the salivary microbiota by sequencing
salivary samples, the saliva contains species taken from many different niches in the oral
cavity (Mark Welch et al., 2020; Wilbert et al., 2020). This leads to mixing together of
different communities in different states in the sample, possibly averaging out the dynamics.
Another alternative possibility is simply that during the perturbation of moving abroad,
the salivary microbiome simply remained majorly unperturbed, possibly due to the lower
residence time of food in it. Now, I turn to the unannotated perturbation where the salivary
microbiota’s similarity statistic does show a significant trend. One possibility, of course, is
that there is a genuine perturbation during this period. However, the metadata is missing
during this period, making validation impossible. Given that it seems to follow similar
sensitivity patterns seen in the other recorded perturbations from the microbiota, this is still
however a genuine possibility. Another possibility is that it is a dynamical perturbation that
is changing the state and therefore the VCR, and is not necessarily a structural perturbation.
Finally, another possibility is seen by looking at the pre-filtering raw data, noting that in
the region of days 250-300 of the experiment, 16 days out of 50 are missing (including 13
from days 259-271). Therefore, it is also possible that these dynamics are coming about
as a strange artifactual result of the linear interpolation. To test this, I apply a nonlinear
interpolation algorithm based on simplex projection to fill in the data and replicate these
results in Appendix A.1.

The main takeaway from this section is that while the kinds of profiles that respond with
higher sensitivity (PP/PM) are seen in the 3 microbiota, this result is extremely noisy and
can be emerging by chance. This requires further investigation. If this is indeed the case, the
reason for this is not clear, and could come from the specific nature of the perturbation or
from undetermined internal structure of the community.
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4.5 Other Datasets

While this scale of inference is not possible on other datasets due to several aforementioned
reasons, certain aspects of the analysis can be adapted onto datasets that satisfy some of
the requirements. In particular, I highlight two other studies- one from a study that sought
to assess whether the baseline composition of the human microbiota fluctuates over time
and compare its composition across different organ systems (Caporaso et al., 2011). This
dataset could not be used because it lacked records of perturbations or metadata- thus, the
fluctuations seen could be arising from any factors, including from missing data or dynamical
perturbation, and apart from identifying potential regions of interest, these do not tell us
anything useful to validate the VCR or different profile sensitivities on. However, the dataset
could be useful to assign the causal profiles and compare the frequency, as this does not assume
any structural perturbations need to occur in the system. Another dataset is that explicitly
includes an external perturbation is a study on the response of gut microbiota to antibiotic
treatment (Dethlefsen et al., 2008). The daily count data for this experiment includes a week
of pre-perturbation data, 5 days of antibiotic therapy, then a week of recovery data, making
up a total of 19 days. However, because the dataset is so short, the causal profiling could be
inaccurate as it takes a very small slice of the attractor and infers probabilities from that,
which is both very constrained and very coarse. However, this could be used as an additional
test of the similarity statistic at the whole-community level, without performing any causal
profiling.

4.5.1 Moving Pictures of the Human Microbiota

This dataset is extremely rich and well-sampled. It includes data for 4 different microbiota
for 2 different subjects (F and M)- skin microbiota from the left and right palm, salivary
microbiota, and gut microbiota. Both subjects were sampled daily- Subject M was sampled
for a period of approximately 444 days, while Subject F was sampled for a period of 186 days.
Here, our aim is solely to analyze causal profile frequencies, and not carry out assessments of
similarity over time. Similar to what was done for previous microbial data, the OTU count
data is grouped at the family level, and families with sufficient rarity (no abundance for at
least 2 weeks) are excised. The number of common taxa is listed alongside the causal profile
frequencies below in Table 4.4.

The main focus here is the causal profile annotation, which is done by assuming the
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Sample MM MP PM PP Richness

F Left Palm 343 209 207 241 136

F Right Palm 473 255 156 116 102

F Saliva 397 260 186 157 25

F Gut 455 267 165 113 21

M Left Palm 531 213 131 125 57

M Right Palm 522 205 125 151 60

M Saliva 460 289 148 103 29

M Gut 447 189 226 138 25

Table 4.4: Causal profile frequencies from each microbiota sampled indicates a consistent
trend of MM being the most common, then typically followed by MP, PM and PP.

same causal graph structure, computing the natural direct and indirect effects, and assigning
profiles PP/MP/PM/MM to each sub-community. First, one thing that could be interesting
to note for future studies is the high species richness in the skin microbiota. Given the
ease of sampling the skin microbiota compared to the gut, long-term time series of the skin
microbiota structure could be extremely insightful. Second, and more significantly, the causal
profiles of a majority of the communities appears to follow a highly conserved and consistent
pattern, that is, MM profiles are the most common, followed by MP, then PM and PP. This
is identical to the pattern that we see in all 3 microbiota, suggesting that this pattern could
be a general systems-level property of microbiota across individuals and across different parts
of the body. However, due to the difficulty in ascribing the identity of potential perturbations
to an actual structural effect, no further annotation or analysis of sensitivity is done.

4.5.2 Antibiotic Recovery

This data comes from a study of the effect of antibiotic perturbation on the composition of
the gut microbiota (Dethlefsen et al., 2008). By giving 3 subjects a 5-day course of antibiotic
Ciproflaxin, the effect on the gut microbiota was studied. This was done in 2 trials, 8 months
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apart. Given the large duration between the two studies, I treat the two as independent. For
both trials, samples were taken before the treatment to establish a baseline- however, these
were taken months in advance and therefore represent only a single snapshot of the dynamics.
Daily baseline data is available for a period of 1 week before the treatment- this can be used
as the baseline state. In total, the daily data, as is required of EDM, is available for a total
of 19 days- 7 before the treatment, 5 during the treatment, and 7 after. The short nature of
the time series makes defining a baseline here is also extremely tough, as the distribution
cannot be assumed to be Gaussian with such a limited number of time points, making the
z-score based approach slightly shaky. Any causal inference also becomes challenging (as the
probabilistic nature of the natural causal effects estimated is made extremely coarse by the
small length of the time series). Therefore, I only test if the similarity statistic is able to
detect the perturbations occurring here as well. The data is split by subject and each trial is
treated independently, producing 19 days of data each. Given the extremely short nature of
the time series, a baseline cutoff of less than 7 days of constant 0 abundances is used to filter
the data. This leads to the inclusion of 14 and 16 taxa in Trial 1 and Trial 2 for Subject 1, 17
and 15 for Subject 2, and 10 and 12 for Subject 3. Picking a baseline size of 5 days and a win-
dow of 2 days, I plot the similarity statistic of six trials (2 for each patient) below in Figure 4.11.

Though results are very coarse and suffer from insufficiently sampled baseline values, in a
majority of cases, there appears to be a decline in the similarity statistic occurring somewhere
during the highlighted period of perturbation, followed by a subsequent period of comparative
increase after the perturbation recedes. This timing of the minimum is different across
different people and treatments, and can often, as noted before, be noisy- longer recovery
phases may also be needed to fully understand the dynamics. While not extremely convincing
on its own, in light of the success of the similarity statistic on the other longer dataset,
this tells us that in general, the statistic is largely successful at identifying perturbations
associated with compositional and structural changes.
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Figure 4.11: Similarity statistic for antibiotic treatment. Despite the insufficient
baseline of 5 days, a window size of 2, and a cutoff score of 2, almost all treatments
appear to show at least some decline in similarity statistic and subsequent recovery after the
perturbation.
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Chapter 5

Discussion, summary and outlook

To make a prairie, it takes one clover,
and a bee, and reverie.

