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Abstract
Ecological factors contributing to depth-related diversification of marine Thaumarchaeota populations remain largely
unresolved. To investigate the role of potential microbial associations in shaping thaumarchaeal ecotype diversification, we
examined co-occurrence relationships in a community composition dataset (16S rRNA V4-V5 region) collected as part of a
2-year time series in coastal Monterey Bay. Ecotype groups previously defined based on functional gene diversity—water
column A (WCA), water column B (WCB) and Nitrosopumilus-like clusters—were recovered in the thaumarchaeal 16S
rRNA gene phylogeny. Networks systematically reflected depth-related patterns in the abundances of ecotype populations,
suggesting thaumarchaeal ecotypes as keystone members of the microbial community below the euphotic zone. Differential
environmental controls on the ecotype populations were further evident in subnetwork modules showing preferential co-
occurrence of OTUs belonging to the same ecotype cluster. Correlated abundances of Thaumarchaeota and heterotrophic
bacteria (e.g., Bacteroidetes, Marinimicrobia and Gammaproteobacteria) indicated potential reciprocal interactions via
dissolved organic matter transformations. Notably, the networks recovered ecotype-specific associations between
thaumarchaeal and Nitrospina OTUs. Even at depths where WCB-like Thaumarchaeota dominated, Nitrospina OTUs
were found to preferentially co-occur with WCA-like and Nitrosopumilus-like thaumarchaeal OTUs, highlighting the need
to investigate the ecological implications of the composition of nitrifier assemblages in marine waters.

Introduction

Thaumarchaeota are important contributors to carbon and
nitrogen cycling in the ocean due to their roles in nitrogen
remineralization, nitrous oxide production, and carbon
fixation. Accounting for up to 20% of marine picoplankton
communities, they are often the most abundant microbial

organisms in marine waters, particularly below the euphotic
zone [1, 2]. All cultivated members of the phylum Thau-
marchaeota are capable of oxidizing ammonia to nitrite, the
first and rate-limiting step in nitrification (e.g., refs. 3–7).
Distribution and diversity patterns of Thaumarchaeota have
been studied extensively in natural systems using the gene
encoding the α-subunit of ammonia monooxygenase
(amoA) as a molecular marker (e.g., refs. 8–14).

Phylogenetic analysis of amoA genes from marine waters
suggests the existence of two distinct depth-related ‘eco-
type’ populations of Thaumarchaeota in the ocean.
First identified by Francis et al. [8], the water column
“A” (WCA) and water column “B” (WCB) clades are
suggested to represent vertically segregated “shallow” and
“deep” ecotypes of pelagic Thaumarchaeota, respectively
[8–10, 12, 15–23]. Distribution patterns of the two ecotypes
along depth gradients suggest differential niche adaptations
for the ecotype lineages: the “shallow” ecotype likely pos-
sesses a broader niche than the “deep” ecotype [24], as the
former is often found throughout the water column,
although more abundant at shallower depths, while the
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“deep” ecotype is more abundant below the euphotic zone
[10, 12, 19, 20]. Genomic and physiological differences
between the ecotype populations and environmental factors
driving their niche separation, however, are not well
resolved [22, 24]. Suggested depth-related physicochemical
gradients influencing ecotype partitioning include: light
levels [25], reactive oxygen species [26], and substrate
(ammonia) concentrations [27].

Prior studies examining thaumarchaeal ecotype dis-
tributions in the water column have focused primarily on
the role of physicochemical factors on niche partitioning
[12, 20, 22, 23], and rarely on potential ecological inter-
actions involving Thaumarchaeota and other co-occurring
microbial populations. The latter is important because
microbial composition and functional distribution in eco-
systems are known to be significantly influenced by eco-
logical interactions within microbiomes [28–30]. In recent
years, analyses of microbial co-occurrence patterns have
been applied to explore ecologically-meaningful interac-
tions between taxa in both environmental and host-
associated microbiomes, primarily through inferring co-
occurrence networks from the relative abundances of taxa
[30–39]. While most such studies have been limited to
exploring interactions within bacterial communities, a few
have examined ecological associations involving archaeal
groups (e.g., refs. 32, 36, 39, 40). The two prior studies that
directly incorporated thaumarchaeal phylotypes into asso-
ciation networks— one in grassland soils [40] and another
in a coastal marine environment [39]—have both reported
frequent associations between the two nitrifier guilds (i.e.,
thaumarchaeal ammonia oxidizers and nitrite-oxidizing
bacteria). Examining the dynamics and co-occurrence pat-
terns of archaeal populations at the San Pedro Ocean Time-
Series (SPOT) station in Southern California, Parada and
Fuhrman [39] suggested that distinct nitrifier assemblages
may be responsible for nitrification at different spatio-
temporal regimes, in agreement with the co-varying abun-
dances of archaeal and bacterial nitrifiers observed in other
marine systems [9, 13]. However, to date no study has
specifically addressed any potential links between ecotype
differentiation and co-occurrence patterns.

