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Evaluation of single-cell 
genomics to address evolutionary 
questions using three SAGs of 
the choanoflagellate Monosiga 
brevicollis
David López-Escardó1, Xavier Grau-Bové  1,2, Amy Guillaumet-Adkins3,4, Marta Gut3,4, 
Michael E. Sieracki  5 & Iñaki Ruiz-Trillo  1,2,6

Single-cell genomics (SCG) appeared as a powerful technique to get genomic information from 
uncultured organisms. However, SCG techniques suffer from biases at the whole genome amplification 
step that can lead to extremely variable numbers of genome recovery (5–100%). Thus, it is unclear 
how useful can SCG be to address evolutionary questions on uncultured microbial eukaryotes. To 
provide some insights into this, we here analysed 3 single-cell amplified genomes (SAGs) of the 
choanoflagellate Monosiga brevicollis, whose genome is known. Our results show that each SAG has a 
different, independent bias, yielding different levels of genome recovery for each cell (6–36%). Genes 
often appear fragmented and are split into more genes during annotation. Thus, analyses of gene gain 
and losses, gene architectures, synteny and other genomic features can not be addressed with a single 
SAG. However, the recovery of phylogenetically-informative protein domains can be up to 55%. This 
means SAG data can be used to perform accurate phylogenomic analyses. Finally, we also confirm that 
the co-assembly of several SAGs improves the general genomic recovery. Overall, our data show that, 
besides important current limitations, SAGs can still provide interesting and novel insights from poorly-
known, uncultured organisms.

In the last decade, molecular techniques based in the sequence of 18 S rDNA gene have deciphered an impressive 
amount of hidden eukaryotic diversity1–5. However, most of the genomic information available from eukaryotes 
is still biased towards a handful of culturable organisms that do not fully cover the biological diversity described 
by molecular studies6. The genomes of these uncultured eukaryotic lineages can contain key evolutionary infor-
mation both to infer a more complete eukaryotic tree of life (ETOL)7 and to better reconstruct the evolution from 
the Last Eukaryotic Common Ancestor (LECA)8 to the extant species.

Single-cell genomics (SCG) was initially proposed as a very promising technique to get the genomes of uncul-
tured taxa directly from the environment9,10. In contrast to metagenomics data, SCG allows to recover genomic 
DNA from one single cell. Single cells from the environment can be isolated using different techniques such as 
micromanipulation11, microfluidics12 and by using a Fluorescence Activated Cell Sorting (FACS)10. Cell isolation 
is then followed by cell lysis and a whole genome amplification (WGA) step10. The discovery of chemolithoauto-
trophy pathways in uncultured Proteobacteria13, or the proposition of two new prokaryotic superphyla14, are two 
examples of promising findings obtained thanks to single-cell genomics in prokaryotes.

However, single-cell genomics have also some important drawbacks that challenge their use in all microbial 
forms, including eukaryotes. For example, the sample can suffer an amplification bias at the WGA, as well as 
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the appearance of artefacts or genome loss15,16. Multiple Displacement Amplification (MDA)17–19, which uses a 
high fidelity phi29-polymerase20, is the standard method used for microbial applications21. Even though MDA 
leads to lower amplification error rates and lower contaminations compared to other methods15,16, it also pro-
vides uneven WGA amplifications that can be even higher than with other WGA methods22. The MDA method 
provides between 5–100% of genome completeness in bacteria, with an average of around 40%14. Fewer studies 
have been done in unicellular eukaryotes. A recent work done on the parasite Cryptosporidium recovered most 
of the genome23. However, Cryptosporidium can be purified from fecal samples and has a rather small genome 
compared to most eukaryotes. Few studies have so far used single-cell amplified genomes from eukaryotic sam-
ples directly obtained from the enviroment24–28. The genome recovery on those studies varies widely (between 
9–55%). Interestingly, a study focused in an uncultured group of marine stramenopiles (MAST)29, showed that 
by co-assembling different SAGs from different cells the genome recovered increased substantially28. Thus, it 
remains yet unclear the full potential of this methodology and how to best approach the analyses of the data 
recovered from SAGs. These are important questions because the scientific community is generating more SCG 
data. A good example is that more than 500 SAGs belonging to uncultured eukaryotic lineages6 have been already 
generated from the TARA oceans expedition30. These SAGs could potentially provide novel insights into eukary-
otic evolution, but we need to understand what can we do with the data generated as well as be aware of the best 
potential strategies for genome assembly and genome annotation.

To provide insights into the potential of SAGs, we here analyzed three different SAGs obtained from uncul-
tured samples, but corresponding to one single species, whose genome is of an average protist size and already 
sequenced. In particular, we analyzed three SAGs from the TARA oceans expedition that belong to the choano-
flagellate Monosiga brevicollis, whose genome is already sequenced and annotated (strain MX1, ATCC PRA-
25831). The average size of most of the published genomes from unicellular eukaryotes is 61.1 Mb (±9.76 Mb)32, 
including the diminutive microsporidians (2.5 Mb in Encephalitozoon cuniculi)33 and the larger genome of the 
oomycete Phytophthora infestans (228.5 Mb)34. Genome lengths of a few taxa can be even higher, as the ones 
reported for the foraminiferan Reticulomyxa filosa (320 Mb)35 or the amoebozoan Amoeba dubia (estimated at 
670,000 Mb)33. In any case, the genome of M. brevicollis is 41.6 Mb, which makes it an ideal candidate for our 
purposes. Thus, we tested different conditions of de novo genome assembly and genome annotation, and checked 
the percentage of gene and proteins domains recovery. Our data demonstrates that, although there are important 
biases, some bioinformatic pipelines can adequately increase the genomic information recovered, being at least 
useful for phylogenomic analyses. We also show that co-assembly of several SAGs improves the general genomic 
recovery.

Results
We analyzed three independent environmental SAGs (henceforth called MB1, MB2 and MB4), which had 99.6-
100% 18S rRNA nucleotide identities with the 18S rRNA of the choanoflagellate M. brevicollis. SAGs were iso-
lated from two different geographical locations; the Arabian sea (MB1 and MB4) and the Maldives bay (MB2) 
(Supplementary Table S1). We performed library preparation and sequenced them with Illumina MiSeq (see 
Methods). After a strict quality trimming, we ended up with a total of 24–34 million reads representing 117–163X 
of genome sequencing depth for each individual SAG (Supplementary Table S2). Furthermore, we also analysed 
the co-assembly of all reads coming from the three SAGs having been pooled together (henceforth “pooling”).

As MDA can lead to the generation of chimeric DNA fragments36 and the amplification of sample contami-
nants, we first mapped these reads to the M. brevicollis reference genome and observed that the number of aligned 
reads varied widely among the different SAGs. MB2 had the highest percentage of reads mapping to the reference 
genome (83.5%), followed by MB1 (56.9%) and MB4 (7.7%) (Fig. 1a). However, the reads were not equally dis-
tributed across the length of the genome: MB1 covered up to 42% of the reference genome (even though it had 
less reads mapping to the genome), followed by MB4 (18.7%) and MB2 (7.6%). Therefore, even though MB2 
presented a higher percentage of read mapping, those reads were extremely biased towards a few genomic regions 
(Fig. 1a). Thus, none of the SAGs covered all the reference genome, observing important differences between the 
different SAGs.

Genome assembly: downsampling test. In order to check how the uneven distribution of read mapping 
affects the final genome assembly, we assembled different amounts of reads using SPAdes assembler36, which is 
designed for single-cell genomics data. The SPAdes assembler avoids the interference of artifacts, while it can 
deal with uneven genome coverage. This was indeed our case, since we had an excess of sequencing depth, but 
unequally distributed along the genome (Fig. 1a). We examined whether the addition of more reads would pro-
vide information on the non-amplified or poorly-covered genomic regions, thus increasing the final length of 
genome assembly. To test that, we downsampled the original sequencing libraries by randomly selecting different 
fractions of the total number of reads (10%, 30%, 50%, 80% and 100%), and by performing independent genome 
assemblies to observe how the assemblies length changed with each fraction of reads. Our downsampling test 
(Fig. 1b) showed that it is possible to know how well the WGA reaction worked with low sequencing depths 
(10–20X). Moreover, we observed that our SAGs were not completely saturated with 100% of reads, meaning 
that including more reads could potentially improve the length of the assembly. Thus, to test that and to perform 
our final assemblies, we went back to the original raw reads and performed a more relaxed quality trimming in 
order to maximise the number of available reads, while having their overall accuracy within ranges tractable 
by the HammerBayes error correction algorithm37 (>99% over 6-nucleotide sliding windows; see Methods), 
implemented in SPAdes36 assembler. This approach yielded longer assemblies in the three SAGs, while providing 
similar genome contiguity statistics (N50, L75) and similar incidences of artifacts/contamination (Supplementary 
Table S2). We therefore used these assemblies in subsequent analyses.
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Identification of contaminant scaffolds. Once we had the final assemblies, we decided to investigate 
whether all scaffolds belonged to M. brevicollis, or whether there were some contaminant scaffolds. To this end, 
we aligned the assembled scaffolds to the reference genome. We found that most, but not all, of our scaffolds 
mapped to M. brevicollis genome (Fig. 2b). In particular, around 2–19% of each assembly did not belong to M. 
brevicollis reference genome (Fig. 2c).

