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Clarifying the general rules behind microbial community assembly will foster the development of microbiome-
based technological solutions. Here, we study microbial community assembly through a computational analysis
of phylogenetic core groups (PCGs): discrete portions of the bacterial phylogeny with high prevalence in the
ecosystem under study. We first show that the existence of PCGs was a predominant feature of the varied set of
microbial ecosystems studied. Then, we re-analyzed an in vitro experimental dataset using a PCG-based
approach, drawing only from its community composition data and from publicly available genomic databases.

Using mainly genome scale metabolic models and population dynamics modeling, we obtained ecological in-
sights on metabolic niche structure and population dynamics comparable to those gained after canonical
experimentation. Thus, leveraging phylogenetic signal to help unravel microbiome function and assembly rules
offers a potential avenue to gain further insight on Earth’s microbial ecosystems.

1. Introduction

Microbes represent a large fraction of the Earth’s biomass and most
of its biodiversity. They also drive global biogeochemical cycles and
significantly impact the fitness of most multicellular organisms with
whom they develop symbiotic relationships. Microorganisms in nature
normally appear as communities, or groups of potentially interacting
populations that co-exist in space and time [1]. The rules that govern the
assembly of these populations, which are each formed of genetically
homogeneous individuals, are still poorly understood [2]. Greater
knowledge of microbial community assembly will not only increase our
understanding of the role that microbiomes play in sustaining life on
Earth but will also foster the development of microbiome-based tech-
nological solutions. In this regard, the bottom-up design of functional
synthetic consortia would benefit from an appropriate understanding of
microbial community assembly, as would top-down strategies if
eco-evolutionary forces are to be controlled to produce functional
consortia.

Despite their evident complexity, microbial communities often pre-
sent shared characteristics: they are highly diverse (comprising various
bacterial phyla), species rich (large number of species), feature coex-
isting populations that should theoretically exclude one another given
their genomic characteristics, can show remarkable functional stability

despite large species turnover in the community, and trait-based selec-
tion can significantly impact their assembly [3]. Moreover, in most
microbial communities, bacteria tend to co-occur with phylogenetically
related populations more often than expected by chance, a phenomenon
termed phylogenetic clustering (i.e. microbial communities often bear a
phylogenetic signal) [4-6]. These common patterns of microbial com-
munities lead to the idea that a set of common principles governs mi-
crobial community assembly [7]. The prevailing view in the field is that
microbiomes assemble on the basis of function, without a significant role
for phylogenetic assembly [8]. This idea is supported by the predomi-
nant observation that different species compositions can translate into
functionally equivalent microbial ecosystems [8]. However, the lack of a
significant role for phylogenetic assembly is undermined by the exten-
sive phylogenetic signal observed in microbial communities.

In an effort to better understand microbial community assembly, we
recently investigated this community characteristic [3] by taking into
consideration that traits and ecological function are, to some extent,
conserved from an evolutionary standpoint [9,10]. Considering these
points and phylogeny as a proxy for evolutionary history, we proposed a
conceptual framework for the phylogenetically constrained assembly of
microbial communities [3]. The framework is linked to Vellend’s syn-
thesis of community ecology [1] and its four basic assembly principles
(drift, dispersal, selection, and diversification), and extends it to account
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for ecosystem patchiness, sampling bias, and phylogeny-related selec-
tion. The framework is centered around two facts: first, phylogenetic
clustering in a microbial ecosystem can be studied in terms of phylo-
genetic core groups (PCGs), discrete portions (i.e. specific nodes) of the
bacterial phylogeny that are present in all instances of a given ecosystem
type; and second, the 16S rRNA gene-based phylogeny of bacteria pre-
sents significant functional coherence [10]. However, the strength of
this coherence varies with phylogenetic depth along the phylogenetic
tree [10]; thus, deep branching nodes may not maintain functional
coherence. So far, PCGs have been clearly detected in the rice rhizo-
sphere [3] and human gut [11] environments. The framework contends
that the most plausible explanation for the existence of a PCG in a given
environment is that populations belonging to that PCG present a
phylogenetically conserved set of traits that improve the fitness of those
populations under the particular biotic and abiotic factors in that envi-
ronment. The framework also proposes that populations belonging to
the same PCG would be ecologically cohesive (to the extent that they are
affected by the same selective forces), and hence, its intra-group struc-
ture would be governed mainly by immigration and drift (neutral pro-
cesses). Significantly, as PCGs can be easily detected in replicated
ecosystem samples by sequencing the 16S rRNA gene, it was proposed
that the analysis of PCG phylogeny and genomic databases could
elucidate the shared niche characteristics of PCGs, potentially offering a
rapid approach that can be used to characterize microbial ecosystem
functioning and identify the role that resident populations play in it.

