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Abstract

The human gut microbiome is a complex ecosystem, in which hundreds of microbial species
and metabolites coexist, in part due to an extensive network of cross-feeding interactions.
However, both the large-scale trophic organization of this ecosystem, and its effects on the
underlying metabolic flow, remain unexplored. Here, using a simplified model, we provide
quantitative support for a multi-level trophic organization of the human gut microbiome,
where microbes consume and secrete metabolites in multiple iterative steps. Using a manu-
ally-curated set of metabolic interactions between microbes, our model suggests about four
trophic levels, each characterized by a high level-to-level metabolic transfer of byproducts. It
also quantitatively predicts the typical metabolic environment of the gut (fecal metabolome)
in approximate agreement with the real data. To understand the consequences of this tro-
phic organization, we quantify the metabolic flow and biomass distribution, and explore
patterns of microbial and metabolic diversity in different levels. The hierarchical trophic orga-
nization suggested by our model can help mechanistically establish causal links between
the abundances of microbes and metabolites in the human gut.

Author summary

Trillions of microbial inhabitants of a human gut play a crucial role in human health and
disease. This ecosystem is composed of hundreds of individual species and shaped by
extensive nutrient exchange. The network of such cross-feeding interactions between
microbes has been extensively studied and shown to be staggeringly complex. Here we
propose an algorithm to arrange this network in multiple trophic levels guiding the flow
of nutrients from lower to higher levels. This organization is reminiscent of macroscopic
food webs converting the biomass from plants to herbivores and ultimately to carnivore
predators. We build a simplified model, providing quantitative support for a multi-level
organization of the human gut microbiome. It allows us to predict the typical metabolic
environment of the gut (fecal metabolome) in individual patients that is in approximate
agreement with the experimental data. The hierarchical trophic organization suggested by
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our model can help establish causal links between the abundances of microbes and metab-
olites in the human gut.

Introduction

The human gut microbiome is a complex ecosystem with several hundreds of microbial spe-
cies [1, 2] consuming, producing and exchanging hundreds of metabolites [3, 4, 5, 6, 7]. With
the advent of high-throughput genomics and metabolomics techniques, it is now possible to
simultaneously measure the levels of individual metabolites (the fecal metabolome), as well as
the abundances of individual microbial species [8]. Quantitatively connecting these levels with
each other, requires knowledge of the relationships between microbes and metabolites in their
shared environment: who produces what, and who consumes what? [9, 10] In recent studies,
information about these relationships for all of the common species and metabolites in the
human gut has been gathered using both manual curation from published studies [6] and
automated genome reconstruction methods [3]. This has laid the foundation for mechanistic
models which would allow one to relate metabolome composition to microbiome composition
[11,12].

More generally, the construction of mechanistic models has been hindered by the complex-
ity of dynamical processes taking place in the human gut, which in addition to cross-feeding
and competition, includes differential spatial distribution and species motility, interactions of
microbes with host immune system and bacteriophages, changes in activity of metabolic path-
ways in individual species in response to environmental parameters, etc. This complexity can
be tackled on several distinct levels. For 2-3 species it is possible to construct a detailed dynam-
ical model taking into account the spatial organization and flow of microbes and nutrients
within the lower gut [13, 14], or optimizing the intracellular metabolic flows as well as compe-
tition for extracellular nutrients using dynamic flux balance analysis (dFBA) models [15, 4].

For around 10 microbial species, and a comparable number of metabolites, it is possible to
construct a consumer-resource model (CRM) taking into account microbial competition for
nutrients [16], the generation of metabolic byproducts [17], and the different tolerance of spe-
cies to various environmental factors like pH [14, 18]. Using the existing experimental data on
consumption and production kinetics of different metabolites, it is possible to fit some (but
not all) of around 80 parameters in such a model [19]. These models are also capable of incor-
porating cross-feeding interactions between microbial species, as well as community assembly
processes [19, 20]

However, modeling 100s of species and metabolites, typically present in an individual’s gut
microbiome, requires thousands of parameters, which cannot be estimated from the current
experimental data. Therefore, any such model must instead resort to a few “global parameters”
that appropriately coarse-grain the relevant ecosystem dynamics. Here, we propose such a
coarse-grained model of the human gut microbiome, hierarchically organized into several dis-
tinct trophic levels. In each level, metabolites are consumed by a subset of microbial species in
the microbiome, and partially converted to microbial biomass. A remainder of these metabo-
lites is excreted as metabolic byproducts, which then form the next level of metabolites. The
metabolites in this level can then be consumed as nutrients by another subset of microbial spe-
cies. Our model needs two global parameters: (1) the fraction of nutrients converted to meta-
bolic byproducts by any microbial species, and (2) the number of trophic levels into which the
ecosystem is hierarchically organized.
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While previous studies have suggested that such cross-feeding of metabolic byproducts is
common in the microbiome, the extent to which this ecosystem is hierarchically organized
has not been quantified. Our model suggests that both, the gut microbiome, and its relevant
metabolites, are organized into roughly 4 trophic levels, which interconnect these microbes
and metabolites in quantitative agreement with their experimentally measured levels. We also
show that this model generates new predictions for the distribution of biomass and flow of
metabolites through these trophic levels, quantify the relative contribution of the observed
microbes and metabolites to these levels, and thereby describe the effective diversity at each
level.