In this study, we seek to examine co-occurrence rela-
tionships involving Thaumarchaeota in the water column, in
the context of depth-related ecotype diversification. We
apply co-occurrence network analysis to community
sequence data (16S rRNA gene) from coastal Monterey Bay
to decipher patterns of association between thaumarchaeal
ecotypes and other members of the microbial community.
Specifically, we investigate: (i) whether depth-related
changes in the abundance and diversity of bacteria and
archaea are reflected in the co-occurrence relationships of
thaumarchaeal ecotypes, and (ii) to what degree ecotype
diversification matter for network structure and association

patterns at different depth layers. We also examine the
relative importance of individual thaumarchaeal phylotypes
in the networks to ascertain indications of niche separation,
hypothesizing that differences in association patterns
would result from ecotypes adapting to divergent ecological
niches.

While our approach is fundamentally different from
inferring and interpreting ecological networks that entail
direct causal relationships between taxa [41], we attempt to
trace depth-related patterns of taxa co-occurrence in light of
suggested ecological relationships between microbial
groups. Unlike prior correlation-based studies, we also map
phylogenetic information on the co-occurrence networks to
analyze thaumarchaeal association patterns at a much
greater taxonomic resolution to gain insights into ecotype
diversification.

Materials and methods

Oceanographic setting and sample collection

In collaboration with the Monterey Bay Aquarium Research
Institute (MBARI) 29-year oceanographic time series, we
sampled two stations, M1 (36.747 N, −122.022W) and M2
(36.697 N, −122.378W), in Monterey Bay over a period of
two years (from May 2014 to February 2016). Samples
were collected nearly monthly (although no sampling was
carried out between December-March in 2014-15 and Jan-
uary 2016) from up to 10 depths at each station, ranging
from surface to 200 m (in 2014) or 500 m (in 2015 and
2016). Using Niskin (10 L volume) bottles mounted onto a
conductivity-temperature-depth (CTD) rosette, duplicate
water samples were collected from each depth. A volume of
1 L each of the collected water was filtered using a peri-
staltic pump through a 10 µm pore size polyester pre-filter
(in-line; GE Osmonics, Minnesota, USA), followed by a
0.22 µm filter (Supor, Pall Inc, New York, USA). Both
filters were placed into individual 2 ml bead tubes con-
taining a mixture of 0.1 and 0.5 mm glass beads, which
were flash-frozen in liquid nitrogen immediately after fil-
tering and stored at −80 °C until processing. For every
sample filtered for molecular analyses, we also obtained
nutrient measurements (NH4

+, NO3
−, NO2

−, PO4
3−,

SiO4
2−) and other water column characteristics (chlorophyll

a, dissolved oxygen, relative fluorescence, and total car-
bon), using previously described methods [42, 43].

Samples analyzed in this study include all time points
and depths from both stations, except for September 2015
and February 2016 (these two profiles were not included in
the first phase of 16S rRNA iTag sequencing runs due to
logistical delays associated with processing the samples for
nucleic acid extractions).
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Nucleic acid extractions, 16S rRNA iTag sequencing
and processing

Total DNA and RNA were extracted from all 0.2 micron
filters using a previously described two-step co-extraction
protocol [19, 43], with a few modifications - for each set of
extraction, we added 10 μL of fresh β-mercaptoethanaol per
1 mL of the lysis buffer (mirVana miRNA isolation kit, Life
Technologies, Carlsbad, CA, USA). To maximize yield,
DNA and RNA were eluted twice from the capture columns
with 50 μL each of the respective elution buffers heated to
95 0C. Total DNA yield for each sample was quantified
using the Quant-iTTM High Sensitivity dsDNA assay with a
Qubit Fluorometer (Invitrogen, NY, USA). Estimated con-
centrations ranged from 0.12–120 μg DNA L−1 of seawater
filtered, with a mean yield of 19.85 μg L−1.

The 16S rRNA gene amplicons were prepared from each
sample and sequenced using the MiSeq platform (Illumina;
iTag amplicon sequencing), as part of a Community Science
Program (CSP) project with the DOE Joint Genome Insti-
tute (JGI). Universal (Bacteria and Archaea) V4-V5 primers
515F-Y (5′- GTGCCAGCMGCCGCGGTAA) and 926 R
(5′- CCGYCAATTYMTTTRAGTTT) [39] were used for
amplification.

Demultiplexed, quality-filtered reads were processed
through the MiSeq Standard Operating Procedure for the
mothur software package [44]. Briefly, quality-filtered
unique reads were aligned against the Silva v128 16S
rRNA gene alignment [45]. Chimeric reads were detected
using UCHIME [46] and removed from the alignment.
Taxonomic assignments were carried out using the Silva
v128 reference database [45]. Clustering was performed at
97% similarity using the cluster.split() command in mothur.
At the completion of the pipeline, 10,151 Operational
Taxonomic Units (OTUs) were retained for downstream
analyses.

Statistical analyses

All statistical analyses on the OTU abundance data were
carried out in R (v. 3.4.1; ref. 47), primarily using the
Phyloseq (v 1.20.0; ref. [48]) and vegan (v 2.4.4; ref. [49])
packages. Samples with < 10,000 reads were excluded (only
1 sample out of 275 total; the 5 m sample from August 2014
had only 311 reads). OTU abundance tables were rarefied to
even depth (35,927 OTUs per sample) prior to beta-
diversity analyses. Community variability was evaluated by
nonmetric multidimentional scaling (nMDS) using the
Bray-Curtis dissimilarity matrix. PERMANOVA analyses
[using adonis() in vegan] were performed to further confirm
the ordination results. Constrained ordinations [Constrained
Analysis of Principal Coordinates (CAP) and Canonical
Correspondence Analysis (CCA)] were performed on the

Bray-Curtis dissimilarity matrix to examine environmental
controls on beta-diversity using Phyloseq functions. Hier-
archical clustering was used to identify depth-based
grouping patterns in overall community composition (at
the phylum level; relative abundance cutoff: 2%). Phyloseq
alpha-diversity command plot_richness was used to com-
pute and visualize richness (# observed OTUs) and even-
ness (Inverse Simpson index).