However, it is still unclear whether PCGs are a predominant feature
of microbial ecosystems or a rare phenomenon. Also, predicted intra-
PCG characteristics could prove invalid, hence limiting the utility of
the framework. To gauge the practical usefulness of the framework, we
evaluate the existence of PCGs in a wide array of diverse microbial
ecosystems, including various human and plant-associated environ-
ments, as well as some animal-associated and environmental microbial
communities. Then, we assess the predicted PCG characteristics relating
to local community assembly. Taking into account, with noteworthy
exceptions (e.g. see [12,13]), that microbial ecosystem samples
comprise different microenvironments and patches [14], we then
re-analyze the community assembly data of the simple artificial com-
munities published by Goldford et al. [7]. We show that leveraging
phylogenetic signal has great potential to illuminate the selective pres-
sures experienced by microbes in natural environments, providing a
systematic computational strategy to identify functional groups without
requiring exhaustive experimentation [15].

2. Methods
2.1. PCGs in the environment

PCGs have previously been detected as 16S rRNA gene sequence
clusters (Operational Taxonomic Units; OTUs) of varying depth (i.e.
clustering threshold) present in all instances of a given microbial
ecosystem, which represents a reasonable proxy [3,11]. However,
sequence clustering lacks true transitivity, which, with differential
initial seeding between clustering runs, may translate into slightly
different clusters for the same input dataset generated by different runs
or clustering algorithms. Thus, in addition to 16S rRNA gene sequence
clusters, we analyzed PCGs on the basis of nodes of a phylogenetic tree
detected in all instances of the ecosystem type, an approach that pro-
vides increased phylogenetic resolution. We analyzed the PCGs in nine
datasets from the literature that present a comparatively high number of
ecosystem replicates and sequencing depth (Suppl. Table 1). The human
microbiome was represented by the following datasets: FlemishGut
(fecal) [16], TwinsUK (fecal) [17], Illeurn (mucosa) [18], Rectum (mu-
cosa) [18], and Vagina (mucosa) [19]. Plant-associated environments
were represented by Rice (root samples) [20] and Leaf [21]; animal
microbiomes, by Sponge (Carteriospongia foliascens) [22] and Mice [23];
and environmental communities, by Wastewater [24]. Rice was further
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subdivided by root environment (rhizosphere, rhizoplane, and endo-
sphere); Mice, by origin (wild or lab); and Vagina, by previously reported
community types [19]. For each dataset, samples presenting very low
sequence depths were removed; chimeric sequences, identified using
QIIME (v1.9.1) [25] (usearch61), were also removed. Then, all
remaining samples were subsampled to a (minimum) common depth
(Suppl. Table 1) using QIIME (v1.9.1). Finally, the normalized datasets
were analyzed with BacterialCore.py (https://git.io/Je5V3). The script
employs a clustering-based core detection approach as previously
described [11], and a new approach based on a 16S rRNA gene phy-
logeny. The former approach clusters sequences at all 0.01 distance
steps between 0.75 and 0.97, and defines core OTUs (i.e. PCGs) at each
step as those present in all samples after the removal of all sequence data
belonging to the core OTUs detected at higher similarity clustering
thresholds [11]. For the latter approach, the algorithm traverses the 16S
rRNA phylogenetic tree from the leaves to the root; if a leaf/node is
present in a selected percentage of samples (here, 100%), it is flagged as
“core” and its abundance values are removed from all parental nodes
before continuing; thus, reported core groups are non-overlapping
(Suppl. Fig. 1). Additionally, BacterialCore.py provides per core-group
information, statistics, and consensus taxonomies.

2.2. In vitro experimental dataset processing

Goldford et al. [7] cultivated microbial communities derived from
soil and leaf environments in M9 minimal medium supplemented with
either glucose, leucine, or citrate as the sole energy and carbon source.
Twelve initial communities were subjected to 12 cycles of dilution and
growth in microtiter plates, and each initial community was grown in
eight replicates. DNA was extracted from the initial community samples
and each experimental one, and the V3-V4 region of the 16S rRNA gene
was sequenced as 2 x 250 reads in an Illumina MiSeq sequencer. We
obtained the resulting sequences from the repository and the metadata
from the authors. Filtering, trimming, sample inference, merging of
paired reads, and chimera removal were performed with the R package
DADA2 as described by Goldford et al. [7]. For PCG detection, Bacter-
ialCore.py was used with all endpoint samples from the same culture
medium subsampled to the (minimum) depth of 15904, 6382, and
20037 sequences for glucose, leucine, and citrate, respectively. Intra-
genomic 16S rRNA gene diversity is known to confound diversity esti-
mates and the quantification of individual populations [27]. However,
the sequence identity of most intragenomic 16S rRNA gene sequences
differs by < 1% [28]; thus, for the rest of the analyses using community
composition data, we used the community table obtained after clus-
tering the experimental sequences against the Greengenes v13.5 99%
reference dataset and reference trees [26].