Results
Multi-level trophic model of the human gut microbiome

Our model aims to approximate the metabolic flow through the intricate cross-feeding net-
work of microbes in the lower intestine (hereafter, “gut”) human individuals (Fig 1A). This
flow begins with metabolites entering the gut, which are subsequently consumed and pro-
cessed by multiple microbial species. We assume that each microbial species grows by convert-
ing a certain fraction of its metabolic inputs (nutrients) to its biomass and secretes the rest as
metabolic byproducts (Fig 1B). We define the byproduct fraction, f, one of the two key param-
eters of our model, as the fraction of nutrients secreted as byproducts. The complementary
biomass fraction, 1 — f, is the fraction of nutrient inputs converted to microbial biomass. The
metabolic byproducts produced from the nutrients entering the gut, can be further consumed
by some species in the microbiome, in turn generating a set of secondary metabolic bypro-
ducts. We call each step of this process of metabolite consumption and byproduct generation,
a trophic level. Due to factors such as limited gut motility, and a finite length of the lower gut,
we assume that this process only continues for a finite number of levels, N, the second key
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Fig 1. Overview of the trophic model, its calibration and predictions. (A) Schematic diagram showing the various steps in the trophic model, which
uses fits the gut nutrient intake profile best approximating the measured metagenome, and outputs a predicted metagenome (microbial abundances)
and metabolome. The experimentally measured metabolome is used to calibrate the number of trophic levels, N, and byproduct fraction, f of the model.
(B) “Zoomed-in” view of the trophic model from (A), with different microbial species (red) and metabolites (blue) spread across the four trophic levels
suggested by the model. At each level, metabolites are consumed by microbial species, and converted partially to their biomass, while the remainder is
secreted as metabolic byproducts, which are nutrients for the next trophic level. Metabolites that are left unconsumed across each level are assumed to
eventually exit the gut as part of the fecal metabolome, while the biomass accumulated by each species across all levels contributes to the metagenome.

https://doi.org/10.1371/journal.pcbi.1007524.9001
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parameter of our model. At the end of this process, metabolites left unconsumed after passing
through N, trophic levels are assumed to leave the gut as a part of the feces (Fig 1B).

In order to quantitatively describe all the steps of this process, our model requires the fol-
lowing information:

« The metabolic capabilities of different microbial species in the gut, i.e., which microbes can
consume which metabolites, and secrete which others. For this, we used a manually curated
database connecting 567 common human gut microbes to 235 gut-relevant metabolites they
are capable of either consuming or producing as byproducts [6] (see Methods for details).

o The nutrient intake to the gut, which is the first set of metabolites that are consumed by
the microbiome. Since the levels of these metabolites in a given individual are generally
unknown, we first curated a list of 19 metabolites likely to constitute the bulk of this nutrient
intake, and subsequently fitted their levels to best describe the observed microbial abun-
dances in the gut of each individual (see Methods). We collected such microbial abundance
data from various sources, in particular: 380 samples from the large-scale whole-genome
sequencing (WGS) studies of healthy individuals (Human Microbiome Project (HMP) [1]
and the MetaHIT consortium [2, 21]), 41 samples from a recent 16S rRNA study of 10 year
old children in Thailand [22].

The kinetics of nutrient uptake and byproduct release, i.e., the rates we refer to as A’s, at
which different microbial species obtain and secrete different metabolites in the gut environ-
ment (see Methods for details of how we defined X’s). Since this information is unknown for
most of our microbes and metabolites, we made some simplifying assumptions. We assumed
that, in a given level, when species consume the same metabolite, they receive it in propor-
tion to their abundance in the microbiome. When secreting metabolic byproducts, we
assumed equal splitting, such that every metabolite secreted by a given species was released
in the same fraction. However, we later verified that the predictions of our model was rela-
tively insensitive to the exact values of these parameters, by repeating our simulations with
randomized values of these parameters (see S1 Fig).

Simulating the trophic model

Our model describes the transit of nutrients from the lower gut to the feces of a specific
human individual. As the nutrients transit through the gut, the microbial species in the gut
consume, digest and convert them to microbial biomass and metabolic byproducts. For a spe-
cific individual, our model comprises multiple iterative steps of metabolite consumption by
microbes and the subsequent generation of metabolic byproducts, with each step constituting
a trophic level. At each level, all metabolites produced in the previous level could be consumed
by all microbial species detected in the specific individual’s gut. Note that at the first level,
these metabolites were given by the nutrient intake to the gut, as described above. Any metabo-
lite that could be consumed by multiple microbial species, was split across those species in pro-
portion to their experimentally measured relative abundances (see Methods for details). Those
metabolites that could not be consumed at any level were assumed to eventually exit the gut,
and form part of the individual’s fecal metabolome. Upon metabolite consumption in any tro-
phic level, we assumed that all microbial species that consumed these metabolites and con-
verted a fraction (1 — f) of the total consumed metabolites to their biomass. The remaining
fraction, f (assumed fixed for all species) was converted to byproducts for the next level. Here,
we assumed that each of the species produced all the byproducts it was capable of in equal
amounts. After N, such iterative rounds (calibrated separately, see the next section), we
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assumed that this process ends. We added up all the biomass accumulated by each microbial
species across all trophic levels as their total biomass, and added up all the unconsumed metab-
olite levels as the total fecal metabolome. Finally, we normalized, both the microbial biomass
and metabolite amounts separately, to obtain the relative microbial abundances and relative
metabolome profiles, respectively.

Calibrating the key parameters of the model

To calibrate the two key parameters of our model, fand N,, we used data from the 41 individu-
als from a recent 16S rRNA sequencing study of Thai children [22] for which both, 16S rRNA
metagenomic profiles, as well as quantitative levels of 214 metabolites in the fecal metabolome,
were available. We used these data specifically because they had simultaneously measured the
metagenomes and fecal metabolomes with high accuracy, i.e., at the level of individual species
and metabolites, which we required for calibration. In each individual we fitted the nutrient
intakes of the 19 metabolites to best agree with experimental microbial abundances. A repre-
sentative example comparing the predicted and measured bacterial abundances is shown in
Fig 2B. The Pearson correlation coefficient for data shown in this plot is 0.94, while in individ-
ual participants it ranged between 0.81 £ 0.17.

