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Abstract

Nucleocytoplasmic DNA viruses (NCLDVs) are highly diverse and abundant in
marine environments. However, knowledge of their hosts is limited because only a few
NCLDVs have been isolated so far. Taking advantage of the recent large-scale marine
metagenomics census, in silico host prediction approaches are expected to fill the gap and
further expand our knowledge of virus—host relationships for unknown NCLDVs. In this
study, we built co-occurrence networks of NCLDVs and eukaryotic taxa to predict virus—host
interactions using 7ara Oceans sequencing data. Using the positive likelihood ratio to assess
the performance of host prediction for NCLDVs, we benchmarked several co-occurrence
approaches and demonstrated an increase in the odds ratio of predicting true positive
relationships four-fold compared with random host predictions. To further refine host
predictions from high-dimensional co-occurrence networks, we developed a phylogeny-

informed filtering method, Taxon Interaction Mapper, and showed it further improved the
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prediction performance by twelve-fold. Finally, we inferred virophage — NCLDV networks to
corroborate that co-occurrence approaches are effective for predicting interacting partners of

NCLDVs in marine environments.

Importance

NCLDVs can infect a wide range of eukaryotes although their life cycle is less
dependent on hosts compared with other viruses. However, our understanding of NCLDV—
host systems is highly limited because few of these viruses have been isolated so far. Co-
occurrence information has been assumed to be useful to predict virus—host interactions. In
this study, we quantitatively show the effectiveness of co-occurrence inference for NCLDV
host prediction. We also improve the prediction performance with a phylogeny-guided
method, which leads to a concise list of candidate host lineages for three NCLDV families.
Our results underpin the usage of co-occurrence approach for metagenomic exploration of the

ecology of this diverse group of viruses.

Introduction
Nucleocytoplasmic large DNA viruses (NCLDVs) represent a group of double-

stranded DNA viruses that belong to the viral phylum Nucleocytoviricota (Virus Taxonomy:

2019 Release), which was previously referred to as Megavirales (1, 2). NCLDVs usually
possess diverse gene repertoires (74 to more than 2,000 proteins), large genomes (45 kb to
2.5 Mb), and outsized virions (80 nm to 1.5 um) (3—5). NCLDVs have high functional
autonomy and encode components of replication, transcription, and translation systems (3).
Recently, a virus that belongs to a new family of NCLDVs called “Medusaviridae” was
found to encode five types of histones (6). The existence of metabolically active viral
factories and infectious virophages also indicates that the life cycle of NCLDVs is less
dependent on host cells than other viruses (7, 8). To further understand what makes these
giant viruses more independent than other viruses, a first crucial step is to identify their hosts
— “Who infects whom?”.

NCLDVs are known to infect a broad range of eukaryotes, from unicellular
eukaryotes and macroalgae to animals (9). Amoebae are frequently used hosts in co-culture
to isolate large NCLDVs (10). However, there is growing evidence, especially in marine
systems, that NCLDVs can infect many phytoplankton groups, such as Pelagophyceae,
Mamiellophyceae, Dinophyceae, and Haptophyte (11-13). Several other non-photosynthetic

eukaryotic lineages, such as Bicoecea and Choanoflagellatea, were also reported as
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experimentally identified NCLDV hosts in marine environments (14, 15). Small to large
marine organisms, including invertebrates and vertebrates, are infected by viruses that belong
to the NCLDV family Iridoviridae (16, 17). Together these studies indicate ubiquitous
infectious relationships between NCLDVs and a wide range of marine eukaryotes. However,
our understanding of NCLDV-host systems is very limited because few viruses have been
isolated so far.

The number of viruses and hosts isolated in the laboratory represents a very small
fraction of existing interactions in the ocean. Indeed, NCLDVs have been found to be highly
diverse and abundant based on omics data (18, 19). In only a few liters of coastal seawater,
more than 5,000 Mimiviridae species were detected; by comparison, only 20 Mimiviridae
with known hosts have been well investigated (20). Global marine metagenomic data have
revealed that the richness and phylogenetic diversity of NCLDVs are even higher than those
of an entire prokaryotic domain (21). From biogeographical evidence, it is clear that these
viruses are prevalent in the marine environment but have a heterogeneous community
structure across sizes, depths, and biomes (22). Marine metatranscriptomic data have also
shown that NCLDVs are active everywhere in sunlit oceans and may infect hosts from small
piconanoplankton (0.8—5 um) to large mesoplankton (180-2000 um) (23).

Previous studies also demonstrated that NCLDVs have the potential to infect a greater
diversity of hosts than known to date through gene transfer analyses (24, 25). NCLDV's might
have started coevolving with eukaryotes even before the last eukaryotic common ancestor
(LECA) (26). A recent study supported this hypothesis by showing that some NCLDVs
encode viractins (actin-related genes in viruses), which could have been acquired from proto-
eukaryotes and possibly reintroduced in the pre-LECA eukaryotic lineage (27). Together,
these findings underline a lack of knowledge about NCLDV biology and host diversity.
Therefore, more effort is needed to identify hosts to elucidate the poorly known virus—host
relationships and the largely unknown NCLDV world.

Substantial effort has been made to reveal interactions between NCLDVs and their
putative hosts. Apart from the co-culture method, other alternative methods, including high-
throughput cell sorting, are also being used (10, 15). Metagenomics, which is particularly
useful to assess a large fraction of ecosystem diversity, has been increasingly used to
investigate NCLDVs host range. Comparative genomics analyses, such as identification of
horizontal gene transfer (HGT) predictions, have also performed well for NCLDV host
prediction (24, 25).
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102 Abundance-based co-occurrence analyses have been used for host prediction and are
103 supposed to be effective because viruses can only thrive in an environment where their hosts
104 exist (18, 28). In addition to virus—host relationships, co-occurrence networks have been used
105  to predict the association between NCLDVs and their “parasites” (virophages) (29).