2.3. Mapping 16S rRNA gene sequences to genomes and core pangenome
exploration

The 16S rRNA gene sequences of intra-PCG experimental pop-
ulations were mapped to the GTDB [29] 16S rRNA gene bacterial
database (bac120_ssu_reps_r95) using Nucmer 3.1 [30], with alignment
cutoffs of > 97% identity and > 90% coverage. Then, complete amino
acid sequence-coding genomes were obtained from the same resource
(gtdb_proteins_aa_reps_r95) for best matches passing the above cutoffs.

Genomes obtained for each PCG were annotated using eggNOG-
mapper v2.0.1 with default parameters [31]. Pangenomes were defined
as annotations present in at least 90% of the available genomes for each
PCG, and thus considered as the “core genome” of each PCG. Functions
not related to metabolism or transport were excluded, and the rest were
explored manually using the online tool KEGG Mapper Reconstruct [32].

2.4. Metabolic modeling

We produced genome-scale metabolic models for each genome
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retrieved using the automated tool CarveMe v1.4.1 [33] without gap-
filling and with Gram-specific universal models. Some of the models
produced were not able to grow on their respective media and were
removed from further analyses (Suppl. Table 2).

A species metabolic interaction analysis was carried out using
SMETANA [34]. Using the genome scale metabolic models previously
obtained, several metabolic metrics were calculated for each model.
Then, for each experimental carbon source, pairwise interaction metrics
were obtained for inter-PCG models of species co-existing in at least one
endpoint experimental sample.

The biomass reaction flux of each metabolic model was obtained by a
Flux Balance Analysis (FBA) and a Constrained Allocation FBA (CAFBA)
[35], as implemented in ReFramed (github.com/cdanielmachado/re-
framed) using default settings. The results of the two methods were
highly similar (i.e. variations below the second decimal place), thus, we
reported only those of the CAFBA here. Initially, growth was assessed in
M9 minimal medium supplemented with the respective carbon source.
Later, we conducted inter-PCG simulations in which one metabolic
model grew on the other’s spent media, and vice versa. Spent media
compositions were designed based on the exchange reactions predicted
to have a positive flux for the “donor” metabolic model grown on the
original medium as simulated by CAFBA. For chosen inter-PCG pairs,
results were parsed into reactions present in only one of the models or in
both models but with a different reaction sign and then graphically
depicted to show the possible nature of their metabolic interaction.

2.5. Drift modeling

We implemented a computational model that simulates drift in
communities undergoing dilution-growth cycles. At each cycle, the
community is first randomly subsampled to mimic experimental dilu-
tion. Then, the community grows by adding one new individual at each
step until the pre-dilution community size is reached. At each growth
step, the probability for each population to grow equals its actual rela-
tive abundance. This process models neutral growth along a passage
experiment in which all individuals have equal fitness (Suppl. Fig. 2).
We also introduced a second scenario in which the initial community
populations are initially split into different groups, which then undergo
the above dilution-growth cycles independently with different pre-set
per group community sizes. The output contains each final community
or all trajectory communities, depending on the settings. The same
number of transfers and dilution rates employed by Goldford et al. (12
and 0.008, respectively) were also used here. The initial simulated
communities reflected the starting community compositions of their
experiment, and the community size matched its respective variable
sequencing depths (49470 and 7271 for simulations starting at transfers
0 and 1, respectively). The second restricted scenario drove growth
using the observed average relative abundance of the PCGs in the
glucose experiment: 71.5% for Node 35562 (Enterobacteriaceae), 21%
for Node 27828 (Pseudomonadaceae), and 7.5% for a group containing
all other OTUs. For the restricted scenario, we chose single per group
community size values (the average in the endpoint experimental
communities), as well as per-group percentages randomly drawn from
observed experimental distributions. Finally, we followed the same
approach starting at timepoint 1. Due to missing values in the Goldford
et al. dataset, we modeled growth for only those original community
trajectories presenting all 8 timepoint replicates (10 and 2 communities
for simulations starting at transfer 0 and 1, respectively). For each
starting community, we ran 100 simulations.

For experimental and drift-simulated endpoint communities arising
from the same initial community composition, OTU tables were sub-
sampled to a common depth (the minimum number of sequences in the
dataset) before obtaining the following indices: richness (number of
OTUs), Shannon (diversity), Pielou (evenness), and Faith (phylogenetic
diversity). Next, we derived empirical cumulative distribution functions
from each community type (experimental, simulated neutral, and
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simulated phylogenetically constrained), which were then compared
using the DTS test as implemented in the package twosample in the R
statistical environment.