We carried out these fits of microbial abundances for each of the 41 individuals studied
in Ref. [22] for a broad range of two parameters of our model—the byproduct fraction f
ranging between 0.1 and 0.99 and the number of trophic levels N, between 2 and 10. For each
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Fig 2. Calibration of the model. (A) Heatmap of the Pearson correlation between experimentally measured and predicted metabolomes for different
combinations of parameters fand N,. The plotted value is the correlation coefficient averaged over 41 individuals in Ref. [22] (B) Comparison between
the experimentally observed bacterial abundances in a representative individual (y-axis) and their best fits from our model (x-axis) with f= 0.9 and N, =
4. (C) Comparison between the experimentally observed fecal metabolome (y-axis) and the predictions of our model (x-axis) with f= 0.9 and N, =4 in
the same individual shown in panel (B) (Pearson correlation coefficient 0.68; P-value < 107°).

https://doi.org/10.1371/journal.pcbi.1007524.9002
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individual and each pair of parameters fand N, we used our model to predict the fecal metabo-
lome profile. This predicted metabolome was subsequently compared to the experimental data
of Ref. [22] measured in the same individual. Around 19 of our predicted metabolites (variable
across individuals) were actually among the ones experimentally measured in Ref. [22]. We
quantified the quality of our predictions using the Pearson correlation coefficient between the
predicted and experimentally measured metabolomes, and it’s associated P-value. The model
with parameters f= 0.9 and N, = 4 best agreed with the experimental metabolome data, among
all the values we tried (Pearson correlation 0.7 + 0.2; median P-value 8 x 107% see Fig 2A). To
account for the fact that we used two adjustable parameters in our model (fand N,, we have
corrected the P-values appropriately (see Methods for details). We found that even after this
correction the median P-value ~ 107 is well below the commonly used significance threshold
of 0.05. To ensure that our calibration was not sensitive to this specific measure of fit quality,
we also calculated an alternative measure—that of a logarithmic accuracy—which quantifies
the average order-of-magnitude error in our predicted fecal metabolome, when compared
with the experimentally measured one (see Methods for details). We found that the best loga-
rithmic accuracy was still achieved in a model with f= 0.9 and N, = 4 (the mean error is 0.8
orders of magnitude; see S3 Fig). Hence, we used this combination of parameters in all subse-
quent simulations of our model.

An example of the agreement between predicted and experimentally observed fecal metabo-
lome in a single individual (the same one as in Fig 2B) is shown in Fig 2C (Pearson correlation
coefficient 0.89; the adjusted P-value < 10~°). Note that, while the agreement between the
experimentally observed and predicted microbial abundances shown in Fig 2B is the outcome
of our fitting the levels of 19 intake metabolites, the fecal metabolome is an independent pre-
diction of our model. It naturally emerges from the trophic organization of the metabolic
flow and agrees well with the experimentally observed metabolome. To test the quality of this
independent prediction, and to show its dependence on metabolic interactions, we repeated
our simulations using a randomly shuffled set of microbial metabolic capabilities (i.e., we inde-
pendently shuffled consumption and secretion abilities of individual microbial species; see
Methods for details). We found that the model now generated a much worse correlation coeffi-
cient, and more importantly, a non-significant median P-value 0.05 which did not clear the
commonly used threshold of P < 0.05 (for example, the individual in Fig 2B and 2C has Pear-
son correlation 0.32; P-value = 0.19). For all individuals, the Pearson correlation is 0.44 + 0.2
and the median of their corresponded P-value 0.046. Taken together, our simplified model
supports the organization of the human gut microbiome into roughly four trophic levels with
byproduct fraction around 0.9.

To apply our model to broader, more representative and better-studied samples of the
human gut microbiome, we carried over the results of this calibration to another dataset. This
dataset (discussed in the next section) consisted of a cohort of 380 human individuals from the
Human Microbiome Project (HMP) and the MetaHIT study. We carried over this calibration
for three reasons: (1) the lack of availability of simultaneous metabolome measurements for
the latter dataset; (2) the fact that both datasets are derived from the human gut; and (3) the
similarity in the level of metagenome variability in both datasets.

Predictions of the multi-level trophic model

Metabolite and biomass flow through trophic levels. With a well-calibrated and tested
model we are now in a position to apply it to a broader set of human microbiome data. To this
end we chose data for 380 healthy adult individuals from several countries (Europe [2], USA
[1], and China [21]). For each individual, we used our model to predict its metabolome (that
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https://doi.org/10.1371/journal.pchi.1007524.g003

has not been measured experimentally) and quantified the flow of nutrients (or metabolic
activity) through 4 trophic levels in our model averaged over these individuals.

Fig 3A shows the cascading nature of this flow: metabolites enter the gut as nutrient intake
shown as the leftmost turquoise bar in Fig 3A. Roughly, a fraction 1 — f= 0.1 of this nutrient
intake is converted into microbial biomass (red bar), while the remaining fraction f= 0.9 is
excreted as metabolic byproducts. Some fraction of these metabolic byproducts (blue bar) can-
not be consumed by any of the microbes in individuals microbiome and hence ultimately it
leaves the individual as part of their fecal metabolome. The metabolic byproducts that can be
consumed by the microbiome (turquoise bar) serve as the nutrient intake for microbes in the
next level (i.e., level 3). This scenario repeats itself over the next levels until the level 4, beyond
which we assume all the byproducts enter the fecal metabolome. Note that, even though some
of these byproducts can be consumed by gut microbes, our previous calibration (Fig 2A) sug-
gests that this does not happen. We believe this may be due to the finite time of flow of nutri-
ents through the gut. Fig 3B shows the normalized contributions of the nutrient intake to
microbial biomass (red) and fecal metabolome (blue) split across trophic levels. We observe a
contrasting pattern across levels, with the contribution to microbial biomass decreasing along
levels, whereas the fraction of unused metabolites (contribution to the fecal metabolome)
increases. It is also worth noting that the same microbial and metabolic species get contribu-
tions from multiple trophic levels, i.e., the same microbes that consume nutrients and excrete
byproducts in earlier levels can also grow on metabolites generated in later levels. Thus, even
though the dominant contribution to a species’ biomass is typically derived from a specific tro-
phic level, species can grow by consuming metabolites from multiple levels.

Quantifying diversity across trophic levels. The diversity of microbial communities can
be separately defined both phylogenetically and functionally. Phylogenetic diversity counts the
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https://doi.org/10.1371/journal.pchi.1007524.g004

number of abundant microbial species inferred from the metagenomic profile. On the other
hand, functional diversity quantifies the variety of collective metabolic activities of these spe-
cies, which in our case could be inferred from the metabolome profile. Our model allows to
quantify both types of diversity on a level-by-level basis. Instead of just calculating the presence
or absence of microbial species or metabolites at each level, we weighed each microbe or
metabolite by their relative contribution to the metabolic activity at that trophic level. At each
level, we calculated the effective a-, §- and y-diversity, separately for microbes and metabolites
(see Methods for details).