106  However, the co-occurrence-based prediction is also controversial for viral host prediction
107  since the abundance dynamics of viruses and their hosts (e.g., Emiliania huxleyi and

108  Heterosigma akashiwo viruses) are sometimes not concordant (30, 31). Usually, validation
109  with known virus—host relationships or corroboration with genomic evidence (e.g., HGT) is
110  used to assess network-based predictions (18, 28). However, the effectiveness of previous
111 and novel co-occurrence network methods has never been quantitatively tested for NCLDV
112 host prediction. The current lack of quantitative assessment hinders the widespread use of
113 this approach. Therefore, dedicated methods are needed to test the accuracy of NCLDV host
114  prediction with co-occurrence networks and to improve the performance of co-occurrence-
115  based predictions.

116 The Tara Oceans expedition is a global-scale survey on marine ecosystems that

117  expands our knowledge of microbial diversity, organismal interactions, and ecological

118  drivers of community structure (32). The present study used Tara Oceans metagenomic and
119  metabarcoding datasets to predict virus—host relationships between NCLDVs and eukaryotes
120 by constructing co-occurrence networks using different methods. To quantitatively assess the
121  performance of network-based host prediction, we employed the positive likelihood ratio

122 (LR+) using reference data for known NCLDV-host relationships. We developed a

123 phylogeny-based enrichment analysis approach, Taxon Interaction Mapper (TIM), to enhance
124 the performance in detecting positive signals in the intricate inferred networks. TIM has

125  previously been used in host predictions for DNA and RNA viruses (33), but without a

126  quantitative assessment on its effectiveness. In this study, we assessed the performance of
127  TIM as a filter of co-occurrence networks. We examined NCLDV—virophage networks,

128  which further justify the use of co-occurrence and filtering approaches to identify NCLDV
129  interaction partners.

130

131

132 Results

133  NCLDV-eukaryote co-occurrence networks

134 From five datasets that corresponded to five size fractions (Fig. S1), we generated five

135  co-occurrence networks on a global scale (Fig. 1, S2A). Altogether, these networks were
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136  composed of 20,148 V9 and 5,234 po/B OTUs (nodes) and 47,978 polB—V9 associations
137  (edges). Out of these associations, 47,296 had positive weights, and 682 had negative weights
138  (Fig. 2A). The associations that involved the family Mimiviridae were numerically dominant
139  (n = 36,830) among the different NCLDV families. The second largest family was
140  Phycodnaviridae, with 5,521 edges involving eukaryotes. No other family had more than 2,000
141  associations with eukaryotes. Marseilleviridae, forming the least associations in the networks,
142 had 132 edges with eukaryotes. Taxonomic annotation of eukaryotic OTUs indicated that
143 Alveolata, Opisthokonta, Rhizaria, and Stramenopiles were the major four eukaryotic groups
144  connected to NCLDVs (with 21,167, 9,179, 6,521, and 5,327 edges, respectively). Three of
145  these eukaryotic groups belong to the SAR supergroup (i.e., Stramenopiles, Alveolata, and
146  Rhizaria), which represented 68.81% of the total associations. Regarding the pairs between
147  viral families and eukaryotic lineages, Mimiviridae and Alveolata showed the largest number
148  ofedges (n=16,548). Besides NCLDV—ecukaryote associations, we detected 57,495 polB—polB
149  associations and 234,448 V9-V9 associations (Fig. S2B). We also included environmental
150  parameters in the network inference and identified 25 pairs of associations between
151  environmental parameters and po/B OTUs (Table S1).

152 The number of NCLDV—eukaryote associations generally decreased with enlarging
153  size fraction (Fig. S2A). The largest number of po/B—V9 associations were found in the 0.8—
154  5-pum fraction (n = 10,647). Correspondingly, the eukaryotic community in 0.8—5-pum fraction
155  had the greatest diversity (Fig. S3). However, the 0.8—inf-um size fraction network was the
156  largest (n =10,477) for edges with positive weights. With the annotation of major lineages,
157  the eukaryotic community compositions in the networks varied across different size fractions
158  (Fig. 2B). In the smallest size fraction (0.8—5 um) and the large range size fraction (0.8—inf
159  um), Marine Alveolate Group II was the eukaryotic lineage with the largest number of

160  associations with NCLDVs (21.39% and 19.98%, respectively). Dinophyceae was the second
161  largest group connected to NCLDVs in these two size fractions and showed the largest

162  number of connections with NCLDVs in the 5-20-pum size fraction network (22.22% of total
163  interactions). The viral associations with Metazoa and Collodaria increased with increasing
164  size fractions. In the largest 180—2000-um size fraction network, Metazoa contributed

165  39.31% of the total po/B—V9 edges.

166 We calculated the degree of nodes (number of connected edges) for each NCLDV

167  polB OTU (Fig. 3A, B). Naturally, the average degree of positive associations per polB was
168  higher than negative edges in all size fractions and decreased along with increasing size

169  fractions (2.69, 2.40, 2.25, and 2.10 from 0.8—5 pm to 180-2000 um, and 2.76 for 0.8—inf).
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170  Most of the polB nodes had more than one positive association (Fig. 3A). Together with the
171  taxonomic annotation of nodes, po/B—V9 associations in the networks generated with the

172 Tara Oceans data revealed their high dimensionality and complexity.

173

174  Network validation

175 We quantitatively assessed the performance of predicting po/B—V9 associations using
176  the positive likelihood ratio (LR+) (Fig. 1). By defining groups of metagenomic PolBs as

177  described in the Materials and Methods, 932 OTUs were recruited in the validation, and these
178  sequences contributed 6191 polB—V9 associations in the FlashWeave networks (Fig. S4). To
179  obtain an overall performance, we assessed the pooled associations (by removing

180  redundancy) from the five co-occurrence networks. LR+ was separately calculated for edges
181  with positive and negative weights because they can represent different infectious patterns.
182  As shown in Fig. 4A, the LR+ of host prediction for positive associations was higher than 1
183  (LR+ =1 indicates no change in the likelihood of the condition). The LR+ generally

184  increased with the cut-off for FlashWeave weights, which indicated that condition positive
185  cases are enriched in the edges with higher weights. This result demonstrated that the co-

186  occurrence-based host prediction of NCLDVs outperformed random prediction (i.e., random
187  inference of virus—host pairs). In high-weight regions: 1) weight > 0.6, the LR+ of

188  associations was higher than 10; 2) weight > 0.4, the LR+ was roughly higher than 4.