2.6. Interactions between populations

Co-abundance correlations in the experimental passage data were
evaluated following the same strategy recently employed by Goyal et al.
[36] for a similar dilution-growth passage experiment. The approach,
which assumes that fluctuations in OTU abundance are independent of
one another (i.e. no interactions) and follow a gamma distribution, as-
sesses if the abundance trajectory of two populations is more coupled
than expected by chance. For this analysis, first, the temporal abundance
trajectories of all OTUs were selected. Then, the Pearson correlation
coefficient was calculated for each pair of OTUs based on their trajec-
tories. The statistical significance of the correlations were calculated
against the expected correlation distribution produced following a null
model. For the null model, a gamma distribution was constructed for
each OTU based on the experimental data. Then, random communities
were generated from the gamma distributions, and the resulting com-
munity compositions were renormalized by dividing each individual
abundance by the communities’ total sum. The simulated communities
were then arranged in passage trajectories and the correlations between
each pair of OTUs obtained as per the experimental data. In our case, we
assessed the existence of interactions within the last five passages, when
communities remained compositionally stable (i.e. the PCGs had
emerged, and their relative abundances were comparatively stable). The
analysis was conducted independently for experimental communities
arising from each initial community, and only OTUs appearing in at least
one endpoint experimental community were evaluated. To avoid
spurious correlations, experimental and simulated correlations were
recorded only if both members of the pair had at least 10 reads in a
minimum of three of the five trajectory points. Experimental correla-
tions were obtained only from trajectories presenting no missing values.
As a result, we used a single trajectory for six of the initial communities
and the average of eight trajectories for two communities. Finally, in-
teractions were deemed as present if their correlation value fell within
the top 5% of the extreme values of the null correlation distribution. The
results were depicted as a network using the R package iGraph.

All scripts and additional data are available at https://github.com/
silvtal/phyloassembly. Repository information for the 16S rRNA gene
datasets used in this study is available in their corresponding original
publications.

3. Results
3.1. Pervasive existence of PCGs in microbial ecosystems

Most of the microbial ecosystems analyzed presented a considerable
number of PCGs detected at different phylogenetic depths along the
bacterial phylogeny (Fig. 1, Suppl. Table 1, Suppl. Material 1). The ex-
ceptions to this pattern were the mucosal environments (Illeum, Rectum,
and Vagina) and the Leaf ecosystem, which all presented very few PCGs.
The low number of PCGs detected in the mucosal ecosystems could be
related to their comparatively low sequencing depth (Suppl. Table 1)
and/or host immune response. Overall, the detected PCGs represented a
preeminent fraction of the total community (Suppl. Table 1), with the
lowest pooled abundance values being 18.5% (Leaf) and 34.9% (Illeum),
and the largest, 77.6% (Sponge) and 93.4% (Vagina). In general, the
results of the clustering and tree-based approaches were largely
congruent (Fig. 1, Suppl. Material 1), particularly in terms of PCG
number and phylogenetic depth.
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Fig. 1. Detection of PCGs in selected datasets. Results for selected datasets based on the dynamic clustering of 16S rRNA gene sequences [OTUs] and the
phylogenetic tree-based approach [Tree]. The x-axis values represent, in the first case, clustering distance thresholds and, in the second, maximum intra-node
distance among all reference sequences belonging to that node. The two value types are not directly equivalent and are aligned in the figure for comparative
purposes. For each threshold, OTUs/nodes present in all samples (i.e. core) appear vertically stacked with individual heights representing the average relative

abundance of each core OTU/node in the dataset.

3.2. Phylogenetic signal exploration reveals two specific PCGs in the in
vitro experimental datasets

We assessed the phylogenetic signal in microbial community as-
sembly using a previously published in vitro experimental dataset from a
study featuring the ex situ cultivation of complex natural microbial
communities on a single carbon and energy source [7]. This dataset was
deemed ideal owing to its high replication from different starting com-
munities, which allows a phylogenetic signal to be appropriately
delimited, and its relative simplicity as a microbial ecosystem, which we
consider as a reasonable proxy for local community assembly, thus
avoiding high-scale sampling bias [3]. Moreover, it had previously been
shown to harbor two predominant bacterial families, thus presenting a
clear phylogenetic signal. Indeed, the phylogenetic signal detected in
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the endpoint experimental samples could be delimited in terms of PCGs
(Suppl. Table 3). We discarded from further analyses the PCGs pre-
senting an extremely high phylogenetic depth (Suppl. Table 3) as they
unlikely present eco-functional cohesion [10]. All three experimental
media presented two PCGs that, in each case, accounted for a very large
fraction of the total community abundance (Suppl. Table 4). For each of
the three media, one PCG was taxonomically affiliated with the Pseu-
domonadaceae family, and the other, with the Enterobacteriaceae
family or the phylum Proteobacteria. For the glucose and citrate media,
the same Enterobacteriaceae-affiliated PCG (E) was detected, however
the Pseudomonadaceace-affiliated PCGs (P) differed in that citrate’s P
was phylogenetically shallower (Suppl. Table 5). In comparison with
Goldford et al., who described the phylogenetic signal of their experi-
mental dataset in terms of taxonomic family dominance, our results
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indicate that E (in citrate and glucose) and P (in citrate) are phyloge-
netically more restricted than its corresponding taxonomic family
(roughly half of the phylogenetic distance and a third of the reference
sequences).