Association network inference and analyses

Low-abundance OTUs were filtered out prior to network
calculation, retaining only the OTUs that were present at
least 10 times in 10% of the samples at each depth. In
addition to reducing network complexity by removing
poorly represented taxa, this filtering step also aided in
avoiding spurious correlations between taxa resulting from
skewed abundance distributions.

Correlation networks were calculated at the six chosen
depths at each station (see Results and Discussion for
details on depth selection) using the SpiecEasi R package
(v. 0.1.2). Spiec-Easi (Sparse InversE Covariance estima-
tion for Ecological Association and Statistical Inference) is
a novel statistical method developed specifically for com-
positional data; network inference is done under the
assumption of sparsity, using sparse neighborhood and
inverse covariance selection algorithms [50]. We ran Spiec-
Easi in the neighborhood selection (MB) model, and
selected final networks for each depth-station combination
by random subsampling and interaction re-estimation using
the Stability Approach to Regularization Selection (StARS),
using a variability threshold of 0.05%.

The resulting adjacency matrices were converted into
network objects using the R igraph package (v 1.1.2).
Various network summary statistics and node centrality
measures were calculated using igraph functions to compare
network topologies across stations and depths. Detailed
explanations of computed network statistics are provided in
the Supplementary Information accompanying this article.
Cytoscape (v 3.5.1; ref. [51]) was used for visualizing the
networks and identifying network modules.

In addition to network topology measures, we also
computed the following node centrality measures to com-
pare the relative importance of individual nodes within a
network:

I. Degree centrality refers to the number of connections
that a node has, and is based on the idea that a central
node is connected to many others in the network.

II. Eigenvector centrality measures the importance of a
node based on the number of ‘central’ nodes it is
connected to (i.e., a central node would be connected
to many other central nodes).
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III. Betweenness centrality measures the extent to which a
node lies on the shortest paths between other nodes in
the network. In other words, it is an indicator of a
node’s influence on the ‘communication’ between
parts of the network.

We further used degree and betweenness centrality
scores as metrics to evaluate the degree of importance or
‘keystone-ness’ of a taxon (i.e., node) within a given net-
work (discussed further in Results and Discussion).

Results and discussion

Depth-associated patterns in community structure

The dataset consisted of 44 distinct phyla, including 3
archaeal phyla (Fig. 1a). Proteobacteria and Bacteroidetes
were the most abundant phyla, comprising 51.5 and 18.7%
of the classified community, respectively. Alphaproteo-
bacteria, specifically the SAR11 clade, was the most
abundant class overall. A total of 14.3% of the reads were
classified as Archaea, and Thaumarchaeota were the third
most abundant phylum constituting 7.99% of the total
classified reads (i.e., both Bacteria and Archaea). Depths
> 60 m at both stations showed relative numerical dom-
inance of thaumarchaeal OTUs over most bacterial and all
other archaeal phyla, consistent with their reported dis-
tribution in the ocean’s interior [1, 2].

Relative abundance data also indicated Thaumarchaeota
as the primary ammonia oxidizers in the system, since
ammonia-oxidizing bacteria (AOB) were considerably less
abundant (0.05%). All AOB in the dataset belonged to the
betaproteobacterial class (Family: Nitrosomanadaceae).
Across depth and time points, the most abundant

thaumarchaeal OTU (#3) was 20 to 2700 times more
abundant than the most abundant AOB OTU (#213).

Relative abundances of all major microbial groups
showed clear spatiotemporal patterns at the two stations,
M1 and M2. However, no significant difference in taxa
composition was observed between the two stations (PER-
MANOVA and ANOSIM p-values > 0.05), which may
reflect the fact that oceanographic conditions (i.e., measured
macronutrient levels and physiochemical variables) did not
change significantly between the stations during the sam-
pling period (PERMANOVA p > 0.05; Fig. 1b). Both water
column depth and sampling time significantly correlated to
community structure with p < 0.01 (based on PERMA-
NOVA on Bray-Curtis dissimilarities), also supported by
analysis of similarities (ANOSIM) performed on sampled
depths (p= 0.001, R-value: 0.54). Similar vertical and
temporal structuring of the pelagic microbial community is
commonly observed in coastal and open ocean systems
(e.g., refs. 39, 52–58). While seasonality appeared to be a
strong factor controlling beta-diversity in our dataset (a
temporal gradient was evident along PC2 in Fig. 1b, pre-
sented in Fig. S1A), the most variability in community
structure explained was along the spatial dimension
(Fig. 1b). Therefore, we focus primarily on depth-related
changes in community composition and co-occurrence
patterns from this point forward.