Emily Dickinson

First and foremost, I hope this thesis has given you a far deeper and more nuanced
appreciation of both the nature and importance of microbiota, as well as the slew of incredible
tools being developed to sift through the modeling mess that is natural ecosystems and
extract general, robust properties. My mother likes to use the phrase ‘slipping a needle
through a banana’ to describe something happening smoothly and subtly, which I think is an
appropriate description of these methods on ecological time series. In this section, I synthesize
and contextualize these results in a more general setting, and their implications for future
studies of microbial communities. In addition, I extensively detail shortcomings of these
methods, both as a cautionary signal for prospective users of these methods in future studies,
as well as potential directions for future studies to strengthen, validate and implement these
results towards a deeper level of understanding of microbial community dynamics. I first
briefly summarize the main results and their motivation developed in the previous sections.

93
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5.1 Synthesizing results, briefly

The complexity inherent in microbial systems has made and continues to make any
modeling approaches difficult to apply- this necessitates the development of several novel
techniques as ‘compromises’ to overcome limitations of many approaches. Therefore, this
work unifies approaches from non-parametric dynamical reconstruction along with causal
inference with the aim of trying to glean as much about the system’s dynamics as possible
while assuming minimal amounts about the specific structure that produces those dynamics.
At this juncture, it may be helpful to recall the aim we started out with- what factors
determine the sensitivity of microbiota to environmental perturbations? From
here, I have qualified environmental perturbations as those that perturb the internal vector
field structure of the dynamics, leading to the selection of structural stability as the most
appropriate metric to track the sensitivity of the system. While structural stability can
be reconstructed by using the S-map and then returning the VCR (volume contraction
rate) as the trace of each Jacobian, a weighted regression algorithm from empirical dynamic
modeling, it cannot be done in large communities easily. While the S-map can be applied to
smaller sub-communities, it is difficult to scale up whether changes observed at the single
sub-community level actually have effects at the whole-community level. To do this, I develop
the similarity statistic as a robust, generally applicable and highly sensitive method to identify
and quantify the effects of external perturbations. Though similar methods have been applied
to understanding resilience and recovery in ecosystems (Ingrisch and Bahn, 2018), they often
assume that a system relaxes back to a fixed point instead of a distribution of values, and
may not be suitable for large ecosystems where the responses of different sets of taxa are
radically different. Moreover, many of these methods are optimized for system states, and
not more descriptive properties like their sensitivity.

This method is extensively validated on both simulated (using a stochastic generalized
Lotka-Volterra framework with an artificially induced structural perturbation) and real
longitudinal microbial data, with the conclusion that the similarity statistic applied to the
VCR is able to successfully, robustly and consistently detect periods of external perturbation
as a reduction in its value. Furthermore, as the perturbation recedes, the value can frequently
be seen to recover back to a higher-similarity state, albeit slowly in real systems. This is
also validated on a short antibiotic treatment dataset. With the belief that the VCR acts
as a metric of perturbations, and high degrees of variation observed in its values over time
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for different communities, the question of factors affecting sensitivity therefore comes to the
forefront. Specifically, could the effect of interactions and abundance on the VCR explain
variations in strength of response seen among different sub-communities? This is done by
using probabilistic causal inference, which binarizes the data, and then assuming a causal
graph structure of abundance and interactions both affecting VCR and abundance affecting
interaction, computes the natural direct and indirect effects in each sub-community. Then,
based on the sign of the effect, these are assigned to different profiles.

I calculate the frequency of each of these profiles- in competitive simulated communities,
the profiles with negative effects of abundance on VCR are rarer; however, in simulated
communities with weak interactions, the trend inverts, with the profiles (PP/PM) having a
positive effect of abundance on VCR becoming rarer. Though they cannot be simulated easily,
I expect mutualistic communities to have a similar frequency to the weak-interaction regime.
Real data from 3 main (David et al., 2014a) and 8 supplementary microbiota (Caporaso
et al., 2011) shows similar results to the weak interaction case, where communities of PP/PM
are seen to be rarer. Finally, I apply the similarity statistic separately onto different causal
profiles- this shows that across the real microbiota, while PP/PM appear to be more stable
for the given parameters of the data, this may not be a general property- this appears to not
be statistically robust, depending on the choice of values taken. In the simulated systems,
competitive communities showed a consistent trend of communities of type MM and MP
being more unstable, while in weak interaction regimes, the identity of the most specific
community appeared to depend upon the nature of the random perturbation itself.

While both Subject A’s and B’s gut microbiota respond strongly to the recorded perturbation,
as tracked by the whole-community similarity statistic, this is less so the case for the saliva,
which shows only a fairly brief decline in the similarity during the perturbed period, and
with lesser separation between the profile responses. This could be due to the saliva being an
average of many niches, or potentially also because of the residence time in the system. Since
the salivary microbiota tends to experience a much more direct contact with food, and is
constantly refreshed by comparatively lower residence times of novel bacteria, the structural
effects guiding perturbations in the oral cavity may be distinct from the gut, where there is
much longer exposure to food, and much more spatial extent. Previous studies (Zaura et al.,
2015) have also shown the salivary microbiome to be more resilient to antibiotic therapies.
Mouth infections have been shown to affect oral microbiota composition (Belstrøm, 2020),
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but in the case of invasion of novel microbial cohorts which tend to affect functioning lower in
the alimentary canal (Nguyen et al., 2021b), the salivary microbiota may remain potentially
undisturbed.

5.2 Implications

What this work shows can be organized into two orthogonal axes- one in terms of what
this means from an ecological standpoint, where we confront questions about how sensitivity
to environmental perturbations changes with time in large communities, and secondly, from a
clinical-adjacent standpoint, concerned with how microbiota can be made to be more stable
against perturbations or recover from dysbiotic states faster.

5.2.1 Ecological Implications

One major highlight is the development of the similarity statistic as a non-parametric
and generally tractable tool to assess the presence, effect and duration of perturbations on
large ecosystems. Recent work has shown that multivariate early warning signals, based
on detecting critical transitions, have limited ability to predict ecosystem changes (O’Brien
et al., 2023a)- it is possible that this attractor distribution based approach may be able
to overcome some of the issues that are associated with this, as it does not detect critical
transitions but rather motion away from the state distribution of a baseline attractor. In fact,
the S-map would not work for critical transitions, as it requires the presence of points on the
same attractor to weigh the regression appropriately. A fascinating follow-up could be to see
if the performance of changing similarity statistic as an early-warning signal for transitions
could work on other datasets where EWS-based methods have had limited success (possibly
because the system displays more of an attractor deformation type of response rather than a
critical transition between distinct attractors). Moving on, the probabilistically driven causal
profiling gives us a very generic way to assign the effect of factors governing a particular
ecosystem variable. Though this is hardly an unexpected result, I validate that different
subcommunities do indeed have different structures and effects of abundance and interactions
on their stability. Total abundance is shown to have a role in structuring the sub-community’s
sensitivity, but effects vary. This can be conceptualized by thinking about the intrinsic
dynamics of different taxa. Certain taxa’s dynamics may be more intrinsically unstable, and
therefore an increase in their abundance may cascade and destabilize the whole community.
Conversely, an increase in the abundance of stabilizing taxa could tend to increase structural