3.3. Core pangenome analysis shows the potential energetic advantage of
E over P on the experimental media

To explore the mechanism of persistence and reproducibility of these
PCGs along the course of our drift experimental setup, we obtained
matching database genomes of the experimental populations of each
PCG and constructed 90% consensus pangenome annotations. We then
looked for metabolic and transport genes exclusive to each core pan-
genome. The results indicated that glucose could be transported into the
cytoplasm differently for each PCG. E’s pangenome presents a PEP
phosphotransferase whereas that of P presents an ABC transporter, as
was also noted by Goldford and colleagues for the respective families.
Both transport systems spend energy, but the former saves it by trans-
porting phosphorylated glucose into the cytoplasm. Furthermore,
glucose degradation can follow the Entner-Doudoroff or the Embden-
Meyerhoff pathway towards pyruvate, with the latter pathway
providing one extra ATP. Coded in P’s but not E’s pangenome are key
enzymes for the less efficient Entner-Doudoroff pathway, such as
phosphogluconate dehydratase and 2-dehydro-3-deoxyphosphogluco-
nate aldolase (Fig. 2).

Also, P’s pangenome includes glucose dehydrogenase, a membrane
bound enzyme able to transform extracellular glucose to gluconate,
which in turn can eventually convert to other compounds that, like
gluconate itself, are less utilizable to other microbes [37], thus possibly
increasing its fitness. However, the experimental glucose medium lacked
the necessary pyrroloquinoline quinone cofactor; therefore, this theo-
retical advantage could have only played a role in the present experi-
mental system if this cofactor was stably produced by co-existing
populations. Without additional information, it is not possible to discern
the degree to which P populations may use the two pathways. Thus far,
the results suggest that E populations could have an energetic advantage
over P ones when grown on glucose, which is in accordance with the
higher abundance of E in these samples; however, they do not provide an
explanation for the persistence of P populations in the harsh drift
experiment. The pangenome exploration approach did not yield cues for
the existence of PCGs in the citrate environment. As for leucine, P’s
pangenome includes 3-metilcrotonil-CoA carboxylase, an enzyme able
to assimilate inorganic CO, during leucine metabolism, which is ad-
vantageous in starvation scenarios [38]. Indeed, such a scenario may
have occurred at the end of each growth cycle in Goldford et al.’s [7]
experiments.

3.4. Metabolic modeling of inter-PCG interactions provides a potential
rationale for community niche structure

Our modeling results using universal metabolic models as imple-
mented by the automated modeling tool CarveMe are based on only the
glucose and citrate datasets as the generated models were unable to
grow on leucine. Our initial metabolic interaction analysis using SME-
TANA suggested the lack of obligate syntropy between inter-PCG pairs
in the glucose medium. However, for citrate, two dependent OTUs were
found in the Enterobacteriaceae-related PCG. According to our results,
OTU 4454257 could only grow in the presence of either the
Pseudomonadaceae-affiliated OTUs 4370747 and 4419276 or the
Enterobacteriaceae-affiliated OTUs 4475144, 691423, 9994, and
3944484. The second dependent OTU (3944484) could only grow in the
presence of the Pseudomonadaceae-affiliated OTU 4419276. Metabolic
resource overlap values between inter-PCG models indicated high
metabolic similarity (Suppl. Tables 6 and 7), and also the potential ex-
change of compounds by inter-PCG models grown on the same medium
(Suppl. Tables 8 and 9).
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Fig. 2. Differential presence of glucose metabolism pathways in the core
pangenomes of E and P. The diagram depicts only the parts of the glycolysis
and pentose phosphate pathways relevant to the present study. The Embden-
Meyernoff and Entner-Doudoroff pathways are highlighted in green. Re-
actions represented in P’s pangenome are colored in blue and E’s reactions, in
red. Reactions represented in both pangenomes are colored in gray. In the case
of E, extracellular D-glucose is directly converted into D-glucose-6-phosphate
for glycolysis by the phosphotransferase transport system (EC 2.7.1.199),
whereas in P, D-glucose-6-phosphate is converted from already internalized D-
glucose, which needs an extra ATP-expending step. In the Entner-Doudoroff
pathway, the essential enzymes phosphogluconate dehydratase (EC 4.2.1.12)
and 2-dehydro-3-deoxyphosphogluconate aldolase (EC 4.1.2.14) are only pre-
sent in P’s core pangenome. [Diagram generated using the KEGG Mapper
Reconstruct tool].