To examine the environmental variables significantly
correlating with depth-based partitioning of community
structure, we performed a Constrained Analysis of Principal
coordinates (CAP) on the Bray-Curtis dissimilarities
between samples (Fig. 2a). The first two constrained axes
together explained 55.5% of the total compositional varia-
tion; spread of samples along the first ordination axis was
suggestive of the strong depth gradient. The most significant
environmental variables correlating with community

Fig. 1 (a) Relative abundance of major bacterial and archaeal phyla in
the 16 S rRNA iTag dataset. The data are from all 10 depths sampled
across the 2-year period. Only phyla with overall relative abundance
> 2% are shown. Note the increasing relative abundance of Thau-
marchaeota with depth. (b) Principal Component Analysis (PCA) plot
showing the spread of samples along a depth gradient (PC1), based on

measured environmental variables. Shapes correspond to the two sta-
tions, and vectors are drawn to highlight significant environmental
variables explaining the variation along PC1 and PC2. Percent varia-
bility explained by each component is given in brackets next to the
axis labels
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composition along the CAP1 direction were nitrate and
dissolved oxygen, closely followed by phosphate and sili-
cate concentrations, temperature and salinity (Fig. 2a).

Results of a hierarchical clustering analysis on the Bray-
Curtis dissimilarity between samples along the vertical
dimension revealed three major clusters - depths ≤ 40 m
formed one cluster (which we refer to as the ‘shallow’
cluster), while 80, 100 and 200 m depths clustered together
(the ‘intermediate’ cluster). The 500 m depth samples were
distinct from all other depths at both stations, suggestive of
a significantly different community composition at this

depth (Fig. 2b). These depth clusters broadly reflect the
oceanographic features of our study system, representing
the mixed layer, twilight waters and the zone below the
seasonal thermocline, respectively. Alpha diversity analyses
also supported the depth-related clustering patterns: esti-
mates of richness (#observed OTUs) and evenness (Inverse-
Simpson) were lowest at the shallow depths and peaked at
intermediate depths (Fig. 2c[i]). Richness increased steadily
with depth, while evenness peaked at 80–100 m at both
stations (Fig. 2c[i]). Thus, since both alpha and beta
diversity patterns changed significantly with depth, we

Fig. 2 a Constrained Analysis of Principal Coordinates (CAP) plot of
community dissimilarity (Bray-Curtis) between samples, color-coded
by depth. Shapes correspond to the two stations, and vectors show
significant environmental variables constraining the variability in
community composition. Rarefied OTU abundances were used for the
analysis. b Results of a hierarchical cluster analysis on the Bray-Curtis
dissimilarity (based on OTU composition) between depths; OTUs
were agglomerated at the Phylum level, and low-abundance OTUs

(i.e., < 2% relative abundance) were filtered out prior to analysis. Each
column in the heatmap shows the abundance pattern of a unique
phylum while each row is a depth sampled from each station. c Alpha
diversity measurements - richness and evenness - for (i) overall dataset
prior to filtering and (ii) filtered dataset used for network inference.
Details on filtering criteria explained in Materials and Methods and
discussed further in the text
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hypothesized that the nature of interactions involving
Thaumarchaeota would also reflect the change in commu-
nity structure and therefore show depth-related patterns.

To compare the co-occurrence relationships of Thau-
marchaeota at different depth regimes, we computed
association networks for groups of samples belonging to the
three depth clusters identified in Fig. 2b. Networks were
inferred using OTU compositional data filtered to include

only the most abundant OTUs, for all depths ≥80 m. From
the ‘shallow’ cluster, we picked only the 20 m and 40 m
depths for network inference because: (i) overall thau-
marchaeal relative abundances were <6% at the shallow
cluster depths (Fig. 3a) and (ii) the four uppermost depths in
the ‘shallow’ cluster (i.e., 5, 10, 20, and 30 m) were not
significantly different from each other in terms of beta-
diversity (confirmed by PERMANOVA test, p > 0.05). The

Fig. 3 a Relative abundance of the top 10 thaumarchaeal OTUs at the
depths considered for network inference at M1 and M2. Also indicated
in each plot window is the overall relative abundance of thaumarchaeal
OTUs at the corresponding depths. b Distribution of centrality

measures for all thaumarchaeal nodes in each network corresponding
to the 12 station-depth combinations. Mean values are indicated by
gray horizontal lines

Differential co-occurrence relationships shaping ecotype diversificationy 1149



final filtered dataset had similar diversity patterns as that of
the overall dataset (Fig. 2c[ii] and Fig. S1B), indicating that
the filtering step did not substantially alter community
structure to effectuate a marked change in inferred co-
occurrence patterns.

Global network topologic features vary across
stations and depths

To assess changes in network structure with depth, we
computed global topological properties for each network,
and compared these measures to corresponding random
networks. Computed measures for all networks were sig-
nificantly larger than those of their comparable random
networks (one sample z-test p < 0.001; 1000 Erdos-Renyi
random networks were created for each network). This
suggested that the co-occurrence patterns we observed were
not random, and that OTUs/taxa involved in these potential
associations are highly likely to be found together.