Besides the possible appearance of contaminants during the WGA15, there is the fact that M. brevicollis is an 
heterotrophic organism that preys bacteria, so the collected cells could had engulfed bacteria. Indeed, a BLASTn 
search against NCBI non-redundant nucleotide database showed that these non-Monosiga scaffolds were mainly 
bacterial, but there were also some that did not map with any known sequence (Fig. 2c). Additionally, we per-
formed a tetra-nucleotide frequency analysis to confirm our identification of contaminant scaffolds on the basis 
of nucleotide sequence composition (Supplementary Fig. S1). All the putative contaminant scaffolds clustered 
together among tetra-nucleotide frequency values (Supplementary Fig. S1). Moreover, as contaminant scaffolds 
were affecting the final G-C content values of the assembly (Supplementary Fig. S2); once they were identified 
and removed, we obtained the same G-C content (54%) as the reference genome of M. brevicollis31 (Fig. 2a) 
(Supplementary Fig. S2). To further investigate the potential sources of contamination, we profiled the bacte-
rial 16S rDNA genes present in our contaminant scaffolds by BLASTn similarity searches against Genbank. We 
found two OTUs shared between different SAGs, which correspond to uncultured soil or freshwater bacteria: the 
proteobacteria Polynucleobacter (present in MB1 and MB2) and one unclassified uncultured bacteria (present in 
MB1 and MB4). Furthermore, we identified six OTUs appearing only in one SAG: two without clear taxonomic 
affiliation (in MB2), two Alphaproteobacteria (one uncultured and the other belonging to Methylobacterium 
genus, found respectively in MB1 and MB2), one Deltaproteobacteria (a Desulfurimonadales from MB1) and one 
Bacteroidetes (MB1) (Supplementary Table S3). This opens the possibility that these bacteria came from contam-
inants during the WGA step or, alternatively, from putative bacteria engulfed or attached to M. brevicollis cells.

Figure 1. SAGs read mapping and downsampling analysis. (a) Read mapping of each SAG (MB1, MB2, and MB4), 
plus all reads pooled together (Pooling) on the M. brevicollis genome done with bowtie2 (see methods). The figure 
shows the read mapping a on a window of the reference genome, within the scaffold CH991545. This genomic 
window is representative of the overall distribution of the read mapping along the genome. X-axis indicates the 
position on the scaffold CH991545, and the Y-axis shows the depth of read mapping. The figure shows up to 50x 
of coverage, but note that there are positions with more than 1000x of read mapping. The table on the right shows 
the percentage of reads that map to the reference genome and the percentage of the genome length they cover. (b) 
Downsampling analyses for all three SAGs, showing the length of the assembly obtained on the Y-axis, and the 
number of reads used on X-axis. The reads used in each analysis were a subsampling of 10%, 30%, 50%, 80% and the 
total number reads of each SAG obtained after an strict quality trimming (see results and methods).
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SAGs assemblies compared to the reference genome. We aimed to compare the quality of our SAGs 
and pooling assemblies with the reference M. brevicollis genome (MX1 strain), in terms of completeness, conti-
guity and gene recovery. We used for that the alignment information between the reference genome and our final 
assemblies, which practically fully mapped with the reference genome (96.6–100%) (Fig. 3a). The genome com-
pleteness of our final assemblies was low (Fig. 2b). MB1 recovered 36.2% of the M. brevicollis genome (the highest 
individual SAG), while MB4 recovered 15.1% of the genome and MB2 only 6%. Interestingly, the co-assembly of 
all three SAGs presented higher genome completeness (46.1%) than MB1 alone (Fig. 2a). This is due to the fact 
that each individual SAG is the result of an amplification of different genomic regions (Fig. 3a). Moreover, the 
positions aligned to the reference genome by the three individual SAGs in total are practically the same than the 
positions recovered by the pooling assembly (99.1% of the positions recovered by the combination of the three 
individual SAGs are shared with the pooling assembly). However, pooling co-assembly allows the recovery of 
slightly more positions of the reference genome than the three individual SAGs merged together (accounting for 
536 kb, a 2.9% of the pooling assembly’s length).

Next, we analyzed the rate of recovery of genic regions in our SAGs, compared with the reference M. brevicol-
lis genome. First, we found that the percentage of coding regions in our assemblies was ~66–70%, similar to the 
percentage in the M. brevicollis genome (66%) (Fig. 3a). This suggests there is no a significant bias towards cod-
ing or non-coding regions in the amplification step. Then, we screened which percentage of M. brevicollis genic 
regions are present in our SAGs scaffolds. We plotted 3 different situations: 1) coding regions that are almost fully 
recovered (i.e. >90% complete), 2) coding regions that are at least half complete (>50% complete), and 3) highly 
fragmented coding regions (>20% complete). As expected, the pooling and MB1 assemblies have the highest 

Figure 2. Assembly statistics. (a) Genome assembly statistics of the reference M. brevicollis genome, each 
individual SAGs and the pooled assembly; calculated using scaffolds longer than 500 bp. †GC content is shown 
both for the complete assembly (left) and scaffolds that belong to M. brevicollis (right). (b) Assembly length of 
each SAG. Blue segments indicate the total length of scaffolds mapping to the reference M. brevicollis in each 
SAG and the pooled assembly (including the % of reference length covered by each SAG); dark green segments 
correspond to contaminant scaffolds. (c) Total length of the scaffolds that do not map to the reference M. 
brevicollis genome in each SAG and pooled assembly (including the % of contaminant scaffolds’ length in each 
assembly). Dark green indicates the scaffolds mapping to known bacterial sequences; light green indicates non-
mapping scaffolds (BLASTn against Genbank; see Methods).
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numbers of recovered genes. However, these genes are highly fragmented: out of the 9,172 genes in M. brevicollis 
genome, MB1 assembly has 1,549 almost complete genes (>90% of the coding region aligning to the reference), 
and 5,704 fragmented genes (>20%) (Fig. 3b).

To better understand how different are the individual SAGs between them and compared to the original M. 
brevicollis genome (MX1 strain31), we calculated their average nucleotide identity (ANI). We found that they are 
highly similar (~99% ANI; Supplementary Fig. S3). Thus, according to Mangot and co-workers28, our SAGs are 
similar enough to be pooled together. On the other hand, the comparisons of each SAG against the reference M. 
brevicollis genome yielded lower sequence identity values (~95% ANI; Supplementary Fig. S3). Thus, our SAGs 
probably correspond to a different strain than the MX1 used for the genome sequence31. To further check whether 
those differences may be affecting our results, we performed a synteny analyis between the reference M. brevicol-
lis and the pooled assembly (representative of all individual SAGs) (Supplementary Fig. S4). We identified local 
inversions in 55 scaffolds of the pooled assembly (covering 800 kb out of 21.3 Mb assembled, or 41.6 Mb in the ref-
erence), which spanned 48 genes (representing 0.71% of the genes recovered in the pooling assembly with at least 
20% of completeness, Fig. 3b): 12 with >90% of gene completeness, 24 between 90-50% of gene completeness 
and 12 between 50-20% of gene completeness. Therefore, these rearrangements events have a minimal presence 
in our SAGs, and the few genes affected are not specially fragmented compared with the other genes recovered.