Discussion, summary and outlook 97

stability by constraining perturbations in other species. More significantly, the role of mean
interaction strength is also shown to have a role on the stability of a particular compositional
state of the microbiota in a majority of communities, despite the mean off-diagonal element
as a metric requiring averaging over large variation in interspecific interaction coefficients.
This is in contrast to a recent study (George and O’Dwyer, 2023), which showed that several
fundamental microbial ecosystem properties can be reconstructed by use of a stochastic linear
model with no interactions between species. It is, however, possible that while abundance
mostly determines the broad-scale macroecological properties of the system, the interactions
play a role in fine-tuning it, and ensuring the maintenance of that structure against envi-
ronmental stochasticity and variation (since we do show its role in specifically modulating
structural stability). In support of this, though the sensitivity statistic across profiles appears
to show grouping of responses on the basis of the abundance effect sign, the interactions
do play a role in smaller-scale variation between the profiles. Another significant inference
from the interaction’s causal effect on stability is the conflicting role of increasing interaction
strength on structural stability. Classically, increasing interaction strength is regarded to
cause unstable feedback loops, reducing the dynamical stability of the system. However,
positive interactions could benefit structural stability as well (Rohr et al., 2014) by increasing
the size of the feasibility domain. Given these opposing effects, it is natural to expect both
cases co-existing in different subcommunities- while the size of the feasibility domain may
increase, it is also possible to have a scenario where the community is not able to remain in
said feasibility domain due to changes in its orientation or local structure (Desallais et al.,
2024). Another case that could explain this is that in some communities, there may not be
an explicit increase in mutualisms per se, but an increase in the strength of the positive term
in predation effects (+/-) which can be highly stabilizing (Allesina and Tang, 2012; Song and
Saavedra, 2018). This warrants further exploration to delineate the exact ecosystem-level
changes in the interaction matrix occurring that lead to specific outcomes.

Another interesting ecological perspective on this comes from looking at the frequencies of
different causal profiles with different parameter values and in different settings. From the
generalized Lotka-Volterra simulations with different interaction strengths, we note that in
competitive communities where mean interaction strength is highly negative, the system
tends to have more numbers of communities where increases in abundance tend to destabilize
the community (PP/PM). While the mechanistic reason for this is unclear, it could be related
to the fact that in a competitive community, decreases in growth rate of a particular species
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due to structural perturbation could push up the abundances of a large number of species,
increasing the overall population-level extent of competition and thereby causing structural
destabilization. However, as the interaction strength is tuned up towards zero, there is a
continuous transition to a state where MM and MP become the dominant communities and
PP and PM become rarer, which appears to be a consistent hallmark of weak interaction
regimes. It is interesting that the case of equal frequencies of each profile does not occur in
the case where the mean interaction value is 0 but requires instead low levels of competition.
The reason for this is unclear, and could be a consequence of the appearance of positive
interactions in a significant amount causing unfavourable feedback loops in weak interaction
regimes. Though it is not possible to generate communities with average positive interaction
strength given our current model framework, I suspect that as mean interaction strength is
further tuned up, the results will continue to show a dominance of MM and MP type commu-
nities. However, there will likely still be some cases with the PP/PM type of interaction, as is
seen in the case when competition is increased as well that MM/MP type communities persist.

This is not a particularly surprising result on its own, suggesting solely that different
interaction regimes have different effects of interaction and abundance on sensitivity (though
the framing of this as effects on structural stability is rather non-trivial, and needs to be
carefully worked out). However, the continuous transition and the fact that it balances
out at an intermediate value are certainly future questions to be resolved. Importantly,
this also establishes an expectation set of values for indicating what sort of interactions
may be dominating in a community, assuming that Lotka-Volterra dynamics are indeed a
good approximation of its behaviour. Real microbiota appear to be dominated by MM/MP
type interactions, indicating that these are likely not driven predominantly by competitive
interactions, an idea that is coming to the forefront more and more with more microbial
interaction studies (Coyte and Rakoff-Nahoum, 2019; Figueiredo and Kramer, 2020; Blasche
et al., 2021).

Another important ecological insight comes from applying the similarity statistic sepa-
rately to each causal profile and comparing the sensitivities during periods of perturbation.
In competitive communities, it appears that the rarer profiles in terms of frequencies appear
to be the ones that respond with more sensitivity. While a cursory analysis shows this may
be true in real microbiota, this result is extremely noisy and is not robust to changes in
system sampling and filtering parameters. However, if it is true, this could be suggesting that
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real microbiota tend to structure themselves to possess a majority of more stable microbiota
substructures (and therefore more stable at the whole community level), while retaining some
high-sensitivity cases, either as a necessary consequence of the network construction, or in
order to act as a potential pool of standing high-sensitivity internal substructure that could
easily move between states if a perturbation were to occur. However, the weak interaction
regime appears to show no consistent identity of more or less sensitive communities, instead
being determined possibly by the specific network structure and the type of perturbations.
Assuming the PP/PM profiles to genuinely be more sensitive in real microbiota, given the
alignment of causal profile frequencies with weak regimes, this inconsistency could be emerging
due to two potential reasons-

• While the fact that any profile could be more sensitive to a random perturbation is
seen in the case of weak-interaction communities in the GLV setting, this need not be
the true structure of real data. Instead, the hypothesis that the underlying microbial
community structure is similar to weak interaction Lotka-Volterra simulations is made
solely on the basis of the similarity in the frequencies of causal profiles, and previous
parametric model based studies. However, since this method is based on EDM and
assumes no parametric structure, the underlying dynamics could be radically different
from any Lotka-Volterra framework at all, and simply happen to produce similar results.
Even if the Lotka-Volterra model is a good approximation of the community dynamics,
it could be possible that the true microbiota dynamics tend to be more mutualistic
while preserving similar causal profile frequencies. In such a case, similar to how the
competitive community has higher sensitivity of the rarer MM and MP type of profiles,
the mutualistic community may also have higher sensitivity to rarer PP and PM type
of profiles as an inversion of effect of sorts.

• Another possible factor is the nature of perturbations themselves. In the Lotka-Volterra
simulations, we take random Gaussian perturbations, and consider that in the weak
regime, the most sensitive profiles appear to be determined by the specific nature of
the perturbation. However, in a real ecosystem, the perturbations may be directed and
preferentially increase or decrease the growth rate of a large number of species (possibly
determined by their functional roles). Therefore, a stereotypical type of perturbation
occurring in real ecosystems during all these diverse types of disturbances could also
lead to a stereotypical response in terms of the sensitivity of different profiles. This
effect could be complex- despite the nature of the perturbation in A’s gut microbiota
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seemingly different from that of the other two (in terms of the increase/decrease in VCR,
as shown in Figure 4.9), with VCR declining on average in A’s gut versus increasing in
the other two, the results on sensitivity appear to be the same.

Formalizing a simulatable scenario that consistently produces similar trends and responses to
real microbiota is therefore a future goal- consumer-resource models could be an alternative
starting point that could provide a lot of insights, although cross-feeding interactions in
the gut could complicate this. However, dynamical models explaining microbiota resource
uptake in the presence of cross-feeding have been developed and used successfully to recreate
ecological dynamics (Fant et al., 2021). Identifying whether certain communities are indeed
consistently more or less stable in real microbiota, or whether this identity is dependent on
specific facets of the perturbation remains a future area of focus.

Finally, I theorize why the higher sensitivity of PP/PM type communities may be the
case, if it is not genuinely a true trend and is instead a statistical artifact. One option is
that during periods of perturbations, taxa that are typically very rare during normal periods
have a massive increment in (relative) abundance, while the decline in common taxa is less
in terms of percentage increase. This means that since these species show a much greater
abundance value in these cases, the general response of sub-communities across all profiles
containing these species during perturbation periods would be to increase in abundance
over their median values. Thus, for PP or PM-type communities that contain these sorts
of highly-increasing taxa, the community is highly destabilized. MM and MP type profiles
containing these are highly stabilized; however, since these highly increasing taxa are not
particularly common and much of the core microbiome decreases by some extent, due to the
negative effect of abundance increases on VCR, these communities destabilize. This could
also explain why the trend is not robust to picking larger sub-community sizes such as 7
or 10, as the increment to abundance induced a particular taxon tends to be cancelled out
by a large number of other taxa declining. However, this requires further validation and
investigation, especially whether PP/PM type communities are enriched in taxa that have
this sort of increasing pattern, and when other taxa are able to weather this effect.