189  Nonetheless, the false discovery rate (FDR) was high (Fig. SSA), which indicated that the
190  predictions contained numerous virus—host edges that were not considered condition positive.
191  FDR was 91.67% and 96.34% when weight is greater than 0.6 and 0.4, respectively. An

192  assessment of the host prediction for negative weight associations was also carried out. There
193 were no known NCLDV-host pairs found in the negative networks (Fig. S5B). The analysis
194  of the remaining part of our study was thus conducted for positive associations.

195 Comparing the performance between different size fractions indicated that the

196  networks of small size fractions (including the 0.8—inf-um size fraction) performed better in
197  predicting the NCLDV-host relationships (Fig. 4B, S6). The 0.8—inf-um size fraction had the
198  highest average LR+ out of the five size fractions (LR+ =4.97). The LR+ of small size

199  fractions was generally higher than that of large size fractions, but there were exceptions

200  between 180-2000 and 20—180 pm. The LR+ of the associations in the 0.8—inf-um, 0.8—5-um
201  and 5-20-um was greater than 1. Different from the average results, when the weight is

202  greater than 0.8, the associations of 5-20-pum size fraction had the best performance in terms
203  of both LR+ and FDR (Fig. S6 A, B).
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204 We also compared abundance filtration strategies using Flashweave-S (sensitive

205  model) and FlashWeave-HE (heterogeneous model) but did not find a consistent pattern in
206  prediction performance (Fig. S7). The networks from the Q1 filtration strategy performed
207  best using Flashweave-S, but Q1 (lower quartile) filtration was not better than Q2 (middle
208  quartile) for Flashweave-HE inferred networks. Flashweave-S had a better performance than
209  HE model with any filtration strategy. Finally, we compared the performance of networks
210  inferred by all three methods: FlashWeave-S, FastSpar and Spearman. Three methods

211  generated a comparable number of positive associations, but FlashWeave-S made the largest
212 number of true positive predictions (Fig. S8A). Noteworthy, the LR+ of these three methods
213 were all larger than 1, however, FlashWeave-S and Spearman performed better than FastSpar
214  (Fig. S8B).

215

216  Assessment of host prediction improvement

217 Then we used the newly developed phylogeny-guided host prediction tool, TIM, to
218  filter polB—V9 associations, which is based on the assumption that evolutionarily related

219  wviruses tend to infect evolutionarily related hosts (see Materials and Methods). We identified
220 24 eukaryotic taxonomic groups specifically associated with NCLDVs (Fig. S9). To compare
221  the performance of the TIM results with the above raw FlashWeave results, we converted the
222 three primary eukaryotic taxonomic ranks to their associated major lineages (Table S2), and
223  the associations were plotted as a network (Fig. SA). This network showed that three out of
224 nine NCLDYV families (Mimiviridae, Phycodnaviridae, and Iridoviridae) had enriched

225  connections in specific eukaryotic lineages. Among the network edges, known virus—host
226  pairs were found, such as Haptophyta—Mimiviridae, Mamiellophyceae—Phycodnaviridae, and
227  Metazoa—Iridoviridae. The associations in the TIM-filtered results showed a sharp

228  improvement in performance from the original result with and without an edge weight cut-
229  off. The average LR+ of TIM-enriched associations was 42.22, which was higher than the
230  raw FlashWeave associations without a weight cut-off (3.43), with a weight cut-off of 0.4
231  (5.20), and with a cut-off at 0.668 (14.23) (Fig. 5B, S9A). The FDR dropped from 0.97 (no
232 cut-off) and 0.95 (weight cut-off of 0.4) to 0.74 (Fig. 5C).

233 From the network, diverse putative hosts (13 lineages) emerged for Mimiviridae,

234  including algae, protozoans, and metazoans. Metazoa had the most enriched nodes connected
235  to Mimiviridae; additionally, MAST-3,12, Cryptophyta, Foraminifera, and Ciliophora had
236  strong relationships with Mimiviridae. For Phycodnaviridae, there were six eukaryotic

237  lineages retained after TIM filtration. Among these, Bacillariophyta, “other filosan (part of
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238  filosan Cercozoa)”, and Mamiellophyceae had comparatively strong associations. Moreover,
239  Rhodophyta, Ciliophora, and Dictyochophyceae had links to both Mimiviridae and

240  Phycodnaviridae. There was also a connection between Iridoviridae and Metazoa.

241

242 Associations between virophages and NCLDVs

243 Using 6,818 NCLDV polB OTUs and 195 virophage major capsid proteins (MCPs),
244 we identified 535 FlashWeave associations (196 and 339 for pico- and femto-size fractions,
245  respectively) (Fig. 6A). Most of the associations had positive weights (n = 490), whereas
246  some had negative weights (n = 45). The average number of associations per virophage MCP
247  was different in two size fractions: 3.2 in femto- and 5.6 in pico-size fractions. The network
248  revealed that Mimiviridae had the largest number of virophage associations in both size

249  fractions. We also detected 84 positive associations between virophages and

250  Phycodnaviridae.

251 The phylogenetic tree defined three main virophage clades, and they were all found to
252 have many connections to NCLDVs. To investigate significant relationships, Fisher’s exact
253  test was performed between virophage clades and NCLDV families. Families other than

254  Phycodnaviridae and Mimiviridae did not show significant associations. Therefore, we made
255  agroup, “Other NCLDVs,” to include all families except Phycodnaviridae and Mimiviridae.
256  First, we only used FlashWeave results with a weight > 0.4, as previous results showed that a
257  FlashWeave weight of 0.4 is a suitable cut-off that produced moderate performance (Fig.
258  3A). From the femto-size fraction network, we found two significantly enriched connections
259  (Fig. 6B): one was between virophage group C and Mimiviridae (p = 0.0022) and the other
260  was between group A and “Other NCLDVs” (p = 0.0439). Another significantly enriched
261  relationship between virophage group B and Phycodnaviridae (p = 0.0410) was found in

262  pico-size fractions when we used all associations without edge weight cut-off.