Fig 4 shows the effective a-, §- and y- diversity for microbes (grouped at the species and
genus levels) and metabolites, averaged over our 380 healthy individuals. The microbes first
appear in the second trophic level feeding off the nutrient intake metabolites in the first level.
We found that the a-diversity (the average number of abundant entities weighted by their con-
tribution to each level) systematically increases with the level number for both microbes and
metabolites. There is no clear trend in the y-diversity of microbes grouped at the species level
(the “pan-microbiome” diversity, i.e., the number of abundant species in the combined meta-
genomes of 380 individuals).

Finally the beta-diversity of microbial species, defined as the ratio between y— and a-diver-
sity is the highest (~ 4) in the first level, while being considerably lower (~ 2.5) in the next two
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levels. The B-diversity addresses the following important question: how variable are the abun-
dant species between individuals?

While we found that the B-diversity of microbial species could be as large as 4 (Fig 4), when
we grouped organisms by their genus, § diversity decreased down to ~ 2 across all levels (Fig
4E). This drop in S-diversity was the most pronounced in the uppermost trophic level. The
overall reduction of B-diversity shown in Fig 4E relative to Fig 4D suggests that the chief driver
of species variability in the gut microbiome is within-genus competition. Such a pattern has
previously been explained by a “lottery-like” process of microbial competition within the gut
[23].

We also quantified the diversity of metabolites across 4 trophic levels. We found that the
diversity of metabolites was the highest in the uppermost level of nutrients (~ 2) and lower in
the next three levels (~ 1). While this declining trend was similar to that observed for micro-
bial diversity, surprisingly, the value of § diversity for nutrients was much smaller than for
microbes (about 2.5 times lower across all levels). This suggests the picture of functional stabil-
ity—in spite of taxonomic variability—in all trophic levels of the human gut microbiome,
namely that even though the species composition of the microbiome can be quite different for
different individuals, their metabolic function is quite similar. These results supplement simi-
lar findings of the HMP project [1] by breaking them up into trophic levels and by using meta-
bolome diversity instead of metabolic pathways diversity to quantify the extent of functional
similarity.

Discussion

Above we introduced and studied a mechanistic, consumer-resource model of the human gut
microbiome quantifying the flow of metabolites and the gradual building up of microbial bio-
mass across several trophic levels. What distinguishes our model is its ability to simultaneously
capture the metabolic activities of hundreds of species consuming and producing hundreds of
metabolites. Using only the metabolic capabilities—who eats what, and makes what—of differ-
ent species in the microbiome, we uncovered roughly four trophic levels in the human gut
microbiome. At each of these levels, some microbes consume nutrients, and convert them par-
tially to their biomass, while the remainder gets secreted as metabolic byproducts. These meta-
bolic byproducts can then serve as nutrients for microbes in the next trophic level.

Understanding such a trophic organization of microbial ecosystems is important because it
helps identify causal relationships between microbes and metabolites at two consecutive tro-
phic levels and helps to separate them from purely correlative connections, either at the same
or at more distant levels. Thus it extends the previously introduced concept of a “microbial
metabolic influence network” [6] by highlighting its hierarchical structure in which species/
metabolites assigned to higher trophic levels could affect a large number of species/metabolites
located downstream from them.

The concept of trophic levels has been widely used in macro-ecosystems to make sense of
flow of nutrients and energy in large food webs [24, 25, 26], but it has only received limited
attention in microbial ecosystems, one example being ref. [27]. There is no absolute consensus
definition of a trophic level with several interpretations discussed in Refs. [28, 29, 30]. How-
ever, all of these definitions agree with each other on the following two criteria that the trophic
structure of an ecosystem typically satisfies: (1) there is explicit level-to-level conversion and
flow of energy (and biomass), taking place in several discrete steps; and (2) these steps are
temporally staged, because the conversion process at every level takes a finite amount of
time. Here we define a trophic level as a discrete step in the metabolic conversion of nutrients
after it enters the lower gut. Each such step involves multiple microbial species generating
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byproducts for the next conversion step. Thus, according to our definition, the same species
and metabolite can be present at more than one trophic level. Furthermore, because of the
finite motility in the human gut, the metabolic activity at each of our trophic levels would tend
to be spatially separated with that in level 1 taking place near the entrance to the lower gut and
that in level 4, near the end of the gut. This definition of trophic levels also results in an imper-
fect hierarchical structure of the food web in which some species or metabolites linking non-
consecutive trophic levels (see Ref. [29] for similar processes in macroscopic ecosystems). Also
note that spatially separated microbial compositions, corresponding to the trophic levels in
our model, could in principle be tested in artificial gut systems (such as in Refs. [31, 32]).

Further, there are several well-known ecological factors that constrain the number of tro-
phic levels in an ecosystem, such as ecological energetics and population dynamics (see ref.
[28] for a Discussion). Our work introduces additional factors that can limit the number of
trophic levels in the human gut microbiome—namely the limited length and finite motility of
the gut.

The human gut microbiome is notorious for several complex and interlinked metabolic
cross-feeding interactions between its resident microbial species [6, 33]. Even though we
exploit this aspect of the gut’s microbial ecology to study its trophic organization, we wish to
highlight that we do not confine a metabolite or microbial species to participate strictly at one
trophic level. We can nevertheless tentatively assign metabolites and microbial species to the
level to which they contribute the most. We find that doing so results in trophic level assign-
ments that are consistent with the expectations of the rest of the gut microbial literature [34];
see S5 Fig for a representative example of a trophic network. Specifically, we find that various
polysaccharide-degrading species from the genera Prevotella and Bacteroides tend to be
assigned to the first microbial layer, leading to the production of acetate [34]. This acetate is, in
turn, the major substrate for butyrate-producing bacteria such as various species of Eubacte-
rium and Roseburia, as well as the well-known Faecalibacterium prausnitzii; our tentative
assignment procedure places these species in the subsequent layers of the trophic network.
The butyrate and valerate secreted by these species consequently end up, and are assigned to,
metabolite trophic levels 3 and 4. Similarly, various sulfate-reducing species (e.g., Desulfovibrio
piger, Bilophila wadsworthia) and acetogenic bacteria (e.g., Blautia hansenii), as well as their
byproducts, are typically assigned to the lower trophic levels by our model. One can also see
that, towards the lower trophic levels metabolites are either very simple and energy-poor, like
CO,, Hy, H,,S, or are those that cannot be consumed by any gut microbial species, such as vari-
ous amines, short-chain fatty acids (SCFAs), and secondary bile acids. We expect these latter
set of metabolites to therefore be present in an individual’s fecal metabolome.