5.2.2 Implications for Clinical Interventions and Microbial Thera-
peutics

While these results and their implications are in line with our understanding of the human
microbiota as an ecological system, and posits a method to identify perturbations and what
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could potentially variation in sensitivity to them, quite a bit more work may be required before
these methods can be applied as diagnostic or therapeutic tools for recovery or stabilization
of the gut microbiota. Control of microbiome dynamics has been a long-standing goal in
medicine, with approaches borrowed from network modeling and control theory to identify
breakpoints and nodes in metabolic pathways (Angulo et al., 2019; Y.-Y. Liu, 2023). In
addition to understanding the specific effect of perturbation types, it remains to be confirmed
whether real microbiota having higher numbers of PP/PM type profiles compared to others
are more sensitive to reaching dysbiotic states; however, without further understanding of
what exactly constitutes these communities in terms of members, functional roles, or local
interaction structure, it becomes difficult to assign these numbers without prior long-term
sampling, especially given extensive variation in microbiota between different subjects. This
is because the causal profiles are ascribed based on past data. Also, since causal profiles are
assumed to be fixed over time, these comparisons may only be done at the level of comparing
two microbiota to each other as opposed to tracking periods when the fraction PP-type
communities increase in a particular subject’s gut microbiota. This could potentially be
overcome by splitting the time series into different sufficiently long segments and assigning
causal profiles to the same communities in each segment. Though disjoint partitions would
require a tremendous amount of data to be effective, this could be scaled up into some sort
of rolling-window approach to detect where causal profile frequencies tend to fluctuate and
change. This requires careful application of the do-calculus axioms to not violate any causal
inference properties. Regardless, this method on its own also could have some therapeutic
benefits. By assigning profiles to sub-communities and identifying the dynamics of these
select bacterial taxa as biomarkers, one may be able to track some amount of behaviour. For
example, if a particular community (or set of communities) that has been identified as volatile
(regardless of profile) is shown to have an increase in abundance, this may be indicative of
incoming large-scale destabilization in that entire microbiota’s dynamics.

Another aspect limiting the application to therapeutic outcomes is the lack of any species-
level quantification. This is omission by design rather than lack of consideration- there
is a great deal of diversity of taxa not just at the level of presence but also abundance
between individuals, and identifying promoters of sensitivity consistent across microbiota at
the single-taxa level could be both extremely difficult from a methodological standpoint, as
well as ecologically non-tractable, given emergent properties in microbiota at the community
level (Goldford et al., 2018; C.-Y. Chang et al., 2023). This study therefore looks for unified
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approaches at the community level, since species-level metrics may be personalized and not
generalizable. However, given this framework established thus far, this opens up avenues for
future trait or species based annotations.

Another difficulty is the requirement of a robust baseline sampled before the perturba-
tion actually occurs in order to model its effects. Given that clinical interventions typically
occur only upon the onset of perturbation, and sourcing prior data in the absence of any
ailment on a daily basis is logistically challenging, this presents one significant limitation.
However, this is less of a problem if the sampling can be done from the day of the perturbation
starting, ending when the perturbation ends, and using this as a baseline. This inverts the
problem, and the similarity statistic now tracks the extent of recovery of different profiles
and the whole community. In such a setting, given that MP and MM type communities
could potentially be less sensitive, one interventional form of therapeutics upon the onset of
a perturbation could be specific measures that enrich or deplete these specific communities’
abundances. Other future directions could be to relate different community profiles with
clusters of functional roles and pathogenicity to isolate the mechanistic basis of differential
profile volatility.

All may not be futile at the species level, though- a recent study (Medeiros et al., 2023)
highlighted a technique of ranking species by their sensitivity to perturbation under non-
equilibrium conditions using EDM: relating individual sensitivity contributions from this to
causal profiles or functional roles could provide mechanistic insights into the sensitivity of
particular taxa. Some studies have also looked into integrating metabolic factors into EDM
(Munch et al., 2023) as a means of generating more biophysically relevant predictions: apply-
ing a similar amalgamation of physiological factors with EDM may also lead to potentially
more interpretable results.

5.3 Limitations

As with any method or result, it is important to question the limitations and caveats with
its application. As touched upon in the previous section, one shortcoming of the similarity
statistic is that defining a sufficiently long baseline that is indicative of a pre-perturbation
state is a significant factor. This requires both a good amount of sampling as well as belief
that this is truly indicative of the system’s baseline- for a system continuously subjected
to large-scale external disturbances, this may be extremely difficult. Moreover, given no
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further information about the system beyond the abundances of different taxa to identify
perturbations, establishing this baseline and whether a recorded perturbation is genuinely an
indicator of a structural change becomes significantly more difficult.

Another shortcoming is the extremely limited sample size of valid microbial data that
satisfies the necessary conditions for use- in effect, we have only 3 microbiota to study.
While these do show a variety of responses, addition of other longitudinal microbial data
could potentially show further and novel variations. Specifically, given the logistical and
ethical difficulties associated with producing such dense, long-term datasets in human gut
microbiota, replicating these experiments with model systems such as fruit flies and mice
could be a valid further direction. Such datasets have been generated in some recent studies
(Turnbaugh et al., 2009; Gibson et al., 2021), with recorded structural perturbations in terms
of diet and antibiotic treatment as well. These, however, do carry the problem (as well as
advantage, in some sense) of regulated laboratory conditions, stamping out some of the noisy
and heterogeneous continuous disturbances occuring to the microbiota by human lifestyles.
It is potentially possible that these three microbiota show a particular trend, but similar to
the case of weak interactions in the GLV simulations, in other datasets, other outcomes are
also likely to be possible, and this consistency is occurring by chance.

Next, I move onto possible methodological limitations, beginning with EDM-based ap-
proaches. The Jacobian can be sensitive to parameter values and embedding dimension
choices in some regions of the attractor, especially where trajectories can be densely bundled
together. Small changes to the data such as changing the interpolation technique to fill in
missing values, changing the value of θ selected, or adding in alternative kernels or regulariza-
tion terms (Cenci et al., 2019) may change the results observed in some communities. Some
understanding of this could come from quantifying error terms in the Jacobian using methods
outlined in previous papers (Cenci and Saavedra, 2018b). It may, in general, be worthwhile to
add regularization terms to the data, to ensure more accurate Jacobian coefficients. However,
when applying this to 1000 sub-communities over a long time-series, this can become highly
computationally intensive (especially if one with a cross-validated parameter such as elastic-
net, H. Zou and Hastie (2005)), and raises the question whether the same regularization
scheme is appropriate for every sub-community. Another angle presenting difficulties is that
the sampling approach of 4 communities on account of the S-map’s limitation to work in
high dimensions coupled with the fact that it returns a Jacobian only directly proportional
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to the true one limits easy interpretation of community-level trends. This approach is also
fairly data-intensive, requiring long time series. However, by adding in EDM methods such as
dewdrop regression (Hsieh et al., 2008), this could potentially be extended to be applicable
to more datasets. Another weakness of the S-map is that it implicitly assumes the presence
of the system remaining on a single attractor over time- this is because when weighing
states to fit the Jacobian, the presence of a critical transition between attractors can lead
to nonsensical results from combining states from the two attractors if explicit delineation
of states on each attractor cannot be done. Finally, the S-map also assumes stationarity of
the sampled time-series, which may not always necessarily be the case, for example, if some
physiological parameter governing the system gradually changes as the person ages. However,
recent extensions to EDM (Gee et al., 2023) have proposed methods of overcoming this.