263 Finally, we examined HGTs of virophage MCPs in NCLDV genomes. We found two
264  HGTs of virophage MCPs; both showed links between clade A and Iridoviridae (Table S3).
265  This result was consistent with the Fisher’s exact test result, which revealed a connection
266  between virophage clade A and “Other NCLDVs” including Iridoviridae.

267

268  Discussion

269 NCLDVs can infect a wide range of eukaryotes, from unicellular to multicellular

270  organisms (34). However, we are still far from a comprehensive knowledge of their hosts

271  because few have been isolated so far. Therefore, better host prediction algorithms are needed
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272 to understand the ecological functions and evolutionary significance of NCLDVs. To make
273  these predictions, we constructed global ocean co-occurrence networks based on the marine
274  metagenome and metabarcoding datasets from 85 stations of the Tara Oceans expedition,
275  which cover all major oceanic provinces across an extensive latitudinal gradient from pole to
276  pole. The edges (associations) between pol/B and V9 nodes (OTUs) in the networks were
277  generated using FlashWeave. The networks were particularly dense (Fig. 2A, S2A), thus

278  suggesting that NCLDVs interact with numerous eukaryotes in the ocean. This was expected
279  given the high abundance and diversity of NCLDVs in marine environments (18, 21) and the
280  identification of HGT between these viruses and diverse eukaryotic lineages (24). The

281  networks were dominated by the Mimiviridae nodes, which is consistent with previous

282  reports that Mimiviridae is the most abundant and has the widest array of transcribed genes
283  out of NCLDV families in marine environments (22, 23). Mimiviridae was known to infect
284  amoebae, algae, and stramenopiles (3). In our study, these three eukaryotic groups were all
285  found to have numerous associations with Mimiviridae. Phycodnaviridae has been known to
286  infect many species of aquatic organisms, such as Emiliania huxleyi (Haptophyta),

287  Ectocarpus siliculosus (Phacophyceae), Chlorella heliozoae (Trebouxiophyceae), and

288  Ostreococcus tauri (Mamiellophyceae) (35-37). Correspondingly, plenty of associations of
289  Phycodnaviridae were found in the co-occurrence networks. For the eukaryotic nodes, all
290  high taxonomic rank groups, including the SAR supergroup (i.e., Stramenopiles, Alveolata,
291  Rhizaria), Opisthokonta, Archaeplastida, Amoebozoa, Excavata, and other eukaryotes, have
292 associations with NCLDVs. Among these groups, the SAR supergroup contributed the most
293 (~68%) polB—V9 associations. However, this is still lower than in other microbial co-

294 occurrence analyses; for example, a previous study showed SAR supergroup dominated

295  ~92% of the total aquatic microbial associations (38). A substantial proportion (~32%) of
296  NCLDV-—eukaryote interactions were from non-SAR groups, which covered the known

297  NCLDV host range, such as Archaeplastida and Haptophyta.

298 However, it is difficult to accurately predict NCLDV hosts from constructed networks
299  because of the high degree of associations per po/B OTU (Fig. 3A). One node connected to
300  multiple edges was expected in the co-occurrence analysis. In previous NCLDV host

301  prediction studies, additional processing was performed to filter the high dimensional

302  associations to predict the meaningful interactions, such as weight cut-off or a combination of
303  different co-occurrence network inference methods (18, 29). Moreover, no previous study
304  quantitively assessed the performance of co-occurrence networks when predicting NCLDV—

305  host relationships. Qualitatively identifying known pairs and detecting HGT (without
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306  validation) have been commonly used to assess prediction reliability (18, 28). Therefore, we
307 aimed to 1) quantitatively assess the performance of co-occurrence-based host prediction for
308 NCLDVs and 2) improve the prediction results using filtering methods.

309 In a previous study of bacteriophage host prediction, ROC curves were used as an
310  assessment metric to compare different prediction methods (39). However, the number of
311  known virus—host pairs of NCLDV:s is not sufficient to generate a dataset for ROC

312 assessment. Therefore, in this study, we carried out an alternative method, the LR+, to assess
313  the performance. LR+ is calculated with two relative values, sensitivity and specificity (Fig.
314  1). The LR+ of co-occurrence-based host predictions for positive associations was higher
315 than 1 and increased along with increasing cut-off values for the edge weights (Fig. 4A),

316  which demonstrated that positive prediction results were more likely to be true positives than
317  those based on random prediction. In high-weight regions (> 0.6 and > 0.4), LR+ values were
318  larger than 10 and 4, respectively. These LR+ values indicate that FlashWeave can increase
319 the probability of predicting true positives (40). However, both the true positive rate

320  (sensitivity, < 18.9%) and false positive rate (< 6.37%) were very low (Fig. S5C). These low
321  rates were from FlashWeave with a cut-off of alpha < 0.01, which excluded a large

322 proportion of the polB—V9 pairs from the results. So only about 4000 predictions could be
323  wvalidated from a set of 6191 polB—V9 FlashWeave associations in this study (Fig. S5D, as
324  described in the Materials and Methods). The FDR of co-occurrence was even higher than
325  90% (Fig. S5A). Such a high FDR in co-occurrence networks demonstrates that condition
326  positive connections (i.e., known interactions) are embedded in an immense pool of condition
327  negative connections. However, these negative signals can correspond to either unidentified
328  (i.e., currently unknown true interactions), indirect, or false relationships.