Simulated growth of the individual models with FBA and CAFBA
indicated that they could potentially grow alone, and that their simu-
lated growth ratios on the same carbon source were only slightly higher
for E (Suppl. Tables 10 and 11). Goldford et al. [7] hypothesized that
highly similar growth rates sustain the presence of both groups in the
system. However, we propose an alternative, potentially more plausible,
explanation, particularly considering that the experiment was con-
ducted for ca. 84 generations with 12 severe dilution-related drift bot-
tlenecks, and a stable composition still resulted over the course of eight
replicates from 12 initial communities.

Given that inter-PCG pairs can potentially exchange metabolites
when grown together, we simulated growth of inter-PCG pairs recipro-
cally on fresh media and the partner’s spent media. For P grown on the
spent media of E, which was grown on glucose or citrate, the observed
growth flux ratios of P to E were highly similar to the corresponding
experimental ratios (Suppl. Table 12) (glucose experiment 0.29, average
simulated 0.29 + 0.03; citrate experiment 0.63, average simulated 0.49
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+ 0.10). These results strongly support the idea that the interaction
between PCGs could have driven the experimental compositions. Next,
we parsed the modeling results for the inter-PCG pairs (in which E grew
on fresh media and P on the spent media of E) and found that, for both
glucose and citrate, acetate represented the main exchanged metabolite
(Fig. 3, Suppl. Fig. 3). In both cases, the acetate released by E is first
transported into the cytoplasm by P, which then follows two alternative
routes: i) production of acetyl-phosphate, then transformation to acetyl-
CoA, or ii) direct production of acetyl-CoA via a succinyl-CoA:acetyl-
CoA transferase. Both succinate and acetyl-CoA can then be fed into
the Krebs cycle to produce reductive power and thus the means to
generate ATP and sustain anabolism. For both glucose and citrate, half
of the inter-PCG pairs assayed presented both active routes, though a
slightly higher flux was observed for route (ii); the other half of the pairs
presented only route (ii).

3.5. Intra-PCG neutral dynamics partly explain in vitro experimental
diversity patterns

Having acquired an understanding of the metabolic determinants of
niche structure based on phylogenetic composition, genomic databases,
and metabolic modeling, we next explored the population dynamics of
the PCGs. First, we modeled neutral growth and drift along the passage
experiment for all starting communities, also including a second sce-
nario in which the community size of each of the three groups (E, P, and
Others) was fixed according to their average relative abundance in all
end-point experimental communities. The three resulting datasets
(experimental, neutral, and phylogenetically constrained neutral) were
then compared in terms of richness, diversity, evenness, and phyloge-
netic diversity. Our initial expectation was that intra-PCG ecological
cohesiveness leads to intra-PCG neutral dynamics, and hence, the
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phylogenetically constrained scenario would most resemble the exper-
imental results. Though we observed this result for most of the starting
communities and metrics (Suppl. Fig. 4), the values of the phylogenet-
ically constrained scenario were generally higher than those for the
experimental one. To assess if the difference in values was associated
with the use of single, fixed per group community sizes, we reanalyzed
the data using per-group sizes at each step that were randomly sampled
from the experimental distribution. In general, we obtained the same
results (Suppl. Fig. 4). We also repeated the analysis starting at transfer 1
and, in this case, the diversity values of our simulation more closely
matched those of the experimental observations (Fig. 4).

Thus, intra-group neutrality with fixed niche sizes could recapitulate
the experimental observations except at the initial step when the starting
community faced the first experimental selection-drift cycle. To better
understand this phenomenon, we compared the abundance of individual
populations in the experimental vs. simulated datasets (Suppl. Fig. 5). In
most cases, one or two of the initial intra-PCG group populations
dominated the experimental endpoint communities. Although a few of
these initial populations presented a higher abundance than expected, in
most cases, the abundance was lower than expected. These results
indicate unequal fitness among the initial populations of the same PCG,
contradicting our initial hypothesis, followed by strong selection
established during the first transfer that resulted in the removal of intra-
group populations with low fitness. After this point, the behavior of the
experimental ecosystem was more in line with intra-group neutral dy-
namics and group relative abundances, which were likely imposed by
the metabolic considerations mentioned above.