By assuming such a fluid multi-level trophic organization, our model is able to indepen-
dently predict the fecal metabolome of individual humans, in quantitative agreement with
experimental measurements, comparable to or better than the state of the art. For example,
Ref. [12] used intra-cellular metabolic flux balance analysis (FBA) to achieve a Pearson correla-
tion coefficient 0.4 between the predicted and a representative experimentally measured fecal
metabolome. In contrast, our model achieved the Pearson correlation of 0.7 in individualized
predictions using only two ecologically meaningful parameters. Note that though the datasets
in this comparison were not the same, they were both contemporary datasets of the human gut
microbiome. This suggests that incorporating ecological information about the human gut
microbiome can generate mechanistically-grounded and internally consistent fecal metabo-
lome predictions given information about an individual’s metagenome (species abundance
profile).

Our model also allows us to quantify the diversity of both species and metabolites contrib-
uting to different trophic levels. One conclusion we made was that the functional convergence
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of the microbiome holds roughly equally across all trophic levels. Indeed, at each level we
observed the microbial diversity across different individuals was considerably higher than
their metabolic diversity. Our model also provides additional support to the “lottery” scenario
described in Ref. [23], especially in the first trophic level. According to this scenario, there are
multiple species nearly equally capable of occupying a certain ecological niche, which in our
model corresponds to the set of nutrients they consume and secrete as byproducts. The first
species to occupy this niche prevents equivalent microbes from entering it. This is reflected in
a high B-diversity of microbial species combined with a low to moderate S-diversity of micro-
bial genera to which they belong and low S-diversity of their metabolic byproducts.

Our model is focused on studying the effects of cross-feeding and competition of different
microbes for their nutrients. Thereby it ignores a number of important factors known to
impact the composition of the human gut microbiome. These include interactions with host
and its immune system [35] as well as with viruses [36], and environmental parameters other
than nutrients, such as pH [14], spatial organization [37], etc. Instead, our model uses only
two adjustable parameters: the byproduct fraction fand the number of trophic levels N,
assumed to be common to all species. This very small number of parameters has been a con-
scious choice on our part. We are perfectly aware that species differ from each other in their
byproduct ratios, and that the metabolic flows are not equally split among multiple bypro-
ducts. This can be easily captured by a variant of our model in which different nutrient inputs
and and byproduct outputs of a given microbial species are characterized by different kinetic
rates. However, this would immediately increase the number of parameters from 2 to more
than 3, 600. To calibrate a model with such a huge number of parameters one needs many
more experimental data than we have access to right now. However, we tested the sensitivity of
our model to variation in these parameters by repeating our simulations for 100 random sets
of nutrient kinetic uptake and byproduct release rates (A’s in our model), and found that this
did not qualitatively change our central result (i.e., that the human gut microbiome is com-
posed of roughly N, = 4 trophic levels with a byproduct fraction f= 0.9). Surprisingly, our
metabolome predictions were also relatively insensitive with respect to varying these parame-
ters (S1 Fig). The exact nature of the robustness of these metabolome predictions is beyond the
scope of this paper, and the subject of future work.

Finally, note that our model makes several simplifying assumptions. For instance, we use
metabolite concentrations in the same units of measurement as the experiment, and do not
normalize them by each metabolite’s molecular weight. Additionally, we use the experimen-
tally measured microbial abundances as an input to the model, to avoid fitting or randomizing
the initial microbial abundances. We also assume that microbial species secrete metabolites
in equal amounts (see S7 Fig for model performance when we relax this assumption). Finally,
we do not penalize species for being generalists, i.e., for using many nutrients (see S6 Fig for
model performance when this assumption is relaxed).

Methods
Obtaining data for microbial metabolic capabilities

For information about the metabolic capabilities of human gut microbes, we adopted a
recently published manually-curated database, NJS16, which includes such data for 570 com-
mon gut microbial species and 244 relevant metabolites from Ref. [6]. This database recorded,
for each microbial species, which metabolites each of the species could consume, and which
they secreted as byproducts. Since we were interested in those metabolites that could be used
for microbial growth, we removed metabolites such as ions (e.g., Na*, Ca*) from NJS16. More-
over, we constrained our analyses to microbes only, and therefore removed the 3 types of
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human cells from NJS16. This left us with a database with 567 microbes, 235 metabolites and
4,248 interactions connecting these microbes with corresponding metabolites (see S1 Table for
the complete table of interactions).

Obtaining metagenomic and metabolomic data

To calibrate the key parameters of our model, we used a previously published dataset, namely
a 16S rRNA sequencing study of 41 human individuals from rural and urban areas in Thailand
[22]. From these data, we collected the reported 16S rRNA OTU abundances as well as their
corresponding taxonomy. We explicitly removed all OTUs that did not have an assigned spe-
cies-level taxonomy. The remaining OTUs explained roughly 71%(£15%) of the bacterial
abundances per sample.

We then mapped these species names to those listed in the NJS16 database. We found an
exact match for 110 species out of 208 in this table. In order to improve the species coverage
from the abundance data, we manually mapped the remaining species in the following man-
ner. For those genera in NJS16, whose member species had identical metabolic capabilities, we
assumed that the capabilities of other, unmapped species from these genera were the same as
these species. For several well-studied bacterial genera, such as Bacteroides, we determined a
“core” set of metabolic capabilities (i.e., those metabolites that could either be consumed or
secreted by all species in that genus), and assigned them to all unmapped species in that genus
(i.e., those with known abundances, but otherwise understudied metabolic capabilities in
NJS16). This allowed us to map an additional 20 microbial species from the abundance data,
and incorporate into our model. Note that we did this additional mapping, only for those gen-
era, where species metabolic capabilities were identical.