329 We also found that true positive predictions only existed in positive weight

330  associations, whereas negative weight associations did not contribute to NCLDV-host

331  detection (Fig. S5B). This result indicates that the abundance dynamics of NCLDVs and their
332 potential hosts were positively correlated with each other in the analyzed samples, which

333 were collected at a global scale; this might be because NCLDVs detected in the dataset were
334  active viruses that replicate locally in their hosts. Similar results were obtained in other co-
335  occurrence-based host prediction studies (28, 41). However, several experimental studies
336  showed that the abundance dynamics of NCLDVs and hosts showed a delay in time (30, 31).
337  Itis possible that the global-scale samples did not have sufficiently high resolution to detect
338  negative correlations (or correlations with a time delay) due to lack of time-resolution (42).

339  Therefore, further studies, especially those that focus on a high temporal resolution, are
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340  needed to better understand the detailed dynamics of virus—host associations and the capacity
341  of co-occurrence-based methods for host prediction.

342 The networks of different size fractions showed different performance patterns in
343 predicting NCLDV-host relationships (Fig. 4B). This pattern is not dependent on the

344  diversity of eukaryotic communities (Fig. S3A, B). Generally, small-sized fractions (0.8-5-
345  um and 5-20-um) networks performed better than large-sized fractions (20-180-pum and 180-
346  2000-pum) networks. This result is not dependent on the diversity of eukaryotic communities.
347  To date, most of the known NCLDYV hosts are small, such as the genera Micromonas,

348  Aureococcus, and Ostreococcus are within the range of 0.8—5-um, and Prymnesium,

349  Heterosigma, and Heterocapsa are within the range of 5-20-um. Because of this, our

350  assessment method might be biased toward small size fractions as smaller organisms tend to
351  be more abundant in the environment (43). However, it is also possible that NCLDV

352  infections are more prevalent in smaller size fractions. Notably, the 0.8—inf-um size fraction
353  network, which covered all four individual size fractions, performed best. This might be

354  because NCLDVs can infect not only small hosts but also hosts from a broad size range.

355 Trimming of low-abundance OTUs was recommended to improve the prediction of
356 true interactions and was often used in co-occurrence studies (44, 45). In our study, however,
357  we did not achieve such performance improvement by treating input abundance data with a
358  rigorous filtration (upper quartile) (Fig. S7). This result might be because the true positive
359  and false positive rates defined in this study were too low; therefore, the validation may not
360  be sufficiently sensitive to reflect the change between different abundance trimming

361  strategies. However, it is also possible that low-abundance NCLDV OTUs are indeed

362  network participants, as was demonstrated in a study showing that rare cyanobacterial species
363  might play fundamental roles in blooming (46). Our result also revealed that FlashWeave-S
364  was better than FlashWeave-HE at predicting NCLDV-host interactions (Fig. S7). The

365  difference between FlashWeave-HE and FlashWeave-S is that HE mode can remove

366  structural zeros during network inference. Structural zero is a typical property of

367  heterogeneous datasets, like Tara Oceans datasets, and may lead to false-positive edges (47).
368  Conversely, our results suggested that retaining structural zeros did not negatively influence
369 the result, which indicates that the “presence—absence” pattern is as informative as the

370  “more—less” pattern when identifying NCLDV-host relationships. This result is consistent
371  with a previous “K-r-strategist” hypothesis: some NCLDVs, like mimiviruses, are K-

372  strategists that decay slowly and can form stable associations with their hosts (48, 49). A

373  recent report supported these non-“boom and bust” dynamics of prasinoviruses and their
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374  hosts with an experiment-based mathematical model (50). Overall, our results support co-
375  occurrence networks as a useful method for predicting NCLDV-host interactions in marine
376  metagenomes, and likelihood ratios as useful quantitative metrics for assessing the

377  performance of co-occurrence analysis for viral host predictions.

378 Although the results generated by FlashWeave already improved the accuracy of

379  predictions, the condition positive interactions were still embedded in many noise edges, as
380  shown by a very high FDR (Fig. SSA, S6B). To overcome this situation, we developed TIM
381  toreduce the high dimension of associations and improve NCLDV host prediction (33). The
382  results showed that NCLDVs had enriched connections with 15 major eukaryotic lineages,
383  which included 24 taxonomic groups in three different ranks (order, class, and phylum)

384  (Table S2) (Fig. 5A, S7). Using the LR+ as a prediction diagnostic metric, NCLDV host

385  prediction improved 12-fold with TIM filtration (Fig. 5B). FDR dropped below 23% after
386  TIM treatment (Fig. 5C). In TIM-enriched connections, some are known NCLDV-host pairs,
387  such as Phycodnaviridae and Mamiellophyceae, Mimiviridae and Haptophyta, and

388  Iridoviridae and Metazoa. Some other studies revealed that Mimiviridae could exclusively
389 infect diverse putative hosts (24, 51). Our results support the assumption that Mimiviridae has
390  connections with 13 eukaryotic lineages out of 15 total lineages. Among these lineages,

391  Mimiviridae had the most numerous links to Metazoa. Some mimiviruses (namaoviruses) are
392  known to infect freshwater sturgeon, Acipenser fulvescens (52). Metazoans are presumed to
393  be susceptible to mimiviruses, because the choanoflagellates, a group of eukaryotes that is
394  phylogenetically close to metazoans, were recently identified to be the host of a species of
395  Mimiviridae (15). Moreover, the TIM result revealed that Phycodnaviridae is closely

396  connected to Bacillariophyta, which consists of three NCBI taxonomic groups:

397  Thalassiophysales, Cymbellales, and Bacillariophyceae. Thalassiophysales was shown to
398  have many HGT candidates with a large range of NCLDVs, and Bacillariophyceae also has a
399  significant HGT candidate with phaeoviruses (24). Although Dictyochophyceae itself has not
400  been proven to be a phycodnavirus host, its sister group Pelagophyceae was experimentally
401  1identified as an AaV host (53). Additionally, it is interesting to note the connection between
402  Metazoa (Calanoida) and Iridoviridae. Calanoida is an order of arthropods commonly found
403  as zooplankton; most of the sizes are 500-2000 um. The viruses of the family Iridoviridae
404  infect many Arthropod species, including insects and crustaceans (17).