As a summary measure of local network topologies, we
computed graphlet correlation distance between the net-
works [59], and inferred a two-dimensional embedding of
the distances using MDS (Fig. S1C). The resulting clus-
tering patterns broadly corresponded to the degree dis-
tributions for individual networks depth (Fig. S1D), as well
as to in-situ alpha diversity at each. Network complexity (as
determined by clustering coefficient and average degree
scores) generally increased with depth at both stations
(Table 1), and was significantly greater than those of
comparable Erods-Renyi random networks (p < 0.01). This
is consistent with prior studies reporting ‘small-world’
properties for microbial ecological networks (e.g., refs.
[32, 34])–each OTU is linked to many others and, therefore,
randomly removing one should not significantly alter

network/community structure [60]. Total number of con-
nections in the networks increased near-linearly with the
number of unique phylotypes at each depth (Pearson’s R2:
0.95 and 0.98, respectively for M1 and M2). Thus, net-
works from depths with the highest alpha diversity values
also had the highest average degree (Table 1). Degree dis-
tributions for the individual networks also followed this
trend as right-shifted distributions characterized depths with
the largest alpha-diversity values, particularly at M1
(Fig. S1D). As noted earlier, degree distribution of the M2
20 m network was considerably shifted to the left compared
to other networks from this station (Fig. S1D), consistent
with the lowest average alpha diversity values observed at
this depth (Fig. 2c[ii]). These observations imply that the
density of network connections is directly affected by the
diversity of interacting OTUs, as observed previously for
human microbiome networks [28].

Role of thaumarchaeal OTUs in shaping network
structure

Consistent with the depth profile observed for the relative
abundances of Thaumarchaeota (Fig. 3a), the number of
thaumarchaeal OTUs meeting the abundance filtering cri-
teria and incorporated into the networks increased with
depth-final networks from 20 m depth included only 2
thaumarchaeal OTUs, while the 500 m networks contained
18 and 17 OTUs each, at M1 and M2, respectively.

Distribution of node centrality scores computed for
thaumarchaeal OTUs in the networks, however, did not
follow the trend in their relative abundances, but closely
tracked the vertical alpha diversity patterns (Fig. 3b). At
both stations, thaumarchaeal nodes with the highest average
centrality scores appeared in the 80 and 100 m networks,

Table 1 Global topological
properties for each network

Station Depth (m) # Nodes # Edges % Positive
edges

Clustering
coefficient

Modularity Average
path length

Average
degree

M1 20 275 882 61 0.08 0.48 3.49 6.41

40 354 1214 62 0.08 0.47 3.53 6.86

80 448 2024 62 0.09 0.43 3.25 9.04

100 439 1905 65 0.09 0.42 3.3 8.68

200 375 1316 66 0.09 0.46 3.52 7.02

500 381 1572 58 0.12 0.43 3.3 8.25

M2 20 270 667 85 0.08 0.49 3.9 5.17

40 381 1588 76 0.09 0.42 3.27 8.34

80 403 1695 72 0.09 0.41 3.27 8.41

100 410 1760 67 0.09 0.41 3.25 8.59

200 372 1589 63 0.09 0.42 3.19 8.54

500 378 1625 59 0.11 0.41 3.28 8.6

Note: Explanations and definitions of the topological measures are provided in the Materials and Methods
section
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although overall relative abundances of Thaumarchaeota at
these depths were 4–5% lower than at 500 m (Fig. 3a).
These depths also had among the highest OTU richness
(Fig. 2c), which likely correlates directly to the number of
possible links between taxa. Likewise, the relative drop in
centrality scores in the 200 m networks, particularly at M1
(Fig. 3b), appears to reflect the relatively lower overall
richness at this depth (Fig. 2c).

Nodes with high centrality scores are predicted to be
‘keystone’ taxa in ecological networks - microbial members
important for maintaining network connectivity, and
potentially controlling the stability of the entire community
[32, 35, 61–63]. Many of the thaumarchaeal nodes had high
centrality scores, and thus appeared to be hub nodes in the
networks, fitting the keystone species definition [29]
(Fig. S2) in the depths considered. Particularly in the
‘intermediate’ depth layers, centrality of thaumarchaeal
nodes were often comparable to the highest scoring nodes in
the network (Fig. S2). Moreover, some thaumarchaeal
nodes (e.g., OTUs 21, 211, and 373) had among the highest
betweenness centrality scores among all nodes, despite
having relatively fewer connections, suggesting that many
of them were important for the flow of information between
parts of the network by acting as ‘bridges’ between poorly
linked subnetworks/modules.

Intriguingly, abundance of individual OTUs did not
correlate to their importance in the network. Even though
the overall relative abundance of Thaumarchaeota
increased with increasing depth, there were substantial
variations in the abundances of individual OTUs (Fig. 3a).
While generally, the most abundant OTUs were also well-
connected, many of the ‘hub’ nodes in the networks were
relatively low-abundance members of the phylum. For
instance, thaumarchaeal nodes with the highest centrality
scores in the 500 m networks were OTU 812 and OTU 929,
neither of which were among the top 10 most abundant
thaumarchaeal OTUs at this depth (Fig. 3a). A similar
pattern has previously been observed in human [38] and
plant [64] microbiome networks, where highly abundant
taxa often appeared to be poorly connected while low-
abundance ones served as highly connected hub nodes.

In addition to comparing individual node centralities, we
also examined whether Thaumarchaeota played a more
important role in network structure compared to other
phyla, by testing for group effect on betweenness centrality
scores for all nodes agglomerated by phylum, individually
for each network. Results suggested that Thaumarchaeota
were significantly important to network structure for all but
three of the station-depth combinations—the 20 m and 80 m
networks from M1, and the 20 m network from M2
(Kruskal-Wallis P < 0.05 for all networks except the three
specified). Other phyla identified as important for network
structure included the following: Nitrospinae in the M1

40 m, 100 m and 200 m, and M2 80 m networks; Lenti-
sphaerae and Planctomycetes in the 80 m networks; Bac-
teroidetes in the M1 80 m and 500 m networks; and
Marinimicrobia in the M2 100 m network. Proteobacteria,
despite being the most abundant phylum in the dataset, were
significantly central to network structure only in the M1 80
m and M2 40 m networks (based on Kruskal-Wallis sig-
nificance test; P > 0.05).