To quantify the metabolome levels in each individual, we used the available quantitative
metabolome profiles (obtained via from CE-TOF MS) corresponding to the 41 individuals
whose metagenomic samples we had. Here, we mapped the reported metabolites to our
database of metabolic capabilities using KEGG identifiers, which revealed 84 such measured
metabolites.

To make predictions about metabolic flow and effective diversity from our model, we used
additional metagenomic datasets, namely those from the Human Microbiome Project (HMP)
[1] and MetaHIT [2, 21], for which we had microbial abundances, but no fecal metabolome.
This resulted in an additional 380 human individuals, for which we obtained tables of MetaPh-
1An2 microbial abundances, and mapped species names to those in NJS16 using the same pro-
cedure described above. Here, out of a total of 532 microbial species detected over these data,
we could map and incorporate 316 species. Of these, 207 were mapped through an exact taxo-
nomic match, and 109 by a genus-capability match. These incorporated species covered, on
average, 90% of the total microbial abundance in each individual sample.

Determining the components of the nutrient intake to the gut

The inputs of our model are the experimentally measured relative abundances of microbial
species in each individual, which are known (and described above), and the levels of various
nutrients reaching their lower gut, which we fit using the model. Note that we always used the
experimentally measured relative microbial abundances, which simplified calculations and
made the model easy to run. This also removed the model’s dependence on the initial relative
abundances, and the need for a new set of parameters to represent them. Moreover, this
assumption is valid; our model’s calculated abundances are very close to the experimentally
observed abundances (see Fig 2B). This is discussed in greater detail in the next section. For
simplicity, we did not explicitly include the various polysaccharides (dietary fibers, starch, etc.)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007524 December 19, 2019 12/20


https://doi.org/10.1371/journal.pcbi.1007524

.@' PLOS COMPUTATIONAL
2 : BIOLOGY Multi-level trophic organization of the human gut microbiome

known to constitute the bulk of an individual’s diet. Instead, we chose not to include the poly-
saccharides themselves, but instead use their breakdown products as the direct nutrient intake
to the gut. The reason for this is our limited quantitative understanding of the processes by
which these polysachharides are converted to these breakdown products, e.g., the levels of
extracellular enzymes, variability in their composition (their lability), etc. This curated nutrient
intake consisted of 19 metabolites, such as arabinose, raffinose, and xylose (see S2 Table for the
complete list of metabolites).

Constructing and validating the trophic model

Our model incorporates a set of observed microbial species abundances and the known meta-
bolic cross-feeding interactions between these species, to calculate and predict both the step-
wise metabolic flow through the lower gut, and the resulting fecal metabolome. The model
does this on an individual-to-individual basis. We started simulating the model with the vari-
ous levels of nutrients entering the lower gut, represented by the 19-dimensional vector ¢ .
Each element of €, ., say ¢,,; represents the amount of one of the 19 metabolites entering the
lower gut of that individual. We inferred these amounts through a fitting procedure described
in the next section. Throughout this description, we use the subscript i to refer to metabolites,
and a to refer to microbial species.

In the first trophic level, we calculated how these nutrients entering the gut were consumed

by the gut microbiome and converted to microbial biomass, B and metabolic byproducts, Claer

For this, we calculated the relative increase in microbial biomass for each species, a, as follows:
Bot = (1 _f) ' Ain ' Ermt’ (1)

where (1 — f) represents the fraction of consumed metabolites converted to biomass, and f
represents the fraction of input nutrients converted to metabolic byproducts. A;,, is a matrix
which represents how each species takes up and consumes the nutrients it is capable of. Each
term of this matrix, (4;,),,; was set to zero if species & was incapable of consuming metabolite
i as a nutrient (using the set of microbial metabolic capabilities in S1 Table). If species & was
instead capable of consuming metabolite i as a nutrient, then (4;,),,; was set as follows:

(Ain)x,i = Kixoz,iB;xp' (2)
Here, A,,; represents the rate at which species a takes up nutrient i, B is the experimentally
measured abundance of strain ¢, and «; is a normalization constant such that, for any nutrient
1

i, the (A;,),; for all microbial species @ sum up to 1, i.e., x; = S Throughout the manu-

script, we set A, ; = 1 for all values of @ and i; this is because we lacked knowledge of the precise
rates at which each species takes up different nutrients, and had insufficient data about micro-
bial growth to fit them using our model. To verify that this assumption did not significantly
affect the predictions of our model, we repeated our metabolome predictions 100 times by
assigning each value of A, ; randomly, chosen from a uniform distribution between 0 and 1
(see S1 Fig).

After calculating the contribution of nutrient consumption to microbial biomass, we com-
puted the relative levels of the first level of metabolic byproducts produced by them, as follows:

Cl.i :anutAin : Enut’ (3)

where the 1 indicates that we were calculating the first layer of byproducts, and i, each metabo-
lite which could be secreted as a byproduct. A,,, is matrix which represents which byproduct
each species could secrete, and in what amount. Each term of this matrix (A,,;);, Was set to
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zero if species o could not secrete metabolite i as a byproduct (using the interactions in NJS16
described previously; see S1 Table). If species o was instead capable of secreting metabolite i as
a byproduct, then (A,,;);, Was set as follows:

1
(Avut)i‘x = (Nout)x ) (4)

where (N ,,), is the number of byproducts that species & was capable of secreting.

In the second trophic level (and all subsequent levels), we calculated how the byproducts
secreted by the microbes in the previous step were consumed by the gut microbiome and con-
verted to further biomass and byproducts. After N, such steps, we calculated the final microbial

-

Cmetabolome .

abundances, B, and the accumulated metabolic byproducts, We wil later compare
these with the individual’s experimentally measured metagenome and fecal metabolome,

respectively. The final microbial abundances, B, were calculated as follows:

Ny

B, = Z(l _f)[ 'fk_l A, (AautAin)(il : Enut' (5)

=1

Here, we chose the appropriate number of trophic levels, N, and the byproduct fraction, f,
by comparing the model’s predicted fecal metabolome with the individual’s experimentally
measured metabolome. The number of levels and byproduct fraction that best matched the
experimentally observed metabolomes, averaged over all individuals, were the ones that were
considered to best represent their gut microbiome. To measure the best match, we used two
different measures: (1) the Pearson correlation coefficient between the predicted and experi-
mentally measured fecal metabolomes (see Fig 2A), and (2) a logarithmic accuracy, i.e., the
average difference between the log-transformed predicted and observed metabolome levels
(see S2 Fig), i.e., 55 2 [log,,(p,) — log,,(m,)
bolome level of metabolite 7, and p; is the predicted metabolome level of metabolite i, calculated