Figure 3. Scaffold mapping to reference genome and gene recovery. (a) Scaffold mapping of each SAG assembly 
and the pooling over the reference genome calculated with LAST, only the scaffolds bigger than 500 pb were 
used for analysis. It is shown the chromosome CH991544 of M. brevicollis’s genome as a representative of 
the whole scaffold mapping to the reference genome. The table summarizes the percentage of the alignment 
length compared with the size of the assembly of each SAG (M. bre for M. brevicollis) and the percentage that 
belongs to genic regions. (b) Number of genes recovered in each assembly comparing the scaffold mapping 
of the SAGs and the gene annotation of the reference genome. Different numbers of genes depending on 
the sequence completeness recovered (at least 90%, 50% or 20%) are shown. Green bar charts indicate the 
percentage compared to the total number of genes of the reference genome. On the right, the number of 
phylogenomic markers from Torruella et al.38 found in each assembly and the percentage they represent of the 
total phylogenomic dataset (red bar charts).
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Assessing the utility of SAGs for phylogenomic analysis. As we are specially interested in the use 
of SAGs for evolutionary studies, we checked whether enough phylogenetic markers were recovered to perform 
phylogenomic analyses. Specifically, we searched for the presence of protein domains of a phylogenomic matrix 
that had been used in a previous phylogenomic analysis of Opisthokonta38. Thus, we tested whether, in the hypo-
thetical absence of a M. brevicollis reference genome, SAGs would contain enough gene markers to correctly place 
a putative new species in the eukaryotic tree of life. We found that MB1 and MB4 contain, respectively, 56% and 
33% of the gene markers, and 8,655 and 4,601 of the ungapped positions within the phylogenomic alignment (out 
of 21,231 ungapped positions of the reference genome on the global dataset of 22,393 positions), which can be 
sufficient to perform a phylogenomic analysis. In contrast, the numbers of domains recovered in MB2 were very 
low (just 7 out of 78 protein domains comprising 1,689 ungapped positions compared to the 21,231 positions of 
the reference genome) (Fig. 3b). The phylogenetic analysis of each individual SAG correctly placed them within 
choanoflagellates, as sister-groups to Salpingoeca rosetta and Salpingoeca infusionum with high statistical support 
(Fig. 4b–d) (Supplementary Figs S5, S6 and S7), as it occurs with the reference genome (Fig. 4a) (Supplementary 
Fig. S8). Furthermore, a joint phylogenomic analysis of each SAGs and the reference M. brevicollis confirmed that 
all four genomes cluster together with maximal statistical support (and minimal internal amino-acidic differences 
(Supplementary Fig. S9)), thus confirming the consistency of each individual set of phylogenetic markers. It is 
worth mentioning, however, that the internal topology of choanoflagellates varies among each analysis, particu-
larly in the less supported deeper nodes.

Gene annotation in single-cell genomics. Once we had enough information from the assemblies, we 
tested different gene annotation methods in order to benchmark the possible outcomes depending on the ab inito 
gene predictors and strategies used. An important challenge to annotate single-cell amplified genomes, besides 
the fragmentation of the coding regions, is the lack of transcriptomic data to train the annotation algorithms. We 
here tried three different approaches to annotate the genomes: (1) ab initio annotation with Snap39; (2) annotation 
using Augustus40 trained with the complete proteins predicted with Snap (see Methods); and (3) annotation with 
Augustus trained with CEGMA (a set of 248 genes universally conserved in eukaryotes29) proteins, which is the 
method that have been used in other single-cell genomics studies24,25,28.

We measured the accuracy of each SAG annotation by comparing its relative overlap with the reference 
M. brevicollis annotation, using the J statistic from the Jaccard test41 (J values range from 0 to 1, representing 
no-overlap and perfect intersection, respectively). We found that Augustus (trained with either Snap ab initio 
predictions or CEGMA proteins) performed better than Snap, providing the more accurate annotations (Snap 
J = 0.36-0.43, Augustus J = 0.50–0.54; Fig. 5 and Supplementary Fig. S10). In the best annotated SAG, MB1, we 
recovered a third of the original M. brevicollis proteins (33–40%). We found, however, that ab initio Snap anno-
tations overestimate the number of genes, in some cases providing more than two times the number of genes 
annotated with Augustus. A closer look at these genes, however, showed that most of them were false positives 
not present in the reference annotation (Fig. 5a).

Finally, we annotated the protein domains present in each SAGs gene predictions (using HMM -based 
searches and the Pfam database). Specifically, we found that the lower quality of Snap-based gene predictions 
is also reflected by their lower number of annotated protein domains when compared to the Augustus-based 
predictions (Fig. 5b), an independent measure of annotation accuracy. Finally, we found that, for each SAG, the 
vast majority of its annotated domains were shared between all three annotation methods and the reference M. 
brevicollis genome (e.g., for the Pooling, 77–93%; see Supplementary Fig. S11).

Discussion
We have here sequenced three environmental SAGs belonging to the choanoflagellate M. brevicollis, for which 
a reference genome sequence obtained from a culture is already available31. The aim is to show further light into 
both the potentialities and the drawbacks of current single cell genomics technologies when dealing with environ-
mental cells. In addition, we have compared individual SAGs assemblies versus a co-assembly of all three SAGs 
and have tried different de novo assembly and de novo annotation strategies. Finally, we have tested the potential 
of the data for phylogenomics and gene content analyses. Overall, we provide a global picture of the potential 
downstream analyses to be performed when dealing with environmental SAGs.

As already shown in other analyses28, we observe an intrinsic bias for each SAG, probably due to biases during 
the WGA amplification reaction. It is worth mentioning that cell lysis and DNA denaturation can as well affect 
the outcome of the WGA15,16. We found that the presence of unmapped reads against the reference genome of 
M. brevicollis varies a lot among different SAGs (between 16.5–93.3%). Some SAGs present a lot of unmapped 
reads (93.3%), as is the case of the MB4 sample. These unmapped reads can be the effect of chimeric assemblages 
produced during the WGA36 or contaminant reads. We mapped all the reads to our contaminant scaffolds and 
we found that most of the unmmaped reads are due to contamination, concretely 84% of MB4 reads map to the 
contaminant scaffolds. That means that, in some cases, the contaminants can importantly affect the amplification 
depth of the sample. However, SAGs with less contaminant reads and more read depth, as MB2 (10.64% of con-
taminant reads, 83% of read mapping to the reference genome), can also produce assemblies with extremely low 
genome completeness (6% compared with 15.1% of MB4), due to high uneven coverage. In our best case, the MB1 
SAG, the genome completeness is 36.2%, being some genomic regions highly sequenced while others had not 
reads. Thus, there is an important variance on the data obtained from each single-cell amplification procedure.

Our analysis demonstrates that low sequencing depths are sufficient to assess the a priori quality of a SAG by 
randomly downsampling reads and analysing the subsequent assemblies’ lengths. Thus, a short assembly length 
and a saturated curve in downsampling analysis indicates that a SAGs is of low quality. In fact, various metrics 
have been constructed, following this principle, to quantitatively predict the complexity of single-cell genomics 
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Figure 4. Phylogenetic placement of each SAGs. Phylogenetic trees based on 83-taxa matrix from our 
phylogenomic dataset38 (see Supplementary Figs 3, 4, 5 and 6) inferred by Maximum likelihood under the 
LG+ Γ free rate with 8 categories model. Split supports are bootstraps of single branch test (SH-aLRT, left 
number) and ultrafast bootstraps (right number) calculated with IQ-TREE. Split support values >90 of SH-
aLRT bootstraps and >95% of ultra fast bootstrap computed with IQ-TREE are indicated by a bullet (•). Each 
tree A, B, C, D represents the phylogenetic position of the reference genome (a), the SAG MB1 (b), the SAG 
MB4 (c) and the SAG MB2 (d) respectively, calculated with the same parameters. Note that all SAGs and the 
reference genome fall in the same phylogenetic position, although there are some changes in the internal 
topology of choanoflagellates.
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libraries at low sequencing depth in human cancer cells42. Moreover, downsampling tests can be used to decide 
whether to sequence deeper or not. Our results suggest that in the case of a SAG whose assembly length is not 
saturated, additional sequencing (or less strict trimming) helps to increase in a 5–10% the assembly’s length. We 
also show that in SAGs with extreme low genome recovery, as is the case of MB2, more sequence depth would be 
a waste of resources. In our case, using a less strict trimming (see Methods) did not affect the general genome sta-
tistics and the appearance of more artifacts or contamination, while producing longer assemblies (Supplementary 
Table S2). Thus, using less strict trimming of the data seems a good approach that should be taken into account 
in single-cell genomics studies.