405 Furthermore, we also inferred associations between virophages and NCLDVs. To
406  date, all isolated virophages are only known to infect Mimiviridae (54). As expected,

407  Mimiviridae was the family with dominant connections to virophages (Fig. 6A). Recently, in

12


https://doi.org/10.1101/2020.10.16.342030
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.16.342030; this version posted December 3, 2020. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

408  silico evidence demonstrated that virophages can infect Phycodnaviridae, which indicated
409 that the virophage host range might be larger than we know (55). In support of this

410  hypothesis, a relatively large number of virophage OTUs were found to be associated with
411  Phycodnaviridae in our study. The enrichment analysis also revealed significant connections
412  between three virophage clades and NCLDV families (Fig. 6B). To support the enrichment
413  analysis, we conducted an HGT analysis because gene transfers have previously been found
414  between Sputnik virophages and giant viruses (56). Our HGT analysis indicated a previously
415  undescribed infectious relationship between virophage clade A and Iridoviridae. Overall, the
416  results of virophage-NCLDYV associations support our previous statement that co-occurrence
417  networks inference and analysis are appropriate for investigating NCLDV interactions in
418  marine metagenomic data.

419

420 Materials and Methods

421  Metagenomic and metabarcoding data

422 The microbial metagenomic and eukaryotic metabarcoding data used in this study
423  were previously generated from plankton samples collected by the Tara Oceans expedition
424  from 2008 to 2013 (57, 58). Because our research requires paired metagenomic and

425  metabarcoding datasets, we used data derived from the euphotic zone samples, namely those
426  from the surface (SRF) and Deep Chlorophyll Maximum (DCM) layers (59). Type B DNA
427  polymerase (polB) was used as the marker gene for NCLDVs. A total of 6818 NCLDV polB
428  OTUs were extracted from the metagenomic datasets (i.e., the second version of the Ocean
429  Microbial Reference Gene Catalog, OM-RGC.v2) using the pplacer phylogenetic placement
430  method (ML tree) (22, 60, 61). These polB sequences were classified into seven NCLDV
431  families (Mimiviridae, Phycodnaviridae, Marseilleviridae, Ascoviridae, Iridoviridae,

432 Asfarviridae, and Poxviridae) and two other giant virus groups (“Medusaviridae” and

433  “Pithoviridae”). For eukaryotes, we employed used the metabarcoding data for eukaryotes,
434  which targeting the 18S ribosomal RNA gene hypervariable V9 region (V9) (62). Taxonomic
435  annotation of the eukaryotic metabarcoding data was previously performed by the Tara

436  Oceans consortium using an extensive V9 PR2 reference database (59), which was derived
437  from the original Protist Ribosomal Reference (PR2) database (63). The diversity index of
438  eukaryotic communities was calculated using the package “vegan” (64). Processed frequency
439  data are available from GenomeNet

440  (ftp://ftp.genome.jp/pub/db/community/tara/Cooccurrence).

441
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442  Data processing

443 A relative abundance matrix for the NCLDV polB OTUs was extracted from OM-
444  RGC.v2 for the samples derived from the pico-size fractions (0.22—1.6 or 0.22-3.0 um). We
445  converted the relative abundances of po/B OTUs back to absolute read counts based on gene
446  length and read length (assumed to be 100 nt). This process was required because small

447  decimal numbers cannot be used by FlashWeave and because relative abundance data suffer
448  from apparent correlations, which reduce the specificity of co-occurrence networks in

449  revealing microbial interactions (44). To build comprehensive interaction networks involving
450  eukaryotes of different sizes, we extracted the V9 read count matrices from the

451  metabarcoding dataset for the following five size fractions: 0.8—5 um; 5-20 pm and 3-20 pm
452  (hereafter referred to as “5-20 um” for simplicity); 20—180 um; 180—-2000 um; and > 0.8 um
453  (hereafter referred to as 0.8—inf um). To create the input files for network inference, the po/B
454  matrix was combined with each of the V9 matrices (corresponding to different size fractions),
455  and only the samples represented by both pol/B and V9 files were placed in new files. In total,
456  samples from 84 Tara Oceans stations (a total of 560 samples for two depths and five size
457  fractions) widely distributed across oceans were used in this study (Fig. S1A). Depending on
458  the individual size fractions, 84—127 samples were retained and included in the co-occurrence
459  analysis (Fig. S1B). Read counts in the newly generated matrices were normalized using

460  centered log-ratio (c/r) transformation after adding a pseudo count of one to all matrix

461  elements because zero cannot be transformed in c/r. Following clr normalization, we filtered
462  out low-abundance OTUs with a lower quartile (Q1) filtering approach. Specifically, OTUs
463  were retained in the matrices when their c/r-normalized abundance was higher than Q1

464  (among the non-zero counts in the original count matrix prior to the addition of a pseudo

465  count of one) in at least five samples. Normalization and filtering were separately applied to
466  polB and V9. The numbers of OTUs in the final matrices are provided in Fig. S1C.