The causal inference methodologies also carry several critical defects. One particularly
noteworthy one is that the causal effects are assumed to remain fixed over time- in rapidly
fluctuating natural ecosystems, this may not be true. In Section 5.2.2, I propose a technique
to potentially overcome this by using rolling windows and tracking causal profiles in each,
but this requires a lot of data and may not be extensively reliable. In the current regime,
however, signatures of perturbation onset or recovery associated with changes in local causal
profile within the same community may be eclipsed. Another limitation, and one that could
be causing the failure of the causal discovery model, is the binarization of the data. Since
this binarizes about the median, fluctuations that are barely above the median are treated
identically to major spikes, and small increments or decrements to the raw value caused by
minor environmental changes like food intake may be cancelled out. Developing a bespoke
causal approach based on derivatives that admits continuous values could facilitate better
resolution of causal results in this system. Successful causal discovery would also be extremely
beneficial as it allows the validation of the structure of the causal graph. Adding lags in the
metadata to try to explain causal effects could also be insightful, as the effects of lifestyle
changes may take time to actually affect the ecological structure of the microbiota. Finally,
one subtle potential fault when assigning the causal profiles is that while each causal effect
certainly has a sign, it may not necessarily be significant. This can be validated by using
a G2-test: it may provide some more resolution into the dynamics of each profile if these
non-significantly signed communities are excised.

Finally, a limitation with the sampling methodology is that these 4-taxon communities
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are formed ad-hoc from a larger taxon pool and may not necessarily exist in reality, given
extant spatial separation in the gut- however, this is a problem at the level of the whole
ecosystem as well. This presents a problem for any sampling-based microbiota study that uses
samples of fecal/salivary matter without actually using tissue samples from the relevant organ
section (which is naturally impossible in a majority of human gut studies). However, I do not
consider this as a major potential bias, since many physiological changes, especially to external
perturbations occur in a concerted manner affecting a whole bacterial metapopulation, and
if two particular taxa are indeed spatially separated and regulated by distinct ecosystem
processes, their dynamics will be independent and thereby the interactions inferred by the
Jacobian will be minimal.

5.4 Future Directions

This thesis has only been a preliminary step into understanding the dynamics of pertur-
bation response and recovery in complex nonlinear ecosystems. In this section, I highlight
potential further analyses that could elucidate a deeper understanding of the properties of
these systems. These are suggested at multiple different levels of the analysis, and while not
all of them may be feasible, or produce meaningful and complementary results, I trace them
out here in any case as a logbook of potential ideas.

First, I think about the microbiota itself as a system, and what further questions may
be useful to ask. For one, it could be extremely fruitful to scale this down to the species
level and look for distinctive trends. One such analysis could be whether the same taxa in
each microbiota have similar dynamics, and if not, why so. Another approach could be to
compute species-level sensitivity rankings, similar to the approach taken in a recent study
using EDM (Medeiros et al., 2023), and see how this changes over time as the perturbation
begins and ends. Another recent study (Medeiros and Saavedra, 2023) takes this further
and decomposes the VCR into terms of time-varying individual species variability terms
and species correlated responses, the linkage between changes in the abundances of different
species, which could also tell us the role of specific interactions in structuring the system. It
could also be interesting to see if the responses of different taxa to perturbations, possibly
quantified using the similarity statistic, are phylogenetically correlated (similar to Sireci
et al. (2023)). An alternative approach could also potentially to perform some sort of causal
discovery of individual taxa abundances on other variables (including other taxa abundances)-
this could identify taxa that respond early and recover early and potentially cause others to
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deplete/recover, thereby acting as indicators of sorts. On another note, it could be insightful
to compare the fractions of taxa in different profiles, and see if there are consistent patterns
of occurrence (or co-occurrence between taxa) that are consistent predictors and indicators
of a particular causal profile.

Yet another potentially interesting direction to lead this analysis would be to apply EDM
methods and see if there are dynamical linkages between salivary microbiota changes and gut
microbiota changes, considering the movement of food and saliva into the gut. While the
original analysis by David et al., 2014a did not show any connections at the raw abundance
level, there may be EDM-based approaches that successfully predict some aspect of gut
microbiota processes with changes in the saliva microbiota as a prior warning of sorts. This
could revolutionize biological monitoring, given how much easier it is to produce salivary
samples compared to fecal samples. Taking this further, building a working baseline for
compositions of coexisting communities at different positions in the alimentary canal could
enable building spatially explicit metapopulation-based models of perturbation, and assessing
how perturbations may propagate down to more or less critical or sensitive regions. Finally,
it is worth noting that most of these bacterial OTUs have not been successfully cultured
in a laboratory environment, a factor that is suspected due to their association with very
specific cross-feeding partners and environmental conditions (Turnbaugh et al., 2007; Tanaka
and Benno, 2015; Lagier et al., 2016). These studies that look into interaction strength
variation while explicitly looking into environmental variation could provide a framework
for identifying potential conditions and partners which would allow the growth of these
taxa, permitting further metabolic, functional and genomic annotation. For example, the
phylum Saccharibacteria (or TM7), resident in the oral microbiota, and recorded as one
of the more common taxa, has been only recently cultured in a lab, and found to display
fascinating epibiont behavior, dependent entirely on attaching to other host bacteria for
survival (Bor et al., 2019). Rare species can also have significant effects on the ecological
dynamics (Säterberg et al., 2019), especially if they take the form of keystones (Wang et al.,
2023)- including the previously excluded species and working around their sparsity could
provide higher-resolution windows into dynamical changes.

Next, we turn to the EDM based approach and the stochastic simulations. For one, it
may be interesting to look into how variation in other simulation parameters affect the results.
Another issue that has been brought up several times earlier is to add negative growth rates
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and to replace the linear functional response with a sigmoidal Holling’s functional response
in the standard Lotka-Volterra model, aimed at stabilizing positive interaction settings. This
allows us to compute sensitivity and causal profiles in mutualistic communities as well, and
compare with weak-interaction and competitive cases. Another potential angle would be
to modify the EDM methodology slightly to perform a CCM (convergent cross-mapping)
between the taxa abundances a priori to construct a more pruned and robust interaction
network before applying the S-map. This approach is more similar to what some other EDM
studies of species networks have carried out (Ushio et al., 2018; Zhao et al., 2023; Merz et al.,
2023). We do not use this approach, since the interactions we compute are based on aggregate
effects, and thus, causal interaction mapping could potentially lead to spurious results by
mixing together indirect effects. This is potentially less of an issue in communities with
stronger trophic structure; however, given overlapping metabolic pathways and cross-feeding
behavior observed in the gut microbiota (Culp and Goodman, 2023), we avoid this approach.
Regardless, it could be illuminating to apply these methods to a CCM-reconstructed inter-
action network and seeing if any differences in dynamics are observed. In accordance with
this, it could also be interesting to compare these results with the output of the MDR S-map
(Chang et al., 2021), a method that uses multiview embedding (to generate multiple possible
permutations of lower-dimensional state-space reconstructions, as per Ye and Sugihara (2016))
along with the regularized S-map (Cenci et al., 2019) to model high-dimensional ecosystem
responses. We have avoided this because of potential concerns with noise, but this could also
show similar results.