Co-assembly of different SAGs has already been suggested to be an interesting way to increase the genomic 
information of different SAGs corresponding to the same taxa. In particular, Mangot and co-workers28 found that 
by pooling 14 SAGs of MAST-4A they recovered more than 74% of CEGMA proteins. In our case, by pooling 
our three SAGs, we obtained a genome completeness of 46.1% with 45–48% of genes annotated. We also found, 
however, some incongruence in gene annotation of genes/domains recovered in each individual SAG compared 
with the pooling (Supplementary Fig. S12). Most of the genes/domains that were recovered in one SAG appear 
as well in the pooling; however there is a fraction of genes/domains (9–14%/2–4%) which remain exclusive to an 
individual SAG, while another fraction is exclusive to the pooling (10%/7%). This is likely due to the annotation 
process. It is clear that the three assemblies combined contain the same genomic information than the pooling 
(see results), however the splits among contigs can be different.

Whether co-assembling different SAGs is a valid method or not remains unclear, since the different SAGs 
may represent different taxa or strains. Mangot et al.28 proposed that two genomes with >95% average nucleotide 
identity (ANI) are similar enough to perform a co-assembly. In our case, the three SAGs present a high pair-
wise identity among them of 99% (Supplementary Fig. S11), despite having been sampled in different locations 
(Supplementary Table S4 and Supplementary Table S1). However, each SAG has ~95% of identity with the refer-
ence genome of M. brevicollis (strain MX1) (Supplementary Fig. S3). Therefore, our SAGs can be pooled together, 

Figure 5. Gene annotations. (a) Summary of results from different gene annotation strategies: Augustus trained 
with CEGMA, Augustus trained with SNAP, and SNAP alone, carried out for each SAG, plus the pooling. The 
column total number of genes, are the numbers of genes obtained in each annotation. The column number of 
genes unique M. brevicollis, represents the number of different genes of M. brevicollis recovered in our SAG 
annotations, calculated using BLASTp between the annotated proteins of our SAGs and the proteins of the 
reference genome (see Methods). Green bar charts indicate the percentage of the number of unique genes of M. 
brevicollis found in the each annotation compared with the total number of genes of M. brevicollis. (b) Protein 
domain information obtained in each annotation. All the columns are analogous with the columns of A) but 
depicting the information for protein domains. The third column of shared domains was calculated by running 
Venn diagrams (see Methods). Red bar charts indicate the percentage of the protein domains shared between 
SAG annotations and the M. brevicollis reference genome compared with the total number of protein domains 
of M. brevicollis reference genome.
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but they likely belong to a different strain of M. brevicollis than the one previously sequenced31. A whole-genome 
alignment between the pooling assembly and the reference genome revealed few genomic rearrangements 
between our SAGs and the MX1 strain (Supplementary Fig. S4), affecting 55 scaffolds of the pooling (~800 kb 
in length) and 48 genes. Although we cannot determine if such inversions are natural or caused by assembly 
errors, we can nevertheless infer that inversions are relatively infrequent between strains, affecting only 0,71% of 
the genes found at the pooling assembly. Therefore, taking this into account and the fact that the scaffolds from 
our SAG assemblies fully align with the reference genome (96.6–100%, Fig. 3), it is clear that the low contiguity 
of SAG assemblies (N50 of MB1 is 7,754), with fragmented genes (e.g. MB1 has 4,155 genes with only 20–50% 
of completeness), is caused by the low levels of genome recovery of the SAGs (6–32% in assembled length and 
3–39% of CEGMA completeness values). This is consistent with the sparse alignments between SAG and M. 
brevicollis scaffolds, which identified multiple blocks of missing data within the genome (Fig. 3a; Supplementary 
Fig. 4a).

In summary, co-assembly of SAGs is potentially a powerful strategy to recover full genomic information 
from a given taxa and reduce the blocks of missing data. However, this strategy may not be as straightforward 
as desired. For example, it is often the case that organisms occupying key phylogenetic positions are not such 
abundant in the environment43, making difficult to get enough cells or SAGs from the same taxa, or even clade. 
Another option to increase the output of single-cell genomes is the use of metagenomics data44. However, again, if 
the organism is not abundant in the environment, it is going to be unlikely to have enough metagenomics data to 
improve the assembly. Thus, prior information of a given sample is important to evaluate if it is worth generating 
SAGs.

Another crucial aspect in single-cell technologies is the potential appearance of contaminants16. We found that 
our SAGs present a low level of contamination, except for one SAG (MB4). In our case, and in contrast to a previ-
ous SCG study27, the contamination only comes from bacterial origin. This is understandable, given that environ-
mental SAG samples can include ingested, attached, or symbiont bacteria, especially in heterotrophic eukaryotes 
like choanoflagellates. In addition, cell sorting, cell lysis and WGA must be performed following strict conditions 
to avoid DNA contamination from other sources21. Unexpectedly, our analyses show that our SAGs contain bac-
teria species not related to marine environments, but rather to freshwater environments or to symbiotic/parasitic 
bacteria of eukaryotic organisms (Supplementary Table S3). Thus, most likely, our contaminants arised during 
the WGA step, rather than be truly marine bacteria engulfed by M. brevicollis cells. It is especially suspicious the 
presence of bacteria with a 100% identity against Methylobacterium oryzae (Supplementary Table S3). In any 
case, it is important to know which scaffolds from a given assembly come from bacterial origin in order to do not 
interfere in final results and lead to potential miss-interpretations45.

Even though our SAGs recover a few phylogenomic markers from our previous dataset38 (7 out of 78 in the 
worst case, SAG MB2), our phylogenetic analysis placed the SAGs in the expected phylogenetic position46,47, that 
is as sister to Salpingoeca rosetta and Salpingoeca infusionum, with high statistical support (Fig. 4). Thus, SAGs 
can be used to better place uncultured protists in the eukaryotic tree of life with the help of a phylogenomic 
matrix, obtaining better phylogenetic resolution, specially for deep eukaryotic relationships48, than the classi-
cal phylogenies based on the 18S ribosomal gene. However, phylogenetic questions are not always simple. The 
use of inappropriate phylogenomic datasets, or the lack of proper taxon sampling can impede to obtain good 
phylogenies7. For example, the incongruences found in the internal phylogeny of choanoflagellates in our trees, 
which in many cases did not recover the consensus topology46,47, can be explained by the lack of enough taxon 
sampling available, which can lead to low statistical support in the internal nodes. In any case, the broad topology 
expected38 was recovered (Fig. 4), Moreover, and in contrast to 18S ribosomal phylogenies49, choanoflagellates 
monophyly appear highly-supported in our tree (Fig. 4), while filastereans remain as monophyletic clade as pre-
viously reported in other studies38,50.

Regarding gene annotation, we found that evidence-based gene finders like Augustus perform better than 
ab initio gene predictors. To circumvent the lack of transcriptomic data, Augustus can be trained either with 
CEGMA or with complete proteins predicted by Snap. Both methods perform similarly. The Jaccard statistic 
values when comparing the SAGs annotation over the genes of M. brevicollis is far from an optimal situation 
(~0.5, meaning 50% overlap). This explains the overestimation of annotated genes: our MB1 annotation contains 
between 5,610–7,800 proteins, however these proteins correspond only to 3,079–3,110 genes of the reference M. 
brevicollis genome. This is due to genes that are split into many genes in SAG annotations that actually belong to 
the same coding region in the reference genome. Additionally, there are mis-annotations that do not correspond 
to any gene from the reference genome. Therefore, an annotation strategy aimed at maximizing the number 
of annotated genes alone can be misleading. Finally, the number of protein domains across SAGs and across 
different annotation strategies, confirms gene mis-annotations, specially for the ab initio annotation performed 
with Snap. In addition, the total number of different protein domains recovered goes up to 55% in the best case 
(MB1 Augustus annotation trained with SNAP), higher than the percentage of total genes obtained, which in this 
annotation was 33% (Fig. 5). Thus, protein domain-based analyses of genome content could be, in principle, more 
precise than gene annotations.

What can then be done with the data generated from SAGs? Unfortunately with the levels of genome com-
pleteness obtained (6–36%), and with genes often appearing fragmented, it is difficult to perform comparative 
genomics studies of gene gain/loses, gene architectures, or macro- synteny processes with a single SAG alone. 
However, the recovery of protein domain moves between 30–50% even in SAGs with moderate genomic com-
pleteness (15–36%). Therefore, SAGs can reveal an important fraction of the protein domains present in that taxa, 
which may redefine the evolutionary history of certain gene families. This is especially relevant for uncultured 
organisms occupying key phylogenetic positions. Furthermore, a phylogenomic analysis of our SAGs have proven 
to reproduce M. brevicollis phylogenetic position38, even when genome completeness was very low. This indicates 
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that SAGs can be phylogenetically informative, and useful to place uncultured eukaryotic organisms within the 
tree of life, while potentially revealing new evolutionary insights by the analyses of protein domains.