467

468  Co-occurrence-based network inference

469 Network inference was performed using FlashWeave [v0.15.0 (47)]. FlashWeave is a
470  fast and compositionally robust tool for ecological network inference based on the local-to-
471  global learning framework. Meta-variables (such as environmental parameters) can be

472  included in the FlashWeave network to remove potential indirect associations. We used

473  temperature, salinity, nitrate, phosphate, and silicate concentrations as meta-variables in our
474  network inferences to determine their correlations with po/B OTUs. FlashWeave provides a

475  heterogeneous mode (FlashWeave-HE), which helps overcome sample heterogeneity.
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476  However, FlashWeave-HE may not be appropriate for the Tara Oceans data because it was
477  shown to predict an insufficient number of known planktonic interactions (47). Therefore, we
478  mainly used FlashWeave-S with default settings except for the FlashWeave normalization
479  step and comparison between FlashWeave-S and FlashWeave-HE. A threshold to determine
480 the statistical significance was set to alpha < 0.01. All detected pairwise associations were
481  assigned a value called “weight” that ranged between —1 and +1. Edges with weights > 0 or <
482 0 were referred to as positive and negative associations, respectively. To compare the

483  performance of FlashWeave-S to other co-occurrence methods, we used FlashWeave-HE,
484  Spearman, and FastSpar (65). The FlashWeave-HE settings were the same as FlashWeave-S
485  but with a command “heterogeneous”. For Spearman, we used stats.spearmanr in package
486  “Scipy” (66). In FastSpar, we used 50 iterations, 20 excluded iterations, and a threshold of
487 0.1 to generate associations. To reduce the high dimensionality of the datasets, upper quartile
488  (Q3) filtered matrices were used for comparison among FlashWeave-S, Spearman, and

489  FastSpar.

490

491  Network validation

492 We validated the virus—host associations in inferred networks based on a confusion
493  matrix defined by the known NCLDV-host information (Fig. 1). Briefly, we manually

494  compiled 69 known virus—host relationships for NCLDVs (Table S4). In the validation

495  process, eukaryotic taxonomic groups were annotated at the level of the “Major lineages” in
496  the extensive PR2 database (updated after publication) (62). The “Major lineages” were used
497  in the present study because 1) the deficiency of known virus—host relationships limited the
498  use of lower eukaryotic taxonomy ranks, such as genus, for assessment, and 2) these lineages
499  adequately represented marine eukaryotes by covering the full spectrum of cataloged

500 eukaryotic V9 diversity at a comparable phylogenetic depth (62). Then, we performed

501 BLASTp [2.10.1 (67)] searches from the Tara Oceans PolB sequences against the NCLDV
502  reference database to define groups of metagenomic PolBs with a threshold of 65% sequence
503  identity by retaining only the best hit for each environmental PolB sequence. This threshold
504  was determined because, by using reference PolB sequences and RefSeq protein sequence
505  databases, we found that 60—70% of sequence identity could distinguish whether the

506 NCLDVs infected hosts of the same major lineages; this was mainly tested for

507  Phycodnaviridae because of the lack of host information for closely related viruses in other
508 NCLDV families (Table S5). Then, 65% was chosen because it could provide a better LR+
509  (as described below) than 60% and 70%.
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510 The positive likelihood ratio was used in for assessment to estimate the predictions
511  accuracy. This approach is commonly used in diagnostic testing to assess if a test (host

512 prediction in this study) usefully changes the probability of the existence of condition

513 positive (true positive). In this study, the LR+ was used because host prediction is a test to
514  discover condition positive states (68). LR+ is calculated by dividing the true-positive rate
515  (sensitivity) by the false-positive rate (1 —specificity). If LR+ is close to 1, the performance of
516  the prediction is comparable to a random prediction. If LR+ >> 1, a positive prediction result
517  1is more likely to be a true positive than that based on random prediction. From the set of

518  detected associations between a given polB OTU and V9 OTUs that belong to a given major
519  eukaryotic lineage, we only kept the best positive and negative associations (i.e., the edges
520  with the highest absolute weights) to simplify the prediction scheme. As an auxiliary

521  assessment, the FDR was also calculated by dividing the number of false positives by the

522 number of positive predictions (Fig. 1). For the comparison among five size fractions, we
523  only used the abundance in the overlap samples of 0.8—5 pm, 5-20 um, 20-180 pm, and

524 180-2000 um sizes. So the number of samples in five size fractions is comparable (84, 88,
525 88, 88, 88), which could reduce the bias that may influence the topology of networks (69).
526

527  Phylogeny-guided filtering of host predictions and its assessment

528 We developed Taxon Interaction Mapper (TIM) to improve host predictions by co-
529  occurrence approaches (33). TIM assumes that evolutionarily related viruses tend to infect
530  evolutionarily related hosts (17, 70), and extract the most likely virus-host associations from
531  the co-occurrence networks. TIM requires a phylogenetic tree of viruses (based on marker
532 genes) and a set of connections between viruses and eukaryotes (co-occurrence edges), and
533 then tests whether leaves (i.e., viral OTUs) under a node of the virus tree is enriched with a
534  specific predicted host group compared with the rest of the tree using Fisher’s exact test and
535  Benjamini—Hochberg adjustment (Fig. S9A) (33). TIM is available from

536  https://github.com/RomainBlancMathieu/TIM.