Co-occurrence links involving Thaumarchaeota

Across all depths at both stations, thaumarchaeal nodes had
frequent co-occurrence links with Bacteroidetes, Verruco-
microbia, Planctomycetes, Euryarchaeota, and Alpha-Pro-
teobacteria and Gamma-Proteobacteria (Fig. S3, S4).
Many of these connections likely reflect changes at the
community level, resulting from similar eco-physiological
responses to varying environmental conditions with depth.

Another potential explanation for co-occurrence rela-
tionships is metabolic interactions between taxa. While it is
not possible to parse out the underlying forces at play from
network models alone, inferences can be made based on
described physiologies and ecological niches of the micro-
bial groups involved in co-occurrence relationships. For
example, networks from the ‘intermediate’ and 500 m depth
clusters showed many connections between thaumarchaeal
and marinimicrobial nodes (Fig. S3, S4), and a positive
correlation between their abundances was apparent in
phylum-level relative abundance plots (Fig. S5). This is in
agreement with a recently proposed co-metabolic interac-
tion between Thaumarchaeota and Marinimicrobia in
oxygenated marine waters, via the sharing of nitrous oxide
(N2O) [65]. Thaumarchaeota are known to produce N2O,
likely as a byproduct of ammonia oxidation [12, 66] though
this may come from an abiotic reaction from NO, a known
intermediate in ammonia oxidation [67, 68]. Examining a
population genome bin resolved from metagenomic data,
Hawley and colleagues noted that a Marinimicrobia clade
abundant in oxic waters encoded the genetic machinery for
N2O reduction to N2 (i.e., nosZ, nosL, nosD, and nosY
genes). Based on gene expression patterns, they proposed
metabolic coupling between Thaumarchaeota and Mar-
inimicrobia, resulting in the net reduction of N2O produced
during nitrification. Although yet to be validated in
experimental studies, this offers a potential explanation for
the co-occurrence patterns we observe in our networks.

The other frequent co-occurrence patterns observed
between Thaumarchaeota, Bacteroidetes and Gammapro-
teobacteria potentially indicate grazing/remineralization
relationships involving these microbial groups. Both Bac-
teriodetes and Gammaproteobacteria are major organic
matter degraders in the ocean [69, 70]. Negative cross-
correlation patterns were evident in phylum-level relative
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abundance plots of Thaumarchaeota and Bacteroidetes
(predominantly Flavobacteria), especially in the epipelagic
(Fig. S6). Temporal trends in thaumarchaeal and gamma-
proteobacterial abundances also appeared to be correlated,
particularly ≤100 m (Fig. S7). These abundance patterns
broadly reflect changes in community composition in
response to seasonal changes in organic matter availability
—abundances of both Bacteroidetes and Gammaproteo-
bacteria peak during the post-upwelling summer months
with greater overall productivity, followed by lower abun-
dances in winter. These patterns point to thaumarchaeal
blooms potentially fueling heterotrophic bacterioplankton
communities in shallow waters where the latter is especially
abundant (Fig. 1a).

Oceanospirillales and Salinisphaerales accounted for
most gammaproteobacterial nodes linked to Thaumarch-
aeota in the networks. One exception was the 200 m net-
works where less well-characterized deep-water Orders
such as E01-9C-26 and KI89A comprised considerable
fractions of the total shared links between the two groups.

A total of 6 Orders accounted for all alphaproteobacterial
nodes in the networks, even though the dataset consisted of
64 different Families. SAR11 was the most abundant Order
at all depths and among the most highly connected in the
networks, accounting for 40–60% of the alphaproteo-
bacterial nodes connected to Thaumarchaeota. Rhodospir-
illales were also dominant in the networks, particularly at
intermediate depths, sharing a relatively larger proportion of
the total alphaproteobacterial links with Thaumarchaeota.

While Rhodobacterales were the second most abundant
Order in the dataset after SAR11, very few links were
observed between this group of Alphaproteobacteria and
Thaumarchaeota.

AOB were so low in abundance that all except the most
abundant OTU (#213) were filtered out prior to network
computation. Only the 80 and 100 m networks incorporated
OTU 213. In these networks, direct links were present
between this AOB OTU and other thaumarchaeal and/or
Nitrospinae OTUs. We did not detect any preferential
(ecotype-specific) association patterns in these co-
occurrence links.

Associations with Nitrospina OTUs were detected in all
networks except in the M2 200 m network–we expand upon
the nature of these associations in later sections.

Ecotype-specific co-occurrence patterns vary by
depth

Having established that thaumarchaeal OTUs were impor-
tant for network composition, we next considered if taxo-
nomic distribution of OTUs was relevant to co-occurrence
patterns by examining whether the distribution of potential
‘ecotype’-specific thaumarchaeal OTUs correlated with
their importance in network structure.