Finally, there is the question on whether single-cell transcriptomics (SCT) might be a better approach to 
address evolutionary questions than SCG. Although this remains unsettled, it is true that current data seems to 
support so. SCT based in Smart-seq. 251 for mRNA retrotranscription and amplification, has shown to recover a 
third part of the genes on mouse embryonic stem cells52. Thus, this represents a similar percentage of gene recov-
ery than the one here obtained in our best SAG, with the advantage that SCT avoids gene annotation problems, 
given that the full transcript sequence is obtained. In fact, SCT data have been recently used to study the deep 
evolution of Amoebae53. However, it is worth mentioning that mouse or amoebae cells may contain much more 
RNA than pico-nano sized protist (which are smaller than 20 μm). Therefore, the story with small protists may 
vary significantly. Additionally, SCT data only allows to obtain the genes that are being expressed through mRNA, 
hence, the ribosomal genes or other potentially interesting genes that might reveal ancestral functions, but that 
are not commonly expressed, are not going to be recovered. All in all, both techniques have some drawbacks, and 
we need more data to properly compare both approaches. An ideal scenario would be the combination of different 
SAGs (>10), combined with SCT data to assist the genome annotation process and complement the SAGs gene 
recovery.

Conclusions
Even though single-cell genomics appeared as a very promising technology, the first analyses with eukaryotes, 
especially those coming from environmental samples, seemed to put into question its potential given the low 
genomic recovery. Our data reveals the problems and challenges of working with SCG data and provides a gen-
eral framework to face them. We believe there are three important issues worth considering, which are selecting 
promising samples, maximizing the length of final assemblies, and using the best annotation strategies. Our data 
show that each individual SAG has different biases and genome recovery values, and that genes are often frag-
mented and even split during the annotation process. In the most optimistic scenario, the genome completeness 
and gene content recovery moves between 30–40%. However, we here confirm that co-assembling different SAGs 
coming from the same taxa is a good procedure to increase genome completeness. In addition, and besides the 
current limitations, we believe there is potential to get important insights from uncultured eukaryotic taxa with 
only a single SAG. For example, data obtained from SAGs provided enough information to perform phylog-
enomics studies and, thus, they have the potential to improve the tree of life with the incorporation of uncultured 
taxa that could not otherwise be included in multigene phylogenetic analyses. Moreover, the analysis of protein 
domain content was more robust than whole-gene annotations. Single domains are often enough to reconstruct 
the evolutionary history of particular gene families. Thus, even though new strategies and sequencing chemistries 
are needed to overcome the known limitations, we believe that SAGs can still provide interesting insights onto 
evolutionary questions.

Methods
Cell collection and whole genome amplification. Cells for single-cell genomics were collected from the 
surface of the Indian Ocean during the Tara Oceans expedition54 and cryopreserved as described before55. Flow 
cytometry cell sorting, single cell lysis and whole genome amplification by Multiple Displacement Amplification 
(MDA)17 were performed at Bigelow Single-cell genomics facility (Boothbay, Maine US), as previously described9,28,56  
(Table S1). The SAGs obtained were screened by PCR using universal eukaryotic 18S 350 rDNA primers28. Those 
SAGs that had a BLAST identity of >99.5% against the 18S rRNA gene of Monosiga brevicollis (alignment length 
>1Kb) and from three different samples were selected (Supplementary Table S4). A total of 4 SAGs were related 
with the choanoflagellate M. brevicollis. Due to DNA quality reasons only three of the four samples were sent to 
library preparation and sequencing (Supplementary Table S1 and S4). Associated environmental data is summa-
rized in Supplementary Table 1 and more details can be found in PANGAEA57,58.

Library preparation and genome sequencing. Three SAGs (MB1, MB2, MB4) were used for the library 
construction with Nextera DNA Library Preparation Kit (Illumina). Simultaneous fragmentation and adaptor 
sequence ligation were performed according to the manufacturer protocol. Briefly, 15 ng input DNA was used 
as the starting material. The DNA was tagmentated, targeting the insert size of 500 bp and purified using Zymo 
DNA Clean & Concentrator kit (Zymo Research). Five cycles of PCR were carried out to enrich and perform dual 
indexing on the tagmented DNA. The final indexed libraries were purified using Agencourt AMPure XP beads 
(Beckman Coulter). Library validation and quantification were performed on an Agilent 2100 Bioanalyzer with 
the DNA 1000 assay (Agilent Technologies).

Each library was sequenced using one lane of MiSeq reagent kit v2 (Illumina). The sequencing run was 
performed according to standard Illumina operation procedures in Paired-end mode, with a read length of 
2 × 251 bp and the yield of >11 Gb. Primary data analysis, the image analysis, base calling and quality scoring 
of the run, was processed using the manufacturer’s software Real Time Analysis (RTA 1.18.54) and followed by 
generation of FASTQ sequence files by CASAVA.

Assembly and read mapping to the reference genome. Raw reads obtained were trimmed 
with Trimmomatic v3.059 using the following options: ILLUMINACLIP:/adapters/NexteraPE-PE.fa:2:40:15 
HEADCROP:10 CROP:240 SLIDINGWINDOW:4:28 MINLEN:50. A range between 14–20 million reads were 
obtained from each SAG, representing a sequencing depth of 70–94X (Supplementary Table S2). Next, these 
reads were mapped to the reference genome, downloaded from Ensembl Protist V1.0 (http://protists.ensembl.
org/Monosiga_brevicollis_mx1/Info/Index) with bowtie260. Read alignment coordinates were converted to 
position-specific genomic coverage in the reference of M. brevicollis genome, using SAMtools v.0.1.1961 and 
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BEDtools v.2.17.062. R base v3.3.163 was used to plot the coverage of each SAGs reads in a specific region of M. 
brevicollis genome. Downsampling calculations were made by extracting randomly a 10%, 30%, 50% and 80% 
of the reads from each SAGs using seqtk script (https://github.com/lh3/seqtk). Next, a genome assembly for 
the different amounts of reads extracted was performed with SPAdes36 v3.6.1 with the options–sc–careful and 
-k 21,33,55,77,99. The final assemblies were performed using the same SPAdes options, but with more reads 
from a less strict trimming: ILLUMINACLIP:/adapters/NexteraPE-PE.fa:2:40:15 HEADCROP:10 CROP:240 
SLIDINGWINDOW:6:20 MINLEN:50. Genome statistics were obtained with QUAST64. The percentage of core 
eukaryotic conserved proteins was calculated with CEGMA29.

Scaffold mapping to the reference genome. SAGs scaffolds were aligned to the reference genome using 
LAST65, and the alignment coordinates were converted to BED format using SAMtools. For visualization the 
Integrative genome viewer, IGV66, was used. Only the scaffolds from SAGs assemblies bigger than 500 bp were 
used for the alignment, in order to avoid noisy signal from uninformative short scaffolds and to reduce the com-
putational cost of the analysis. To calculate which percentage of coding regions were recovered in our SAGs, 
taking into account different lengths of the coding areas recovered, we used the Intersect option from BEDtools, 
with different thresholds of alignment length (keeping 90%, 50%, and 20% of the gene length).

Contamination screening. We followed four different procedures to detect and identify possible contam-
inants in our SAGs. First, we aligned all the non-M. brevicollis scaffolds against the NCBI nt database using 
BLASTn (evalue < 10−5). These scaffolds were assigned a taxonomy according to the result of the first BLAST 
hit, and those that did not belong to M. brevicollis were excluded of the subsequent annotation process. Second, 
a tetranucleotide-frequency analysis was performed on the scaffolds bigger than 10 Kb and with a window size of 
5 Kb thanks to a custom perl script67. Frequencies were clustered using ESOM68 (Emerging self-organizing maps). 
Raw data was normalized using robust estimates of mean variance and trained according to a previous study67.
Third, we confirmed that the GC content distribution did not present two peaks after removing the contaminant 
scaffolds, and, using the program OcculterCut69, that the GC content was similar to the reference genome. Finally, 
we searched for the presence of prokaryotic 16S rDNA sequences by performing a BLASTn of the 16S rDNA gene 
sequence on our contaminant scaffolds. We used as a query the sequence of Legionella parisiensis (NCBI acces-
sion number U59697), as it was the most frequent taxonomy obtained in our contaminant scaffolds. 16S rDNA 
sequences recovered from each SAG, were joined together and clusterized in OTUs using USEARCH70.