The observed differences in intra-group fitness could be related to
variations in growth rate in the experimental media and to the existence
of strong biotic interactions. To test the latter, we modeled co-
abundance correlations in the late experimental transfers, which
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Fig. 3. Simulated inter-PCG metabolism for E-P pair grown on glucose. The diagram depicts the simulation scenario for E grown on M9 + glucose media and P,
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showed stable compositions. Negative inter-group correlations accoun-
ted for most of the observed significant correlations, though we also
observed a few instances of significant intra-group correlations, both
positive and negative (Suppl. Fig. 6). The latter result could be expected
a priori based on likely partial ecological redundancy, and positive intra-
group interactions may be indicators of a division of labor. However, the
metabolic division of labor that seems to explain the persistence of P and
E in the in vitro experimental dataset, or the observation of significant
positive intra-group interactions, does not explain the preeminence of
the negative inter-group interactions. The proposed conceptual frame-
work posits that the sum of intra-group populations abundance is gov-
erned by relative niche size. In this regard, both the negative inter-group
and the positive intra-group interactions could be explained by fluctu-
ations in niche size of E and P along the modeled experimental samples.

4. Discussion

We analyzed 16S rRNA gene datasets from various human and plant-
associated environments, as well as from animal-associated and envi-
ronmental microbial communities. PCGs were detected in terms of
nodes of a phylogenetic tree present in all instances of each community
type. Here, we provide evidence of the presence of PCGs in all datasets
analyzed, indicating they could be a predominant feature of microbial
ecosystems.

Previously, we proposed the conceptual framework of PCGs and an
approach for their study [3]. In the present work, we aimed to exemplify

how phylogenetic signal (i.e. PCGs) in a microbial ecosystem could be
used to help understand its metabolic niches and assembly rules.
Drawing from the well supported ideas that traits and ecological func-
tion show some degree of phylogenetic conservatism [10,39] and that
the core pangenome of a clade can be translated to its core ecological
niche [11,40], we re-analyzed Goldford et al.’s [7] experimental com-
munity composition dataset using solely phylogenetic signal and avail-
able genomic resources in order to gauge how much of this community’s
ecology could be inferred without further in-depth experimentation.

In Goldford et al. [7], the observed phylogenetic signal was restricted
to two families, Enterobacteriaceae and Pseudomonadaceae. Our more
fine-grained analysis showed the same restriction to the two families,
but it, more importantly, revealed that the PCGs were significantly more
restricted than the corresponding taxonomic families. Thus, we argue
that phylogenetic signal should be finely delimited before attempting to
map phylogeny to shared eco-functional traits based on genomic
information.

Having finely delimited the PCGs present in the ecosystem, we
explored their metabolic niches through a core pangenome analysis. The
results pinpointed a potential advantage of E when grown on glucose,
derived from its more efficient transport system and the possibility that
P processes some or all of the glucose through a less efficient pathway.
Subsequent analyses of inter-PCG metabolic models indicated that the
experimental P/E could be recapitulated if E consumed glucose or citrate
and P consumed the resulting acetate by-product, thus providing an
indication of the ecosystem’s niche structure.
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Our analysis of the community at the population level showed that,
contrary to our starting hypothesis, the intra-PCG populations did not
present equal fitness. Nonetheless, after the first selective transfer in our
drift model with phylogenetic constraints, the resulting diversity metrics
were similar to those observed experimentally. Our results are in line
with those of Datta et al. [41], who showed that, during the early stages
of community assembly, environmental filtering couples the dynamics
of functionally equivalent populations, which, as a result, initially
behave in a non-neutral fashion. The ability of the model to approximate
experimental observations is noteworthy, though several a priori ca-
veats must be taken into account. These include the inability to model
populations that are initially present below the sequence depth-based
detection threshold, the use of total community sizes based on normal-
ized sequence numbers instead of experimental cell counts, and the
apparent distance between a stepwise growth simulation and in vivo
bacterial growth dynamics.

Another interesting finding from our general exploration of the
glucose dataset was the indirect evidence of biotic interactions. For
instance, a single E population (4454257; GreenGenes reference num-
ber) could either dominate or co-dominate (alongside 4399988) the
endpoint experimental replicates in a non-neutral fashion, depending on
the starting community context (Suppl. Fig. 5). However, we hypothe-
size that the results of our analytical approach to detect possible biotic
interactions using co-abundance networks are more consistent with
changes in niche sizes. A recent in-depth metabolism study of Goldford’s
experimental system indicated that each transfer cycle followed an E to
P succession driven by the consumption of glucose and the concomitant
accumulation of acetate (see below). Possible fluctuations in sampling
times or cycle dynamics could alter PCG abundance; therefore, observed
correlations would be related to succession stage instead of actual biotic
interactions, as recently cautioned by Pascual Garcia et al. [42]. Given
this, sampling of multi-replicated enrichment communities [43] should
be adjusted on the basis of community metabolic or abiotic parameters
to better serve as model systems, though the implementation of this may
prove difficult.