Thaumarchaeal OTUs incorporated into the networks
formed three distinct groups on a phylogenetic tree
(Fig. 4a), broadly corresponding to the ‘ecotype’ clusters
generally observed for the amoA gene in marine waters

Fig. 4 a Phylogenetic tree of all thaumarchaeal OTUs included in the
networks, together with 16S rRNA gene sequences from reference
genomes. The OTUs fall in three distinct clusters potentially corre-
sponding to Nitrosopumilus-like Thaumarchaeota and the two pelagic
“ecotypes” (WCA and WCB). b Table showing the most abundant
versus and the most important thaumarchaeal OTUs for network
structure at each depth (the latter inferred based on number of

connections and betweenness centrality scores). OTU names are
colored according to the phylogenetic cluster they belong to as shown
in panel a. c Relative abundances of thaumarchaeal ecotypes with
depth at M1 and M2 (left); summary of co-occurrence patterns
observed between thaumarchaeal OTUs belonging to the three ecotype
groups and other major microbial Phyla (right)
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[14, 71]. Most OTUs (n= 11) clustered with the “deep”
ecotype (WCB-like) sequences, while several others (n= 6)
clustered with Nitrosopelagicus brevis-like sequences
(WCA clade). The Nitrosopumilus-like cluster was repre-
sented by the least number of OTUs (n= 2), although it
included the most abundant thaumarchaeal OTU in our
dataset (OTU 3).

As noted earlier, centrality measures for thaumarchaeal
nodes did not follow the relative abundance trends for
individual OTUs as many of the low-abundance OTUs had
relatively higher centrality scores. Examining the genus-
level taxonomic identity of the most connected and ‘most
central’ OTUs (defined as the node with the highest degree
and betweenness centrality scores, respectively in each
network), we observed that the “deep” WCB-like OTUs
became progressively more important with depth (Fig. 4b).
The pattern was more conspicuous at M1; in the 20 m
networks, Nitrosopumilus-like OTUs had the highest cen-
trality scores, and for depths between 40 and 200 m, WCA-
like OTUs became more central to network structure, and
WCB-like OTUs gained prominence at 500 m (Fig. 4b).
This is in complete agreement with the observed depth
distributions of WCA and WCB ecotypes in the northeast
Pacific ocean [20]. Our results thus point to a progressively
greater ecological role of WCB ecotypes in the community
with increasing depth, which is consistent with previous
studies reporting dominance of the WCB ecotype below the
euphotic zone [12, 19, 22, 43].

Networks also resolved many co-occurrence links among
thaumarchaeal OTUs that appeared to suggest preferential
interactions within ecotype populations. In a previous study,
clade-independent associations were found between SAR11
OTU subtypes at the SPOT station, which led Fuhrman
(2009) [72] to suggest that phylogenetic relatedness may
not equate to ecological relatedness. Co-occurrence links
connecting thaumarchaeal OTUs in our networks were
generally consistent with this suggestion, as many frequent
associations existed between OTUs of different ecotypes at
both stations. However, we also observed many clade-
specific interactions: within each network, OTUs belonging
to the WCA-like and WCB-like ecotype clusters were found
to be preferentially co-located together to different parts of
the network (Fig. S3, S4)—suggesting that it is more likely
for OTUs of the same ecotype to co-occur.

Partitioning the Thaumarchaeota-centered subnetworks
into modules-densely connected clusters of OTUs, poten-
tially representing shared ecological and/or functional
niches between taxa—also recovered ecotype-specific
modules. Figure 5 and S8 demonstrate these patterns—for
each station-depth combination, most modules could be
considered to represent separate subnetworks centered
around WCA, WCB and Nitrosopumilus-like thaumarch-
aeal ecotypes. Whether there is an ecological or functional

relationship underlying these connections has yet to be
examined, although they likely represent shared environ-
mental niches within each ecotype population.

Phylogenetic relatedness shaping co-occurrence
patterns between Thaumarchaeota and nitrite-
oxidizing bacteria

Previous studies have documented co-varying abundances
of Thaumarchaeota and nitrite-oxidizing bacteria (NOB) in
the marine water column [9, 13], as well as spatiotemporal
patterns in co-occurrence relationships between the two
nitrifier guilds [39]. While metabolic coupling between
ammonia-oxidizing Thaumarchaeota and NOB predict co-
varying abundances, the specifics of their interaction remain
unknown and unexplored, including any favored connec-
tions between ecotype groups. To address this knowledge
gap, we examined whether phylogenetic relatedness mat-
tered for the co-occurrence relationships between Thau-
marchaeota and Nitrospina OTUs (presumably NOB) in
our networks.

All networks recovered links between thaumarchaeal and
Nitrospina nodes, with the exception of the 200 m network
from M2. To examine whether specific phylogenetic clus-
ters of Thaumarchaeota and Nitrospina preferentially
interacted with each other, we compared the nature of co-
occurrence links between distinct phylogenetic clades
within the two groups. Specifically, we asked what fraction
of the co-occurrence links between Thaumarchaeota and
Nitrospina could be associated with each of the three eco-
type clades identified in Fig. 4a. The results suggested that
OTUs in different thaumarchaeal ecotype clusters tend to
co-occur preferentially with distinct Nitrospina OTUs
(Fig. 6a). For example, the two clade 1 Nitrospina OTUs
occupying relatively derived positions in the NOB phylo-
geny (i.e., OTUs 33 and 240) linked preferentially to OTUs
in the WCA and WCB-like thaumarchaeal ecotype clades
(Fig. 6a). In contrast, three other Nitrospina OTUs (OTUs
69, 235, and 470) were found to be linked to Nitrosopu-
milus and WCA-like OTUs, but not with WCB-like OTUs.
Moreover, OTU 64 had connections only with Nitrosopu-
milus-like thaumarchaeal OTUs.