Average nucleotide identity calculations. The average nucleotide identity (ANI) between SAGs and 
between each SAG with the reference genome of Monosiga brevicollis was calculated by BLASTn71 with a mini-
mum similarity of 70% and a maximal e-value of 10−5 28, in order to only capture homologous regions72 and to 
reduce the number of overlapping alignments that BLAST can produce. These residual overlaped alignments of 
BLAST ouput were merged thanks to BEDtools62, which also calculates the average of identity on these conflictive 
alignments. Finally, we calculated the weighted average of nucleotide identity taking into account the length of 
all BLAST alignments. As the alignment lengths can be different between the genome acting as a query, and the 
genome acting as a database; in the pairwise comparison we calculated the ANI using the coordinates of both 
genomes, and plotted them in the Supplementary Fig. S3

Analysis of local genomic rearrangements. In order to detect possible local rearrangements between 
our SAGs and the M. brevicollis MX1 strain, we aligned the non-contaminant scaffolds of the pooled assembly 
(query) against the reference genome (target) using Satsuma v3.1.0a73 with default parameters. We then used the 
SatsumaSynteny module to compute whole-genome synteny blocks, which were manually examined to identify 
cases of genomic rearrangements. Specifically, we retrieved the list of scaffolds of the pooled assembly that aligned 
to both the positive and negative strands (i.e., they contained at least one inverted segment) of the reference M. 
brevicollis genome, totaling 55 scaffolds. The genomic coordinates of these discordant alignments were manually 
examined, in order to identify the breaking points of each inversion in the M. brevicollis reference genome (i.e., 
the genomic region comprised between the discordantly aligned blocks). Finally, we used BEDtools intersect 
module62 to obtain the list of reference M. brevicollis genes that overlapped the manually curated inversion break-
ing points (48 genes in total). We used Circos74 to plot the aligned genomic regions between selected scaffolds of 
the pooled assembly and M. brevicollis.

Phylogenetic analysis. For the phylogenomic analyses, we used the dataset of 78 single-copy protein 
domains (SCPD78) developed in a previous study38. For each of our SAGs assemblies, we recovered the gene 
markers using the ortholog search algorithm developed by Torruella and co-workers50 which uses tBLASTn to 
extract protein domains from nucleotide data. The list of gene markers found in each SAG is summarized in 
Fig. 3b.

We performed four independent phylogenomic analyses of the SCPD78 dataset, using each individual SAG 
and the reference M. brevicollis assembly. For each individual gene marker, we produced an alignment using 
MAFFT75 v7.299b L-INS-I with 1000 iterations. Ambiguously aligned positions were trimmed using trimAl76 
v14, with the automated 1 algorithm. The trimmed SCPD alignments were concatenated with Geneious77 v8.0.5. 
Final alignment details are explained in the results section. The best substitution model for phylogenetic inference 
was selected using IQ-TREE78, using the TESTNEW model selection procedure and following the BIC criterion. 
In all four cases, the LG substitution matrix with a 8-categories free-rate distribution79 (a modification of the 
standard Γ distribution) was selected as the best-fitting model. Maximum likelihood inferences were performed 
with IQ-TREE, and statistical supports were drawn from 1,000 ultrafast bootstrap values with a 0.99 minimum 
correlation as convergence criterion80, and 1,000 replicates of the SHlike approximate likelihood ratio test81.
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Gene annotation. Three different strategies were used to annotate our SAGs scaffolds, after removing the 
potential contamination. First, we used the SNAP ab initio predictor (based on hidden Markov models for gene 
structure), run in three iterations and using the output of each step as a training set for the next one (the first 
SNAP prediction was done using the standard minimal HMM)39. Second, we trained Augustus40 using protein 
and mRNA predictions from the previous SNAP annotation (only full CDS, mapped to the genome with Scipio 
1.4, BLAT and GMAP82–84), followed by an optimization round of the species-specific parameters. Third, we 
repeated the Augustus training and prediction based on the proteins from the CEGMA dataset. These annotations 
were mapped to the reference M. brevicollis genome using PASA85 (minimum of 90% identity and 75% transcript 
coverage). Overlap with the reference genes of M. brevicollis was assessed with the Jaccard statistic calculated by 
BEDtools.

A BLASTp71 (evalue < 10−5 identity >90%) search was used to detect the presence of reference M. brevicollis 
genes in our SAG annotations. Protein domain annotations of each SAG and the reference M. brevicollis proteome 
were computed using Pfamscan and the 29th release of the Pfam database86.

Data availability. Raw reads can be found at ENA, project accession number PRJEB19365. Final assemblies, 
list of scaffolds classification (whether they were identified as Monosiga brevicollis ones or not), the 16S rDNA OTU 
sequences found in our SAGs and the final alignments and trees obtained in the phylogenetic analysis are avail-
able at Figshare (https://figshare.com/articles/Supplementary_material_-_L_pez-Escard_et_al_2017/4629670).

References
 1. López-García, P., Rodríguez-Valera, F., Pedrós-Alió, C. & Moreira, D. Unexpected diversity of small eukaryotes in deep-sea 

Antarctic plankton. Nature 409, 603–607 (2001).
 2. Moon-van der Staay, S. Y., de Wachter, R. & Vaulot, D. Oceanic 18S rDNA sequences from picoplankton reveal unsuspected 

eukaryotic diversity. Nature 409, 607–610 (2001).
 3. Dìez, B., Pedrós-alió, C. & Massana, R. Study of Genetic Diversity of Eukaryotic Picoplankton in Different Oceanic Regions by 

Small-Subunit rRNA Gene Cloning and Sequencing Study of Genetic Diversity of Eukaryotic Picoplankton in Different Oceanic 
Regions by Small-Subunit rRNA Gene Cloning and. Appl. Environ. Microbiol. 67, 2932–2941 (2001).

 4. Massana, R., Pernice, M., Bunge, Ja & del Campo, J. Sequence diversity and novelty of natural assemblages of picoeukaryotes from 
the Indian Ocean. ISME J. 5, 184–95 (2011).

 5. Jones, M. D. M. et al. Discovery of novel intermediate forms redefines the fungal tree of life. Nature 474, 200–3 (2011).
 6. del Campo, J. et al. The others: our biased perspective of eukaryotic genomes. Trends Ecol. Evol. 29, 252–259 (2014).
 7. Burki, F., Lane, N., Mcfadden, G. I., Gray, M. W. & Douglas, A. E. The Eukaryotic Tree of Life from a Global Phylogenomic 

Perspective The Eukaryotic Tree of Life from a Global Phylogenomic Perspective. 1–17 doi:10.1101/cshperspect.a016147 (2014).
 8. Sebé-Pedròs, A., Grau-Bové, X., Richards, T. A. & Ruiz-Trillo, I. Evolution and classification of myosins, a paneukaryotic whole-

genome approach. Genome Biol. Evol. 6, 290–305 (2014).
 9. Stepanauskas, R. & Sieracki, M. E. Matching phylogeny and metabolism in the uncultured marine bacteria, one cell at a time. Proc. 

Natl. Acad. Sci. USA 104, 9052–7 (2007).
 10. Stepanauskas, R. Single cell genomics: an individual look at microbes. Curr. Opin. Microbiol. 15, 613–20 (2012).
 11. Woyke, T. et al. One bacterial cell, one complete genome. PLoS One 5 (2010).
 12. Ciuffi, A., Rato, S. & Telenti, A. Single-cell genomics for virology. Viruses 8, 1–10 (2016).
 13. Swan, B. K. et al. Potential for chemolithoautotrophy among ubiquitous bacteria lineages in the dark ocean. Science 333, 1296–300 

(2011).
 14. Rinke, C. et al. Insights into the phylogeny and coding potential of microbial dark matter. Nature 499, 431–7 (2013).
 15. de Bourcy, C. Fa et al. A quantitative comparison of single-cell whole genome amplification methods. PLoS One 9, e105585 (2014).
 16. Gawad, C., Koh, W. & Quake, S. R. Single-cell genome sequencing: current state of the science. Nat. Rev. Genet. 17, 175–188 (2016).
 17. Dean, F. B. et al. Comprehensive human genome amplification using multiple displacement amplification. Proc. Natl. Acad. Sci. USA 

99, 5261–6 (2002).
 18. Jiang, Z., Zhang, X., Deka, R. & Jin, L. Genome amplification of single sperm using multiple displacement amplification. Nucleic 

Acids Res. 33, e91 (2005).
 19. Pinard, R. et al. Assessment of whole genome amplification-induced bias through high-throughput, massively parallel whole 

genome sequencing. BMC Genomics 7, 216 (2006).
 20. Esteban, J. a., Salas, M. & Blanco, L. Fidelity of phi29 DNA Polymerase. J. Biol. Chem. 268, 2719–2726 (1993).
 21. Rinke, C. et al. Obtaining genomes from uncultivated environmental microorganisms using FACS-based single-cell genomics. Nat. 