Another important direction forward would be naturally to validate if the trend seen in the
real microbiota is true, that profiles PP/PM could potentially be more sensitive. This could
be done either by development of mechanistically motivated models, experimental validation,
or more sophisticated and careful statistical analysis on these and other datasets. One way
to increase the pool of viable datasets is to move beyond focusing specifically on human
microbiota. It could be interesting to look into this in other systems such as the ocean,
other organismal and bodily microbiotas, as well as macroecological scales such as vegetative
dynamics. Recent work on community transitions (Long et al., 2024) has shown a distinction
in vaginal and ocean microbiota compared to salivary and gut microbiota, possibly based on
the seasonality of the dynamics. Another potential experimentally-driven angle would be
to look at cocultures of these taxa and compute their traditional Lotka-Volterra interaction
strength (this can be done by growing one alone, and then in the presence of the other, and
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evaluating ratio of final outcome). This gives us the raw pairwise interaction, which can
then be subtracted from the Jacobian-determined interaction strength to assess the role of
higher-order interactions in this system, and if they facilitate the display of responses seen.
Previous work (Gibbs et al., 2022) has shown that higher-order interactions can promote
coexistence in diverse communities. From this, we may revisit the attractor, and potentially
fit polynomials in lieu of a hyperplane to test if these could act as potential coefficient matrices
for higher-order interactions too.

To sum up, our work provides a set of possible metrics and results that can be compared
across microbiota to look for commonalities, aimed towards building a general framework for
catalyzing ecological recovery in microbiota. This work highlights the key role of interactions
in shaping microbial community sensitivity, describes a method of identifying perturbations,
and suggests a method of partitioning gut bacteria into profiles on the basis of the role of
fluctuations in their community-level parameters of abundance and interaction strength on
sensitivity as a possible determinant of their variation in response. Given a sufficiently rich
time series, this tractable framework could be used effectively towards designing interventions
for a range of large ecosystems undergoing external perturbation.
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Appendix A

Robustness Checks

“Nurse”, he said, “it’s an appendix!”

Madeline, Ludwig Bemelmans

In producing the above results, several schemes, parameter values and methods have been
assumed in order to carry out this pipeline. While these choices are largely made based
on logical assumptions, it is important to test that other changes and definitions of these
parameters do not lead to drastically different results. This section of the appendix is mostly
concerned with this. Specifically, I confront the following questions-

• To fill in missing data points, I use linear interpolation. Another alternative way to fill
in these missing values would be to use some kind of nonlinear interpolation algorithm.
While spline produces frequently negative results, unrealistic for real ecosystems, I
adapt the framework of simplex projection to fill in missing values, and confirm that
results remain qualitatively similar.

• I grouped results at the family results as a means of dimensionality reduction while
preserving metabolic function. What happens if this grouping is done at the genus or
order level instead?

• To remove rare families, I set a cutoff of no more than 14 days of no zero abundances
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as a threshold. What happens if I make it stricter (7 days) or looser (21 days), leading
to inclusion of different subsets of the taxon pool?

• Finally, this analysis has been done taking sub-community cluster sizes of 4. What
happens if we increase the size of these? Are results unchanged?

Our major three results are the similarity statistic, the causal profile frequencies, and the
differing sensitivity of each causal profile. Thus, for each of the above cases, I demonstrate
these three. While there are additional cases combining the two that could be tried out (for
example, grouping at the order level and using a cluster size of 7)- however, naturally, due to
the prohibitively large number of combinations that this would produce, I do not carry these
out.

A.1 Simplex Projection to fill in missing values

The idea of simplex projection is described in Section 2.2.2- basically, the idea is to predict
the fate of a focal point by looking at the fate of a given set of neighboring points, and
taking the average. Here, I use simplex projection in a slightly unconventional application, to
interpolate missing values in the microbiota dataset of the 2 subjects in the study. This is
useful because it interpolates nonlinearly, so any trends that could potentially be emerging
from the linear interpolation of missing data are removed. Specifically, since every sub-
community is embedded in 4 dimensions, for each embedded point right before a missing
value, I find the 5 nearest neighbours by Euclidean distance from the focal point, and take
their average as the next state. This is sequentially repeated for each missing point. This
is a slightly unnatural application of the technique, considering I use future values to fill in
past values, but this is still logically consistent since it is within the same time series, and
takes only the distance into account. This fills in the data and allows S-map reconstruction
the same way as before. Then, by cutting out rarer families according to the 2-week cutoff
previously used, this leaves us with 38 taxa in A’s gut, 44 in A’s saliva, and 21 in B’s gut.
Note that this is more than the linear interpolation case, because the simplex can potentially
predict a non-zero state between two zero values if the distance metric predicts this, which is
not possible in linear interpolation- thus, a few more taxa are retained. Then, reconstructing
the VCRs, abundances and interaction strengths, the similarity statistic and causal profiles
are computed. Figures A.1 and A.2 display the similarity statistic over time for each of the
microbiota at the whole community level and then split by profiles, and Table A.1 lists the
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frequency of each profile.
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Figure A.1: Similarity Statistics for 3 microbiota with simplex interpolation. Note
the response during the perturbation being roughly similar, but other trends disappearing-
for instance, the large dip observed in A’s saliva around Day 275. This shows that the success
of the similarity statistic to pick up known perturbations, in any case, is not affected by
interpolation schemes.

Clearly, qualitative results to the whole community remain largely unchanged- the simi-
larity statistic still effectively picks up the periods of perturbation. However, notably, the
major perturbations that were seen around Day 275 for Subject A’s salivary microbiota
have disappeared, leaving behind a constant but low similarity statistic as opposed to the
significant dip seen earlier. This is also true of the smaller perturbation seen in Subject B’s
gut. This suggests that these could potentially be the result of artifacts introduced by linear
interpolation, and not major genuine perturbations. However, the simplex projection appears
to generate a few new perturbation periods, such as immediately after the perturbation period,
as well as a large dip seen some time after Day 200. Given this, it is hard to identify and
assign specific identities to unannotated perturbations in A’s saliva. The profile frequencies
also remain preserved across the previous case of linear interpolation, with MM profiles
dominating, and PP and PM generally being rarer.

Looking at the results of Figure A.2, we see that qualitative results remain somewhat
unchanged but become extremely noisy- in Subject A’s and B’s gut, the similarity declines
strongly, preferentially affecting PP and PM type communities, but the profile MP also
appears to respond highly in B’s gut. In Subject A’s saliva, the trend around Day 275
disappears, and the profile PP/PM, contrary to expectation, appears to become more stable
during the period of perturbation. However, simplex projection appears to pick up a curious
response immediately after the perturbation ends, wherein PP/PM respond more strongly.
This is not seen in the original linearly interpolated data, and is especially strange because
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Microbiota Profile MM Profile MP Profile PM Profile PP

A’s gut 475 245 148 132

A’s saliva 441 271 182 106

B’s gut 357 228 206 209

Table A.1: Frequencies of each profile in different microbiotas. Note the consistent trend
across all 3 microbiota, exactly qualitatively similar as before- MM is the most common, then
MP, then PM, then PP.
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Figure A.2: Profile-based sensitivity for the microbiota. Note that trends remain
roughly unchanged, but the higher sensitivity of Subject A’s saliva in the perturbed region
seems to switch somewhat. There also appear to be new major perturbations immediately
after the perturbation and somewhere in the middle.

this region (as well as the region around Day 200 with another spike) does not have any
major missing periods of data. Therefore, it may be challenging to infer anything meaningful
or specific about these novel perturbations without further investigation. However, it is
important to note that while the profile-based sensitivity is extremely noisy, the results on
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causal profile frequency and whole-community similarity remain highly consistent with the
original case, proving that these are not affected by the values filled in by linear interpolation.