We hypothesized that these patterns reflected similar
environmental controls on the distributions of interacting
nitrifiers, and thus explored these relationships further by
performing a canonical correspondence analysis (CCA) on
thaumarchaeal and Nitrospina relative abundances. Clus-
tering patterns in the CCA were consistent with the
observed co-occurrence relationships: the three prominent
clusters (denoted as I, II, and III) placed Nitrospina OTUs
close to the corresponding thaumarchaeal ecotype OTUs
that they were found to be preferentially linked to in the
networks (Fig. 6b). Relative positions of all Nitrospina
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OTUs in the ordination space agreed with the co-occurrence
patterns depicted in Fig. 6a.

Nitrospina OTUs in our networks systematically co-
occurred more frequently with WCA-like and Nitrosopu-
milus-like thaumarchaeal OTUs, even at deeper depths
where the WCB-like ecotype was more abundant, resulting
in a relatively distinct association pattern between the two
nitrifier groups (Fig. 4c). Network modules presented in
Fig. 5 and S8 further illustrate these preferential association
patterns. This observation also concurs well with previous
work in Monterey Bay by Smith et al. [19], implying a
potentially more significant role of the WCA ecotype in
mediating nitrification in the water column compared to
WCB. Co-occurrence patterns inferred in the present study
also imply that nitrification over the euphotic to mid-
mesopelagic depths in Monterey Bay is likely mediated
primarily by WCA and Nitrosopumilus-like thaumarchaeal

ammonia-oxidizers and Nitrospina-like NOB. The relative
contribution of the WCB ecotype to nitrification in these
waters remains to be determined, especially given their high
abundance below surface depths.

These results compare to the findings of Parada and
Fuhrman [39], who interpreted the correlation between
nitrifier OTUs as an indication of spatiotemporal shifts in
populations mediating nitrification at the SPOT station.
Here, we add a phylogenetic perspective to the suggested
interactions, and find that thaumarchaeal ecotypes may
associate differentially with co-occurring Nitrospina OTUs.
Our dataset also included 7 Nitrospira OTUs, but their
relative abundances were so low that they were not incor-
porated into the networks. Therefore, whether there exist
clade-specific associations between Thaumarchaeota (or
Nitrospina) and Nitrospira is impossible to determine based
on networks alone. This also means we cannot definitively

Fig. 5 Partitioning of the thaumarchaeal subnetworks from M1 into
ecotype-specific modules. Also note the preferential co-location of

Nitrospina OTUs with Nitrosopumilus and WCA-like thaumarchaeal
OTUs in the modules
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conclude that the specific co-occurring thaumarchaeal and
Nitrospina OTUs in our networks are solely responsible for
nitrification at the depths considered.

Unlike ammonia-oxidizers, NOB remain poorly char-
acterized in the marine environment. Recent single ampli-
fied genome (SAG)-based exploration of the marine NOB
genetic repertoire implicated nitrifiers in yet another type of
co-metabolic relationship - several Nitrospinae and
Nitrospirae SAGs encode genes for hydratases and lyases
involved in the reduction of urea and cyanate to ammonium,
suggesting a co-metabolic interaction between ammonia-
oxidizing Thaumarchaeota and NOB [73]. While metabolic
handoffs via reciprocal feeding is an obvious explanation
for the co-occurrence of Thaumarchaeota and Nitrospina
OTUs in our networks, it could also result from shared
environmental preferences, as suggested by the clustering
patterns in the CCA plot (Fig. 6b).

Concluding remarks

Co-occurrence of taxa primarily results from two related
factors: (i) niche-overlap due to shared environmental pre-
ferences; and (ii) metabolic interactions involving exchange
of nutrients. Many such relationships may reflect niche
overlap more than realized ecological interactions between
taxa [74], and parsing out the specific effect of each is
challenging given they often reinforce each other. The
patterns we observe here for thaumarchaeal ecotype popu-
lations are compelling because these are non-random
associations that potentially suggest clade-specific

associations between taxa. Of particular importance is the
co-occurrence of specific phylotypes of Thaumarchaeota
and Nitrospina, largely incompatible with the association
patterns expected based on their relative abundances.
Recent single-cell genomics and metagenomics studies
point to potential ecotype segregation within marine
Nitrospinae populations [73, 75], although it remains
unclear whether water column depth plays a role in this
diversification. In light of observations that Thaumarch-
aeota and Nitrospinae are major contributors to both
nitrogen cycling and carbon fixation within and below the
mesopelagic [73], and consistently co-occur (e.g., ref. 39),
we believe further investigation into this important part-
nership in ocean waters is clearly warranted. Finally, the
association patterns uncovered here can be used to design
co-culture experiments and mine metagenomes to examine
the relative importance of biology and environmental fac-
tors in defining ecotype niches for the globally important
ammonia-oxidizing Thaumarchaeota.

Data availability

Sequence data have been deposited in the NCBI Sequence
Read Archive (SRA) database under BioProject
PRJNA488312 (SRA accession: SRP159037).
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