, where m; is the experimentally measured meta-

by summing up the levels of all unused metabolites. Specifically, at each level, we calculated the
byproducts similar to the first level (see Eq (3)), as follows:
G = (AeAn) ™ T (6)

out” ~in

We split the byproducts at each level, ¢,, into two parts: a consumable part, ¢,*" and an
unconsumable part, ¢, ***". While the consumable part of the byproducts was available to
the next trophic level of microbial species, the unconsumable part was composed of all the

byproducts which could not be consumed by any microbial species in the individual’s gut

microbiome (i.e., it satisfied A, ¢, """ = 0). The former, consumable part was obtained
by subtracting the unconsumable part from the generated byproducts at each level, i.e.,

con =

¢, " = ¢, — ¢,""". Finally, we calculated the predicted metabolome, M, by adding up the
unconsumable byproducts from all previous levels with all the byproducts from the final tro-
phic level, as follows:

Ny—1

" - 4 -2 uncon

M=c, + E ¢, uneen, (7)
(=1

Note that while the Pearson correlation (and its associated P-value) gives an indication of
the similarity in the trends predicted by our model with the experimentally observed metabo-
lome, the logarithmic accuracy actually calculates the average error (measured in orders of
magnitude) between the predicted and experimentally observed metabolomes. In both cases,
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we used the log-transformed values because we were interested in comparing the quality of
our predictions with the experimental measurements at the level of resolution of an order of
magnitude. This avoided overfitting in the model. Moreover, note that the nutrient input to
the model (which we fit; see next section) resulted in a predicted set of microbial abundances,

B (obtained from Eq (5)) that were very close to the experimentally observed abundances. This
allowed us to simplify our calculation; we used the experimentally measured microbial abun-
dances instead of a more complicated, step-wise calculation in the sum of Eq (5).

For each metabolome correlation coefficient that we calculated, we also corrected its associ-
ated P-value, in order to account for the two adjustable parameters in our model. We did this
by adjusting (1) t-statistic: the adjusted ¢-statistic was obtained by dividing the original ¢-statis-

n—2—
n—2

tic by L, where n was the number of metabolites (or points) that were used to measure
the correlation, and p was the number of adjustable model parameters (in our case, p = 2); (2)
t-test: typically the one-tailed t-test with degree of freedom n — 2 is used to compute of P-value
for the Pearson correlation coefficient. Here the one-tailed t-test with degree of freedom n — 2

— p was used to account for adjustable model parameters.

Fitting and inferring the nutrient intake to the gut

Simulating the model required us to know the nutrient intake to the gut, for which there are no
available experimental measurements. Therefore, we inferred the amounts of these 19 intake
metabolites by fitting the microbial abundances predicted by our model with those measured
from each individual’s microbiome. We used a nonlinear optimization technique for this
(implemented as 1 sqnonlin in MATLAB R2018a, Mathworks Inc.). We initially chose a ran-
dom set of nutrient inputs, each chosen randomly from a uniform distribution between 0 and
1, and normalized so that all nutrient inputs summed up to one. For this random set of nutrient
inputs, we calculated the predicted microbial abundances using Eq (5). We then calculated the
error in this prediction, by using the log-transformed differences between the predicted and
experimentally measured microbial abundances, i.e., 1 35 | |log,(p,) — log,,(m,)|, where S is
the number of microbial species with non-zero abundances in the individual, p,, is the predicted
relative abundance of species a, and m,, is the experimentally measured abdunace of species .
We then let the nonlinear optimization routine vary and choose that set of nutrient inputs,
which minimized this error. We assumed that this set of nutrient inputs, which best explained
the observed microbial abundances, given the microbial cross-feeding interactions, as the nutri-
ent intake to the lower gut, or first trophic level, of that individual. Note that this is only step
where we perform fitting in the model. All other subsequent steps, especially the prediction of
the fecal metabolome, is an independent prediction from the model. Typically, we fit 19 metab-
olite amounts for each human individual, who had roughly 80 microbial species.

Shuffling microbial metabolic capabilities to test model predictions

To test how good our model’s gut metagenome and fecal metabolome predictions were against
anull, or random, expectation, we repeated our simulations using a randomly shuffled set of
microbial metabolic capabilities. For each individual microbial species, we picked one metabo-
lite that they either could consume randomly, and swapped it with a metabolite that could be
consumed by another microbial species. We also did this separately and independently with
metabolites that they could secrete. Such swaps ensured that each microbial species could still
consume and secrete the same number of metabolites as in the original dataset, but shuffled all
the ecologically relevant metabolic relationships between species and metabolites. The swap-
ping is performed three times as many the number of edges in the network to guarantee
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enough randomness. At the end of several rounds of swapping such relationships, we repeated
our model’s simulations exactly as described above, except with this shuffled set of microbial
metabolic capabilities.

Calculating level-by-level diversity

To quantify the diversity of microbes and metabolites at each trophic level across the 380
individuals we studied, we used three measures popular in the ecosystems literature: namely
the a-, B- and y- diversity [38, 39, 40]. For each individual, we calculated the a-diversity of
microbes and metabolites on each of the trophic levels. For this we first quantified the relative
contributions of a given level to microbial abundances, and separately to the fecal metabolome
profile. The contribution of a given trophic level € to the relative abundance of a species
(microbial or, separately, metabolic) i in a specific individual j is given by p;(¢, j) normalized
by 320 p,(£,j) = 1. The a-diversity

D) =

(L)),

where (-); represents taking the average across 380 individuals used in our analysis.
Across all individuals, we calculated the y-diversity of microbes and metabolites in their
gut, which quantified the “global” diversity across all individuals, as:

1
S0

where p;(£) = (pi(¢, j)); is the mean relative abundance of species (or metabolite) i at the trophic
level ¢ across all individuals used in our analysis.