537 We pooled network associations using FlashWeave analysis for five size fractions. To
538  build a concise and credible viral phylogenetic tree, we removed all of the PolB sequences
539  that were absent in the FlashWeave network associations, and the remaining sequences were
540 filtered by the amino acid sequence length (> 500 aa). Protein alignment was conducted using
541  MAFFT-linsi [version 7.471 (71)], and 18 sequences were manually removed because they
542 were not well aligned with other PolB sequences. A total of 501 PolB sequences were used to

543  make a maximum likelihood phylogenetic tree with FastTree [version 2.1.11 (72)]. Then, the
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544  PolB-V9 associations were mapped on the tree to calculate the significance of the enrichment
545  of specific associations using TIM. TIM provides a list of nodes in the viral tree and

546  associated NCBI taxonomies (order, class, and phylum) of eukaryotes that show significant
547  enrichment in the leaves under the nodes. The TIM result was visualized with iTOL [version
548  5(73)]. The TIM result was converted to a network, in which nodes correspond to the major
549  eukaryotic lineages. The network edge weight was defined by the number of tree nodes in
550 each viral family subtree enriched with a specific major eukaryotic lineage. The network was
551  visualized with Cytoscape [version 3.7.1] using prefuse force directed layout (74). To assess
552 the effectiveness of TIM in improving prediction, we extracted all the associations predicted
553 by TIM and compared their performance with the raw and weight cut-off results.

554

555  Virophage-NCLDY associations

556 We inferred the networks between NCLDVs and virophages using. mcp was used as
557  the marker gene for virophages. First, 47 reference MCP amino acid sequences were

558  collected from public databases and used to build an HMM profile. The HMM profile was
559  used to search against the amino acid sequences of OM-RGC v2 using HMMER hmmsearch
560  [version 3.3.1] with the threshold of E-value < 1E—90 (75). This threshold was determined by
561  searching reference sequences against the GenomeNet nr-aa database. The search detected
562 195 Tara Oceans virophage MCP sequences in the OM-RGC database. Together with 47

563  reference MCPs, a phylogenetic tree of MCP amino acid sequences was built using MAFFT
564  and FastTree.

565 We extracted the abundance profiles for the 195 MCP sequences from the pico-

566  (0.22—1.6 or 0.22-3.0 um) and femto-size (< 0.22 um) fractions. We used samples from the
567  SRF and DCM depths. PolB and MCP abundance profiles were merged into two matrices
568  corresponding to the two virophage size fractions. Then, network inference was conducted
569  using the FlashWeave default settings after Q1 filtration. In the MCP phylogenetic tree, three
570  virophage clades contributed most of the NCLDV connections. Thus, an NCLDV enrichment
571  analysis for the three clades was carried out using Fisher’s exact test, and the p-value was
572  adjusted by the Benjamin—Hochberg method. This approach was the same as TIM, but we did
573 not use the TIM software because the current version of TIM requires inputs of eukaryotic
574  nodes with NCBI taxonomy annotations.

575 We used another approach, HGT, to predict the virophage-NCLDV interactions. First,
576  we generated an NCLDV genome database, which includes 56 reference NCLDV genomes

577  corresponding to our polB dataset and 2,074 metagenome-assembled genomes from a
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578  previous study (24). A total of 827,548 coding sequences were included in this database.
579  Then, 195 virophage MCPs from the metagenomic data were BLASTp searched against this
580  database using an E-value cut-off of 1E—10 (with a minimum query coverage of 50% and a
581  minimum sequence identity of 50%). If a virophage MCP obtained a hit in the NCLDV

582  genome database with a lower E-value compared with hits in the MCP database (the hit to
583  itself was removed), the hit in the NCLDV genome database was considered an HGT

584  candidate.
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Figure 1. Overall workflow for inferring co-occurrence networks and quantitative
assessment. This figure shows how the input data (7ara Oceans metagenomics and
metabarcoding data) were used in this study. The definition of the confusion matrix for
quantitative assessment is shown in the table. The LR+ and FDR equations are given at the
lower right corner of the plot.

19


https://doi.org/10.1101/2020.10.16.342030
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.16.342030; this version posted December 3, 2020. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

A 5 B
£ “ &
“‘. "7, %% 3000 [T Bacillariophyta
““‘ .lb', L
‘\\\\\ “‘ "/-t"; “a, <3S || Clllophor‘a
AN P CXIS Collodaria
POS SRR «/’ 'A\VIA‘ Node Type »
‘-' N D - core Apicomplexa
7 185 B = 2000 i
\"' P pol o) Dinophyceae
\ Pos: 47296 S > Y Haptophyta
Neg: 682 I'AQ- Node Size o —
/,“ “': 1 ot $ | | MALV-I
N ‘ o’ el | — MALV-Il
555 ' 1000 - L
KOS £ MAST-3, 12
P4 Metazoa
Edge Type others
Positive Negative 0
Edge Width 6"{\ ¢ P IS
1 10¢ S © Y &
616 Size fractions

617

618  Figure 2. polB-V9 co-occurrence network. We performed co-occurrence analysis at the
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Figure 3. Density plots for the degree of NCLDV nodes in co-occurrence networks. The
degree of an NCLDYV node is given by the associations between this node and eukaryotes in
the networks. The amount of NCLDYV nodes are given on the top of the density values. (A)
Positive degree (number of positive associations per node) for NCLDV nodes in five size
fraction networks. (B) Negative degree (number of negative associations per node) for
NCLDYV nodes in five size fraction networks. Size fractions are presented in um. NCLDV
nodes with degree = 1 and degree > 1 are separated using a vertical line, and the number of
nodes is given.
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Figure 5. Prediction of NCLDYV virus—host relationships with TIM. (A) Undirected
network that shows the relationships between NCLDVs and eukaryotes after TIM filtration.
The size of each node indicates the number of predicted interactions of this group. The
weight of network edges as defined by the number of tree nodes enriched in each viral family
subtree to specific eukaryotic major lineages in the TIM analysis. Known virus—host
relationships are highlighted in red, and the pairs found to have horizontal gene transfer are
highlighted in yellow (1). (B) Performance of networks on NCLDV host prediction for
original FlashWeave results without a weight cut-off, weight cut-off > 0.4, and TIM
filtration, plotted by ggplot2 with a bandwidth of 2. (C) FDR of networks for NCLDV host
prediction with the original FlashWeave results without a weight cut-off, weight cut-oft >
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