Recently, Pascual-Garcia [44] provided a commentary on our pro-
posed conceptual framework. We acknowledge that our initial descrip-
tion provided a tautological formulation, and agree that the detection of
PCGs could benefit from using a methodological pipeline independent of
the number of samples or their depth. In this regard, we detected PCGs in
terms of 16S rRNA gene sequence clusters and nodes of a phylogenetic
tree at different depths that are present in all samples from the same
ecosystem type. While this is a useful heuristic approach, other criteria,
such as a Poisson distribution [45], a competitive lottery schema [46],
invariance metrics [47], or the use of neutral models, could also be
employed. On the other hand, we feel that the commentary presents
misinterpretations regarding our propositions and framework. Signifi-
cantly, Pascual-Garcia’s commentary presents a mental exercise with
different assembly scenarios, with the author exploring these scenarios
in search of PCGs [44]. However, Pascual-Garcia apparently analyzed
only a single sample per scenario, despite the fact that our framework
requires the analysis of a large number of samples from the same sce-
nario [3]. This key difference likely accounts for the disparity in the
results and interpretations reported in the commentary as pertaining to
the framework compared to our own evaluation of the reported exercise.
Nonetheless, we both seem to agree on the potential of the PCG
approach, which also aligns with Goyal et al.’s recent call to clarify how
phylogenetic signal maps to ecological functions [36].

As alluded to above, Estrela et al. [48] recently followed-up on
Goldford et al.’s [7] results using a canonical experimental approach,
which has provided an overlapping study with which we can compare
our results. They first repeated the original experimental set-up with
glucose, then isolated several strains that represented a large percentage
of the experimental communities and measured their growth rate on the
experimental glucose medium. They found that Enterobacteriaceae
isolates had higher growth rates than Pseudomonadaceae isolates,
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contradicting their initial hypothesis that both families coexisted due to
similar growth rates [7]. Rather, their results suggest that Pseudomo-
nadaceae populations were sustained in the community owing to the
higher competitive ability of the metabolic by-products secreted by the
Enterobacteriaceae populations. To confirm this idea, the authors
analyzed the secreted by-products of the Enterobacteriaceae strains and
showed that acetate was dominant and that the Pseudomonadaceae
isolates had a higher growth rate in acetate compared with the
Enterobacteriaceae isolates. They proposed that the ecosystem has two
phylogenetically conserved metabolic niches: fermenters (Enterobac-
teriaceae) and respirators (Pseudomonadaceae), which are selected ac-
cording to the organic acids released by the fermenters on which they
specialize. Significantly, as mentioned above, they measured the ratio of
P to E at different time points during a 48-h growth cycle and,
concomitantly, quantified glucose and acetate levels. In this manner,
they demonstrated the differential growth advantage of the two types of
isolates: Enterobacteriaceae had an advantage early during the incuba-
tion period when glucose was abundant, and Pseudomonadaceae, later,
when glucose was absent and acetate was abundant. Thus, each transfer
cycle represented a succession from E to P. They also modeled P and E
interactions using well-curated metabolic models. They found, as we did
with our automated models, that the experimental P/E could be reca-
pitulated only when glucose is completely metabolized to acetate by
Enterobacteriaceae, and Pseudomonadaceae fully respires acetate to
COs. In summary, their valuable experimental follow-up study shows
essentially the same results as those obtained by our purely bio-
informatic approach, further supporting the potential usefulness of PCG
analyses in evaluating microbial community assembly.

5. Conclusion

The results presented here show that the proposed PCG-based
approach can provide ecological insights comparable to those ob-
tained after canonical experimentation. While it is undisputable that
appropriate experimentation provides more direct evidence than our
approach, the latter can be of great value for cases in which experi-
mentation is not possible or practical, or as a complement. As previously
discussed in detail [3], the conceptual framework and proposed meth-
odological approach has some limitations including its reliance on suf-
ficient sequencing depth, the low resolution of the 16S rRNA phylogeny
at deep and shallow nodes, and its incapacity to help explain microbial
ecosystems that do not show a phylogenetic signal or those with strong
succession patterns or frequent and strong perturbations [3]. Nonethe-
less, we show the presence and high relative abundance of PCGs in a
large and diverse array of environments, suggesting PCGs are a pre-
dominant feature of microbial ecosystems that, when detectable, can be
used to explore microbiome function and assembly rules. Leveraging
this phylogenetic signal thus offers a relatively quick (and cost effective)
way to gain further insight on Earth’s microbial ecosystems.
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