Protoc. 9, 1038–48 (2014).
 22. Zong, C., Lu, S., Chapman, A. R. & Xie, X. S. Genome-wide detection of single-nucleotide and copy-number variations of a single 

human cell. Science 338, 1622–6 (2012).
 23. Troell, K. et al. Cryptosporidium as a testbed for single cell genome characterization of unicellular eukaryotes. BMC Genomics 17, 

471 (2016).
 24. Yoon, H. S. et al. Single-cell genomics reveals organismal interactions in uncultivated marine protists. Science 332, 714–7 (2011).
 25. Roy, R. S. et al. Single cell genome analysis of an uncultured heterotrophic stramenopile. Sci. Rep. 4, 4780 (2014).
 26. Nair, S. et al. Single-cell genomics for dissection of complex malaria infections. Genome Res. 24, 1028–1038 (2014).
 27. Gawryluk, R. M. R. et al. Morphological Identification and Single-Cell Genomics of Marine Diplonemids. Curr. Biol. 26, 3053–3059 

(2016).
 28. Mangot, J., Logares, R., Sanchez, P. & Latorre, F. Accessing to the genomic information of unculturable oceanic picoeukaryotes by 

combining multiple single cells. Sci. Rep. 7 (2017).
 29. Parra, G., Bradnam, K. & Korf, I. CEGMA: A pipeline to accurately annotate core genes in eukaryotic genomes. Bioinformatics 23, 

1061–1067 (2007).
 30. de Vargas, C. et al. Eukaryotic plankton diversity in the sunlit ocean. Science 348, 1261605–1261605 (2015).
 31. King, N. et al. The genome of the choanoflagellate Monosiga brevicollis and the origin of metazoans. Nature 451, 783–8 (2008).
 32. Elliott, T. A. & Gregory, T. R. What’s in a genome? The C-value enigma and the evolution of eukaryotic genome content. Philos. 

Trans. R. Soc. B Biol. Sci. 370, 20140331 (2015).
 33. McGrath, C. L. & Katz, L. A. Genome diversity in microbial eukaryotes. Trends Ecol. Evol. 19, 32–38 (2004).
 34. Eisen, J. A. et al. Macronuclear genome sequence of the ciliate Tetrahymena thermophila, a model eukaryote. PLoS Biol. 4, 

1620–1642 (2006).
 35. Glöckner, G. et al. The genome of the foraminiferan reticulomyxa filosa. Curr. Biol. 24, 11–18 (2014).
 36. Bankevich, A. et al. SPAdes: A New Genome Assembly Algorithm and Its Applications to Single-Cell Sequencing. J. Comput. Biol. 

19, 455–477 (2012).

https://figshare.com/articles/Supplementary_material_-_L_pez-Escard_et_al_2017/4629670
http://dx.doi.org/10.1101/cshperspect.a016147


www.nature.com/scientificreports/

13Scientific RepoRts | 7: 11025  | DOI:10.1038/s41598-017-11466-9

 37. Nikolenko, S. I., Korobeynikov, A. I. & Alekseyev, M. A. BayesHammer: Bayesian clustering for error correction in single-cell 
sequencing. BMC Genomics 14, 1–11 (2012).

 38. Torruella, G. et al. Phylogenomics Reveals Convergent Evolution of Lifestyles in Close Relatives of Animals and Fungi. Curr. Biol. 
25, 2404–2410 (2015).

 39. Korf, I. Gene finding in novel genomes. BMC Bioinformatics 5, 59 (2004).
 40. Stanke, M. & Morgenstern, B. AUGUSTUS: A web server for gene prediction in eukaryotes that allows user-defined constraints. 

Nucleic Acids Res. 33, 465–467 (2005).
 41. Favorov, A. et al. Exploring massive, genome scale datasets with the genometricorr package. PLoS Comput. Biol. 8 (2012).
 42. Zhang, C.-Z. et al. Calibrating genomic and allelic coverage bias in single-cell sequencing. Nat. Commun. 6, 1–10 (2015).
 43. Torruella, G., Moreira, D. & López-García, P. Phylogenetic and ecological diversity of apusomonads, a lineage of deep-branching 

eukaryotes. Environ. Microbiol. Rep. doi:10.1111/1758-2229.12507 (2016).
 44. Mende, D. R., Aylward, F. O., Eppley, J. M., Nielsen, T. N. & DeLong, E. F. Improved Environmental Genomes via Integration of 

Metagenomic and Single-Cell Assemblies. Front. Microbiol. 7, 1–9 (2016).
 45. Koutsovoulos, G. et al. No evidence for extensive horizontal gene transfer in the genome of the tardigrade Hypsibius dujardini. Pnas 

113, 1–6 (2016).
 46. Carr, M., Leadbeater, B. S. C., Hassan, R., Nelson, M. & Baldauf, S. L. Molecular phylogeny of choanoflagellates, the sister group to 

Metazoa. Proc. Natl. Acad. Sci. USA 105, 16641–6 (2008).
 47. Carr, M. et al. A six-gene phylogeny provides new insights into choanoflagellate evolution. Mol. Phylogenet. Evol. 107, 166–178 

(2017).
 48. Baldauf, S. L. The Deep Roots of Eukaryotes. Science (80-.). 300, 1703–1706 (2003).
 49. del Campo, J. & Ruiz-Trillo, I. Environmental survey meta-analysis reveals hidden diversity among unicellular opisthokonts. Mol. 

Biol. Evol. 30, 802–5 (2013).
 50. Torruella, G. et al. Phylogenetic relationships within the Opisthokonta based on phylogenomic analyses of conserved single-copy 

protein domains. Mol. Biol. Evol. 29, 531–44 (2012).
 51. Picelli, S. et al. Full-length RNA-seq from single cells using Smart-seq. 2. Nat. Protoc. 9, 171–81 (2014).
 52. Ziegenhain, C. et al. Comparative Analysis of Single-Cell RNA Sequencing Methods. Mol. Cell 65, 631–643.e4 (2017).
 53. Kang, S. et al. Between a pod and a hard test: the deep evolution of amoebae. Mol. Biol. Evol. doi:10.1093/molbev/msx162 (2017).
 54. Karsenti, E. et al. A holistic approach to marine eco-systems biology. PLoS Biol. 9, e1001177 (2011).
 55. Heywood, J. L., Sieracki, M. E., Bellows, W., Poulton, N. J. & Stepanauskas, R. Capturing diversity of marine heterotrophic protists: 

one cell at a time. ISME J. 5, 674–84 (2011).
 56. Martinez-Garcia, M. et al. Unveiling in situ interactions between marine protists and bacteria through single cell sequencing. ISME 

J. 6, 703–7 (2012).
 57. Tara Oceans Consortium, Coordinators; Tara Oceans Expedition, P. Registry of selected samples from the Tara Oceans Expedition 

(2009–2013). doi:10.1594/ PANGAEA.842197 553 (2014).
 58. Pesant, S. et al. Open science resources for the discovery and analysis of Tara Oceans data. Sci. data 2, 150023 (2015).
 59. Bolger, A. M., Lohse, M. & Usadel, B. Trimmomatic: A flexible trimmer for Illumina sequence data. Bioinformatics 30, 2114–2120 

(2014).
 60. Langmead, B. & Salzberg, S. L. Fast gapped-read alignment with Bowtie 2. Nat Methods 9, 357–359 (2012).
 61. Li, H. et al. The Sequence Alignment/Map format and SAMtools. Bioinformatics 25, 2078–2079 (2009).
 62. Quinlan, A. R. & Hall, I. M. BEDTools: A flexible suite of utilities for comparing genomic features. Bioinformatics 26, 841–842 

(2010).
 63. R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical Computing (2013).
 64. Gurevich, A., Saveliev, V., Vyahhi, N. & Tesler, G. QUAST: Quality assessment tool for genome assemblies. Bioinformatics 29, 

1072–1075 (2013).
 65. Kielbasa, S. M. et al. Adaptive seeds tame genomic sequence comparison Adaptive seeds tame genomic sequence comparison. 21, 

487–493 (2011).
 66. IGV (Integrative Genomic Viewer). Integrative Genomics Viewer. Broad Inst. 29, 24–26 (2013).
 67. Dick, G. J. et al. Community-wide analysis of microbial genome sequence signatures. Genome Biol. 10, R85 (2009).
 68. Ultsch, A. & Mörchen, F. ESOM-Maps: tools for clustering, visualization, and classification with Emergent SOM. Tech. Rep. Dept. 