A.2 Other Taxonomic Levels
In this section, I group the data at the genus and order levels. Going further to species

or class level may be either too coarse or too specific to make any generalizable conclusions.
The same cutoff period of 2 weeks for rare species is used in all cases. This leaves 17 orders
and 51 genera in A’s gut microbiota, 24 orders and 61 genera in A’s salivary microbiota, and
10 orders and 28 genera in B’s gut microbiota. Once again, the S-map is applied and the
pipeline of similarity statistic and causal profile calculation is applied. Results are shown
below in Figure A.3 with both whole-community and profile-level similarity statistic, and
Table A.2 for the case of the grouping at the order level. Results for the family level are seen
in Figures A.4 (both whole and profiles) and Table A.3 beneath that.
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Figure A.3: Order-level grouping. While the whole-community level similarity statistic
remains highly robust and effect, the profiles become highly noisy, possibly because of the
coarse-graining of different orders.

We see from these two analyses that major trends remain largely unchanged- the causal
profiles and similarity statistic remain successful and consistent. However, the profile similarity
statistic becomes far noisier- looking at the order level, in A’s gut, profile type PM remain more
sensitive, while PP is indistinguishable from the others. A’s saliva during the perturbation
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Microbiota Profile MM Profile MP Profile PM Profile PP

A’s gut 402 273 179 146

A’s saliva 347 249 240 164

B’s gut 370 290 221 119

Table A.2: Frequencies of each profile in different microbiotas, grouped at the order level.
The trend remains consistent with the original annotation.
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Figure A.4: Genus level. Here also, we note the success of the whole-community similarity
statistic, but observe that while the profiles generally seem to respond, the response is much
more noisy and mixed here as well.

period is incredibly messy, with all profiles responding together and no consistent behavior-
however, the strange perturbation around Day 275 continues to show higher PP/PM sensitivity.
B’s gut shows profiles PP, PM and MP all responding very similarly and strongly to the
perturbation. This is also the case for the genus-level grouping, which shows similar trends
to the order level in terms of these responses becoming extremely noisy and inconsistent.
While these could likely be a consequence of coarse-graining/addition of noise arising from
this potentially not being the optimal taxonomic level, this shows that the causal profiles in
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Microbiota Profile MM Profile MP Profile PM Profile PP

A’s gut 549 256 119 76

A’s saliva 389 279 183 149

B’s gut 314 209 242 235

Table A.3: Causal profile frequencies at the genus level- note the same consistent trend
across all 3 microbiota also seen in the family-level and order-level data.

general may not be the most accurate explainer of variation in sensitivity response during
perturbations, though there could potentially be some sort of insight from this.

A.3 Differing Rare Species Cutoffs

Once again, 2 alternative cases are assessed here, pertaining to the sparsity cutoffs for
inclusion of a particular family in the final datasets. Since the original cutoff was no more
than 2 weeks of no abundance, I use one cutoff of only one week of zero abundance permissible
(stricter) and one of three weeks of zero abundance permissible (looser). The stricter one-week
cutoff retains 26, 35, and 14 taxa in A’s gut, A’s saliva and B’s gut respectively. The looser
3-week cutoff retains 37, 45 and 20 taxa in the same order. Note that these are not too
different from the 2-week cutoff- this is because a vast majority of taxa are extremely rare,
being recorded only during a few days and being zero otherwise. Figure A.5 shows the
similarity statistic both with and without the causal profiling for the 1-week cutoff, with
the frequencies recorded in Table A.4. The three-week cutoff can be seen in Figure A.6 and
Table A.5.

Seeing the plots, we do not see much qualitative difference between these and the original
results- the similarity statistic still successfully logs the perturbation, the causal profile
frequencies remain consistently ordered. The causal profile sensitivity appears to show
PP/PM as more sensitive here also, though A’s saliva during the perturbation period is highly
inconsistent. However, the inclusion/exclusion of these rarer species may not have much of
an appreciable effect on the average subcommunity’s dynamics, so this is to be expected.
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Similarity Statistics: One Week Threshold for Rare Species

Figure A.5: Similarity statistic plots with a 1-week cutoff. Note minimal qualitative
change from the 2-week case- responses remain largely the same, except the saliva’s perturba-
tion period appearing to be much noisier, and the profiles being much more similar in B’s
gut, though PP/PM remain more sensitive.

Microbiota Profile MM Profile MP Profile PM Profile PP

A’s gut 468 255 179 98

A’s saliva 395 275 174 156

B’s gut 337 229 206 228

Table A.4: Frequencies of each profile in different microbiotas: one week cutoff. The trend
of MM being the most common and PP/PM being rarer in general continues here as well.

A.4 Larger Cluster Sizes

Finally, all this analysis has chosen sub-communities with a fixed size of 4 taxa. What
happens if we choose larger values? I do not pick smaller values, as then the community
structure becomes too constrained and not diverse enough to show rich dynamics. Picking
clusters too large will show effectively random dynamics (Cui et al., 2021). Below, I show
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Subject A’s gut microbiota Subject A’s salivary microbiota Subject B’s gut microbiota

Similarity Statistics: Three Week Threshold for Rare Species
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Figure A.6: Similarity statistic plots with a 3-week cutoff. Subject A’s saliva appears
to show no consistent response here neither in the perturbed region nor clearly outside,
though Subject A’s gut and B’s gut both display consistent trends.

Microbiota Profile MM Profile MP Profile PM Profile PP

A’s gut 487 239 169 105

A’s saliva 363 260 231 146

B’s gut 342 280 195 183

Table A.5: Frequencies of each profile in different microbiotas: three week cutoff. The trend
of MM being dominant with PP typically being the rarest persists.

results for cluster sizes of 7 (Figure A.7 and Table A.6) and 10 species (Figure A.8 and
Table A.7). Note that when taking larger community pools, a smaller portion of the total
combinations get represented by 1000 samples (as the ways of picking 10 species out a pool
of 30 is far higher than the ways of picking 4- 1096 times more ways!) Therefore, there may
potentially be minor biases emerging here from the extremely small pool of total communities
sampled, but it is worth noting that 1000 groups of 10 species is likely to sample interactions
between any 2 species multiple times, providing a complete picture.
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Figure A.7: Results with a subcommunity size of 7 taxa. Note that while the
similarity statistic on the whole community continues to operate with high fidelity, the results
on the profile similarity statistic appear to become inconsistent.

Microbiota Profile MM Profile MP Profile PM Profile PP

A’s gut 442 286 175 97

A’s saliva 334 259 226 181

B’s gut 350 250 167 233

Table A.6: Frequencies of each profile in different microbiotas with a cluster size of 7. The
trend remains conserved.

First, we note that the causal profile frequencies and similarity statistic on the whole
community remain highly similar to the original case, indicating that these are genuine trends
that hold in any case. Therefore, it would be safe to infer that the similarity statistic can pick
up whole community perturbations, and the causal profile frequencies of microbiota follow a
fixed pattern. However, the causal profile does not appear to be a consistent predictor of
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Subject A’s gut microbiota Subject A’s salivary microbiota Subject B’s gut microbiota
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Figure A.8: Results with a subcommunity size of 10 taxa. Similar to the case
of 7 taxa, the similarity statistic on the whole community succeeds, but the causal profile
sensitivity is not consistent with what is seen before.