Finally, to quantify the between-individual variability in microbial and metabolite diversity,
we calculated the overall S-diversity, which is the ratio of the global to local diversity, as:

D.(f)

D,(0) =

Code availability

All computer code and extracted data files used in this study are available at the following
URL: https://github.com/eltanin4/trophic_gut.

Supporting information

S1 Fig. Effect of changing kinetic parameters on model prediction. Scatter plot of the mea-
sured and predicted metabolome where, instead of considering equal specific nutrient uptake
and byproduct release rates, A’s in our model, we take several random sets (in black). Error
bars (in black) indicate standard deviation in the predicted levels of specific metabolites for dif-
ferent sets of A’s. The solid line represents x = y. Red squares indicate the predicted metabo-
lome for the default set of kinetic parameters used, i.e., when all of 1’s were set equal to 1.
(EPS)

S2 Fig. Calibrating the model parameters using logarithmic accuracy. Heatmap of the loga-
rithmic accuracy between experimentally measured and predicted fecal metabolomes for dif-
ferent combinations of parameters fand N,. The logarithmic accuracy quantifies the average
order-of-magnitude error in our predicted fecal metabolome, when compared with the
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experimentally measured one (see Methods for details). The plotted value is the logarithmic
accuracy averaged over 41 individuals in Ref. [22].
(EPS)

S3 Fig. Testing model predictions for byproduct fractions beyond 0.9. Logarithmic accuracy
of the model’s predictions between the metabolomes (see Methods for details) for byproduct
fraction, f, values 0.95 and 0.99. Higher values on the y-axis means worse predictions. This sug-
gests that at 4 trophic levels, f= 0.9 gives the best calibration.

(EPS)

$4 Fig. Adjusted P-values for the model predictions. Adjusted P-values (see Methods) at dif-
ferent byproduct fractions, f’s, at trophic levels 2 (blue), 3 (orange), 4 (yellow), 5 (purple) and
10 (green).

(EPS)

S5 Fig. Layer-wise network for one of the individuals from the calibrated dataset. Blue
nodes correspond to metabolites, red nodes to the microbes. Blue edges show metabolite con-
sumption, red—production.

(EPS)

S6 Fig. Results for model calibration assuming a constant enzyme budget for each microbe.
(A) Heatmap of the average Pearson correlation between experimentally measured and pre-
dicted metabolomes for different combinations of parameters fand N,. The correlation coeffi-
cient is averaged over 41 individuals in Ref. [22]. For this case with a constant enzyme budget,
the best average Pearson correlation coefficient 0.69 is given by f= 0.95 and N, = 4. (B) Heat-
map of the logarithmic accuracy between experimentally measured and predicted metabo-
lomes for different combinations of parameters f and N,. For this case, the best average
logarithmic accuracy 0.69 is given by f= 0.1 and N, = 10.

(EPS)

S7 Fig. The process of model calibration is simulated 100 times assuming random byprod-
uct production abilities for each microbe. The byproduct production abilities of a microbial
strain ¢ are drawn from a Dirichlet distribution. (A) A frequency distribution of the highest
average Pearson correlation coefficients between the predicted metabolome and the experi-
mentally measured metabolome. The dashed line corresponds to the best mean Pearson
correlation coefficients 0.678 (N, = 4 and f = 0.9) achieved in the heatmap shown in Fig 2. The
probability of such a simulation generating a Pearson correlation coefficient between is higher
than 0.678 is 0.0.

(EPS)

S8 Fig. The process of model calibration is simulated 100 times using shuffled microbial
metabolic capabilities. (A) A frequency distribution of the highest average Pearson correla-
tion coefficients between the predicted metabolome and the experimentally measured metabo-
lome. The dashed line corresponds to the best mean Pearson correlation coefficients 0.678
(Np=4and f=0.9) achieved in the heatmap shown in Fig 2. The probability of such a simula-
tion generating a Pearson correlation coefficient between is higher than 0.678 is 0.0.

(EPS)

S9 Fig. Results for model performance after shuffled microbial names. (A) A frequency dis-
tribution of the highest average Pearson correlation coefficients between the predicted meta-
bolome and the experimentally measured metabolome, when the microbe names are shuffled
in the microbial metabolic capabilities. We show here results from 100 such shuffling attempts,
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where each correlation coefficient in the distribution corresponds to one shuffling attempt.
The dashed red line corresponds to the best mean Pearson correlation coefficients 0.678 (N, =
4 and f = 0.9) without any shuffling, the same as in in Fig 2. The fraction of shuffling attempts
resulting in a correlation coefficient better than 0.678 is 0.13.

(EPS)

$10 Fig. Measuring the statistical uncertainty in calibrated model parameters by boot-
strapping. Distribution of resulting calibrated model parameters (A) f, the byproduct fraction,
and (B) N, the number of trophic levels, using the same procedure as described in Methods,
but on 100 synthetic datasets, each with 41 individuals, constructed by sampling the 41 original
individuals used in the main text with replacement. The resulting distributions provide a mea-
sure of statistical uncertainty in the calibrated model parameters, with the level of uncertainty
in fbeing approximately 0.05 (most datasets suggest a value of f= 0.95 instead of 0.90), and
that in N, being negligible (most datasets suggest a value of Ny, consistent with the real data-
set).

(EPS)

S11 Fig. Results of model fitted metagenomes for all 41 individuals from the calibrated
dataset in Fig 2. Results from all 41 model fitted metagenomes, an example of which was
Fig 2B.

(EPS)

$12 Fig. Results of model predicted fecal metabolomes for all 41 individuals from the cali-
brated dataset in Fig 2. Results from all 41 model fitted metagenomes, an example of which
was Fig 2C.

(EPS)

S1 Table. Microbial and metabolite interactions used in the model. Table of all 4,248 inter-

actions between microbes and metabolites used in the model, from Ref. [6].
(XLSX)

$2 Table. Components of the nutrient intake to the gut. List of all 19 metabolites used to fit
the gut nutrient intake in the model.
(XLSX)

$3 Table. Metabolome predictions of the model for 380 individuals from the Human
Microbiome Project (HMP) and the MetaHIT study. All metabolites in metabolome pre-
dicted by the model with global parameters f = 0.9 and N, = 4 for all 380 individuals are listed.
(XLSX)
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