Math. Comput. Sci. Univ. Marburg, Ger. 1–7 (2005).
 69. Testa, A. C., Oliver, R. P. & Hane, J. K. OcculterCut: A Comprehensive Survey of AT-Rich Regions in Fungal Genomes. Genome Biol. 

Evol. 8, 2044–64 (2016).
 70. Edgar, R. C. Search and clustering orders of magnitude faster than BLAST. Bioinformatics 26, 2460–2461 (2010).
 71. Camacho, C. et al. BLAST plus: architecture and applications. BMC Bioinformatics 10, 1 (2009).
 72. Goris, J. et al. DNA-DNA hybridization values and their relationship to whole-genome sequence similarities. Int. J. Syst. Evol. 

Microbiol. 57, 81–91 (2007).
 73. Grabherr, M. G. et al. Genome-wide synteny through highly sensitive sequence alignment: Satsuma. Bioinformatics 26, 1145–1151 

(2010).
 74. Krzywinski, M. et al. Circos: an Information Aesthetic for Comparative Genomics. Genome Res 19, 1639–1645 (2009).
 75. Katoh, K. & Standley, D. M. MAFFT multiple sequence alignment software version 7: improvements in performance and usability. 

Mol. Biol. Evol. 30, 772–80 (2013).
 76. Capella-Gutiérrez, S., Silla-Martínez, J. M. & Gabaldón, T. trimAl: A tool for automated alignment trimming in large-scale 

phylogenetic analyses. Bioinformatics 25, 1972–1973 (2009).
 77. Kearse, M. et al. Geneious Basic: An integrated and extendable desktop software platform for the organization and analysis of 

sequence data. Bioinformatics 28, 1647–1649 (2012).
 78. Nguyen, L. T., Schmidt, H. A., Von Haeseler, A. & Minh, B. Q. IQ-TREE: A fast and effective stochastic algorithm for estimating 

maximum-likelihood phylogenies. Mol. Biol. Evol. 32, 268–274 (2015).
 79. Yang, Z. A space-time process model for the evolution of DNA sequences. Genetics 139, 993–1005 (1995).
 80. Minh, B. Q., Nguyen, M. A. T. & Von Haeseler, A. Ultrafast approximation for phylogenetic bootstrap. Mol. Biol. Evol. 30, 1188–1195 

(2013).
 81. Guindon, S. et al. New algorithms and methods to estimate maximum-likelihood phylogenies: Assessing the performance of PhyML 

3.0. Syst. Biol. 59, 307–321 (2010).
 82. Keller, O., Odronitz, F., Stanke, M., Kollmar, M. & Waack, S. Scipio: using protein sequences to determine the precise exon/intron 

structures of genes and their orthologs in closely related species. BioMed Cent. Bioinforma. 9, 278 (2008).
 83. Kent, W. J. BLAT-the BLAST-like alignment tool. Genome Res. 12 (2002).
 84. Wu, T. D. & Watanabe, C. K. GMAP: A genomic mapping and alignment program for mRNA and EST sequences. Bioinformatics 21, 

1859–1875 (2005).
 85. Haas, B. J. et al. Improving the Arabidopsis genome annotation using maximal transcript alignment assemblies. Nucleic Acids Res. 

31, 5654–5666 (2003).
 86. Bateman, A. et al. The Pfam protein families database. Nucleic Acids Res 32, 138D–41 (2004).

http://dx.doi.org/10.1111/1758-2229.12507
http://dx.doi.org/10.1093/molbev/msx162
http://dx.doi.org/10.1594/ PANGAEA.842197 553


www.nature.com/scientificreports/

1 4Scientific RepoRts | 7: 11025  | DOI:10.1038/s41598-017-11466-9

Acknowledgements
We acknowledge support by ICREA, a European Research Council Consolidator (ERC-2012-Co-616960) grant, 
and grant (BFU2014-57779-P) from Ministerio de Economía y Competitividad (MINECO) with FEDER funds. 
We also acknowledge financial support from Secretaria d’Universitats i Recerca del Departament d’Economia 
i Coneixement de la Generalitat de Catalunya (Project 2014 SGR 619). The authors want to acknowledge Jean-
Francois Mangot for the support on the tetranucleotide frequency calculations and Ramon Massana for helpful 
discussions on the manuscript. We also thank Javier del Campo for some initial ideas, further discussions, and 
help in the experimental design. Any opinion, findings, and conclusions or recommendations expressed in this 
material are those of the author(s) and do not necessarily reflect the views of the National Science Foundation. We 
also thank the commitment of the following people and sponsors: CNRS (in particular Groupement de Recherche 
GDR3280), European Molecular Biology Laboratory (EMBL), Genoscope/CEAthe French Government 
‘Investissements d’Avenir’ programmes OCEANOMICS (ANR-11-BTBR-0008) and FRANCE GENOMIQUE 
(ANR-10-INBS-09-08), Agence Nationale de la Recherche, and European Union FP7 (MicroB3/No.287589), We 
also thank the support and commitment of Agnès B. and Etienne Bourgois, the Veolia Environment Foundation, 
Region Bretagne, Lorient Agglomeration, World Courier, Illumina, the Eléctricité de France (EDF) Foundation, 
Fondation pour la recherche sur la biodiversité (FRB), the Foundation Prince Albert II de Monaco, the Tara 
Foundation, its schooner and teams. We thank MERCATOR-CORIOLIS and ACRI-ST for providing daily 
satellite data during the expedition. We are also grateful to the French Ministry of Foreign Affairs for supporting 
the expedition and to the countries who graciously granted sampling permissions. Tara Oceans would not exist 
without continuous support from 23 institutes (http://oceans.taraexpeditions.org/en/m/science/labs-involved/). 
The authors further declare that all data reported herein are fully and freely available from the date of publication, 
with no restrictions, and that all of the samples, analyses, publications, and ownership of data are free from legal 
entanglement or restriction of any sort by the various nations whose waters the Tara Oceans expedition sampled 
in. This article is contribution number 58 of Tara Oceans.

Author Contributions
D.L.-E. and I.R.-T. designed the study. M.S. collected the cells from the environment. A.G.-A. and M.G. developed 
protocols for library preparation and sequencing. D.L.-E. generated the genome assemblies and annotations. 
Comparative analyses were performed by D.L.-E. and X.G.-B. D.L.E. and I.R.T. wrote the manuscript, which was 
critically reviewed by all the authors.

Additional Information
Supplementary information accompanies this paper at doi:10.1038/s41598-017-11466-9
Competing Interests: The authors declare that they have no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2017

http://oceans.taraexpeditions.org/en/m/science/labs-involved/
http://dx.doi.org/10.1038/s41598-017-11466-9
http://creativecommons.org/licenses/by/4.0/

	Evaluation of single-cell genomics to address evolutionary questions using three SAGs of the choanoflagellate Monosiga brev ...
	Results
	Genome assembly: downsampling test. 
	Identification of contaminant scaffolds. 
	SAGs assemblies compared to the reference genome. 
	Assessing the utility of SAGs for phylogenomic analysis. 
	Gene annotation in single-cell genomics. 

	Discussion
	Conclusions
	Methods
	Cell collection and whole genome amplification. 
	Library preparation and genome sequencing. 
	Assembly and read mapping to the reference genome. 
	Scaffold mapping to the reference genome. 
	Contamination screening. 
	Average nucleotide identity calculations. 
	Analysis of local genomic rearrangements. 
	Phylogenetic analysis. 
	Gene annotation. 
	Data availability. 

	Acknowledgements
	Figure 1 SAGs read mapping and downsampling analysis.
	Figure 2 Assembly statistics.
	Figure 3 Scaffold mapping to reference genome and gene recovery.
	Figure 4 Phylogenetic placement of each SAGs.
	Figure 5 Gene annotations.