Microbiota Profile MM Profile MP Profile PM Profile PP

A’s gut 442 286 175 97

A’s saliva 334 259 226 181

B’s gut 350 250 167 233

Table A.7: Frequencies of each profile in different microbiotas, sampling 10 taxa each into a
subcommunity.

variation in sensitivity of response, as evidenced here. In principle, selecting larger taxon
pools should not have much of an effect on the observed dynamics, unless a prohibitively
large size is taken (in which case there may be random behavior, as previously mentioned).
However, 7 and 10 should logically be fairly stable given the richness of roughly 30 taxa seen
otherwise. In the cluster-7 case, we see that A’s gut continues to have PM slightly more
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sensitive, but PP stabilizes and is no longer responding distinctively. A’s saliva appears to
have the opposite during the period of perturbation- PP responds strongly, but PM appears
to be indistinguishable from MP/MM profiles. While the PP/PM communities do respond
much more strongly during the later unannotated perturbation, given the results from simplex
projection in Appendix A.1 completely removing this dip, I do not treat this as a potential
validation, and it is entirely possible that this trend is an artifact of missing data. Finally,
the trend also completely disappear in Subject B’s gut, which shows an appreciable dip, but
profile PP seems to stabilize while MM seems to be responding more strongly along with
PM. In the case of 10 species, all profiles in A’s gut appear to be be responding identically,
while only PP is more unstable in A’s saliva. B’s gut, similar to the 7-cluster case, shows
a more unstable PM and MM. This suggests that the trends that we see taking 4 species
at a time are in general, not consistent, given that sampling larger sub-communities should
not have a major effect on the system. It is possible that the trends generally tend to be
true but non-robust, with even a small increase in cluster size leading to loss of structure as
the average community becomes more random, but this likely indicates that there may be
other additional factors alongside the causal profile that truly determine differential sensitivity.

In light of all of the above analyses, I find it difficult to conclude that profiles PP and
PM have higher sensitivities in real microbiota- while this certainly provides an interesting
avenue for future justification and validation, it is difficult to conclude this as a consistent
result given the current state of data.



Appendix B

Additional parameter value plots

To ruminate means to consider to chew
this life into something more digestible.
A cow might spend half its living just
ruminating.

Sam Sax

In this section, I include plots of many of the main results for other different values- the
main text contains many plots for specific parameter choices to enhance interpretation. The
remainder of the plots validating that these results are true across different settings can be
seen here.

B.1 Families included in each microbiota

A’s gut A’s saliva B’s gut

Actinomycetaceae Actinomycetaceae Actinomycetaceae

Alcaligenaceae Aerococcaceae Bacteroidaceae

Bacteroidaceae Bacillaceae Carnobacteriaceae

123
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Bifidobacteriaceae Bifidobacteriaceae Catabacteriaceae

Campylobacteraceae Burkholderiaceae Clostridiaceae

Carnobacteriaceae Campylobacteraceae Clostridiales Family XIII*

Catabacteriaceae Cardiobacteriaceae Comamonadaceae

Clostridiaceae Carnobacteriaceae Coriobacteriaceae

Clostridiales Family XI* Clostridiales Family XI* Enterobacteriaceae

Clostridiales Family XIII* Clostridiales Family XIII* Erysipelotrichaceae

Comamonadaceae Comamonadaceae Lachnospiraceae

Coriobacteriaceae Coriobacteriaceae Leuconostocaceae

Desulfovibrionaceae Corynebacteriaceae Moraxellaceae

Enterobacteriaceae Enterococcaceae Rikenellaceae

Enterococcaceae Erysipelotrichaceae Ruminococcaceae

Erysipelotrichaceae Eubacteriaceae Streptococcaceae

Eubacteriaceae F16 Veillonellaceae

Gemellaceae Flavobacteriaceae Verrucomicrobiaceae

Lachnospiraceae Fusobacteriaceae

Leuconostocaceae Gemellaceae

Moraxellaceae Hydrogenophilaceae

Pasteurellaceae Intrasporangiaceae

Porphyromonadaceae Lachnospiraceae

Prevotellaceae Methylophilaceae
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Rikenellaceae Micrococcaceae

Ruminococcaceae Neisseriaceae

Staphylococcaceae Oxalobacteraceae

Streptococcaceae Pasteurellaceae

Turicibacteraceae Peptococcaceae

Veillonellaceae Peptostreptococcaceae

Planococcaceae

Porphyromonadaceae

Prevotellaceae

Propionibacteriaceae

Spirochaetaceae

Staphylococcaceae

Streptococcaceae

Veillonellaceae

*Incertae Sedis

B.2 Abundance and Mean Interaction Strength Varia-
tion

In Figure 4.7, I showed the VCR variation over time for some sample communities.
Here, I briefly show the variation in abundance and mean interaction strength over time for
these same communities to show further records of response diversity, and how complex and
nonlinearly related these dynamics can be. Figure B.1 depicts these plots for abundance, and
B.2 for mean interaction strength. This shows clear diversity in response across different
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sub-communities, with some communities’ parameter of interest increasing, decreasing or
remaining unaffected (at least, at first glance) to the period of perturbation. While this is
easy to imagine for abundance, this justifies why isolating drivers of this variation in the
VCR is a complex issue.
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Figure B.1: Community abundances. This is the same set of communities in Figure 4.7-
this indicates that each of them have different abundances over time as well, changing in no
characteristic manner, especially during the highlighted perturbation period.
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Figure B.2: Community mean interaction strengths. Similar to the previous plot,
for the same set of communities in Figure 4.7, this shows the diversity of responses in mean
interaction strength with time.

B.3 Simulated Time-series Plots: Other Parameter Val-
ues

This section displays the similarity statistics of the simulated Lotka-Volterra communities
in the other growth rate regimes. Figure B.3 shows the similarity statistic for the µr = 3 and
µr = 13 cases. Similarity to the µr = 8 case seen in Figure 4.2, we see an appreciable amount
of recovery in the µA = 0 case, and some cases of hindered recovery when µA is competitive.
Results are clearly identical, showing that growth rate, while having an effect, does not
determine as much as the interaction strength here. Similarly, I replicate these results by
splitting these into causal profiles and applying the similarity statistic in Figure B.4. Here
too, we see identical results to the µr = 8 case- that is, in competitive settings, MM and
MP type communities respond more strongly, while results in the weak-interaction regime,
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no particular profile is dominant. It has already been shown in Table 4.1 that interaction
strength changes do induce a sort of continuous transition of profile frequencies across growth
rates- therefore, it is not unexpected that they produce similar results.
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Figure B.3: Similarity statistics over time for simulated communities with mean
growth rates of 3 (first row) and 13 (second row). Highlighted region indicates period
of perturbation- note the conserved dip in similarity statistic upon onset of perturbation, and
possible incomplete recovery in competitive communities, as expected and seen in the case of
mean growth rate 8 in Figure 4.2

.

B.4 Distribution of Natural Causal Effects

Here, in Figure B.5, I provide a histogram of the values of natural direct and indirect
effects of each community. This shows that most effects, while centered about 0, show quite
a bit of spread. This spread appears to be higher in the case of abundance, while interaction
effects are consistently slightly closer to 0. However, there is an appreciable range of values,
both within a particular system as well as across systems. Interaction effect histograms look
largely the same across all 3 microbiota, though- this can be refined with a G2-test, or further
analysis of the types of interaction changes occurring in the system.
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Figure B.4: Similarity statistics by profile for simulated communities with mean
growth rates of 3 (first row) and 13 (second row). Highlighted region indicates period
of perturbation. We see here that in competitive communities, MM and MP, as expected,
respond more, while responses are mixed in weak interaction regimes, similar to the other
case of µr = 8 in Figure 4.6.
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Figure B.5: Histograms of NIE and NDE. The NDE (top row) shows a wide distribution
of values, while the NIE is more centered about 0. Regardless, this shows a range of responses
in the community, as well as drawing out a commonality in NIE histograms.
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