










(Fig. 2A right). The ecological structure of microbial communities (in terms of richness of species and diversity)
imposes a major intrinsic limitation to the capacity of microbiome analyses, as shown by the loss of over 80% of the
species in virtualomes with low diversity (Fig.2B).

In the subsequent evaluation of microbiome analyses, we used small virtualomes (containing only 300 species)
to minimize the loss of species due to sampling. We began by examining the ability of microbiome analyses
to identify sampled species and genera. The lack of identification occurs when the DNA sequences generated
from a given sample do not match any of the sequences stored in the databanks. In the case of amplicon analysis,
species identification is hindered by an additional factor. The region targeted by the 16S primer may be missing or
unrecognizable, which prevents the amplification of the target region. For virtualomes with high diversity, between
8% and 14% of the species were lost for this reason before performing the amplicon analysis (data not shown).

The fraction of the sampled species that are unidentified by genomic analyses was above 20% in all the studied
virtualomes and it was normally greater in analyses using incomplete databases (Fig. 2C left). As should be expected,
the database used in the analysis does not affect the number of unidentified species for those virtualomes with all
their species represented in the restricted databases (as shown by the disposition of open circles along the diagonal
in Fig. 2C). The scenarios with more species absent from the incomplete databases lie above the diagonal, meaning
that the lack of genomic information increases the fraction of unidentified species. In extreme cases (i.e. some of the
virtualomes with 75% of the species absent from databanks), none of the sampled species were identified in the
analysis. The percentage of unidentified genera was more heterogeneous than that of species, varying between 0%
and 80% in the studied virtualomes (Fig. 2C right).

Unexpectedly, the incompleteness of genomic databanks also led to a sharp increase in the detection of false
positives (percentage of detected species or genera detected that are not present in the original virtualome). Fig.
2D shows that most of the analyses yielded high fractions of false positives (both at the species and genus levels)
even when they were performed using the complete databank. This situation dramatically worsened for virtualomes
containing new species (corresponding to analyses with incomplete databases), in which false positives may represent
more than half of the identified species and genera (Fig. 2D). Remarkably, the incompleteness of the databanks
affected the analyses of virtualomes even when the 100% of their species were represented in the incomplete
databases (the open dots do not lie in the diagonal in Fig. 2D).

We next analyzed the ability of genomic analysis to detect true positives (percentage of the species and genera of
the virtualome successfully identified in genomic analyses). This percentage was below 50% in all the virtualomes at
the species level (Fig. 2E). As should be expected, the detection of true positives increased when larger fractions of
the virtualome species were included in the genomic databases used in the analysis. At the genus level, the detection
of true positives was highly variable, ranging from around 10% to 100% in the studied virtualomes.

Genomic analyses of virtualomes provided very poor estimates of the abundance of species and genera. The
differences between the actual abundance in the virtualome and that observed by the analyses spanned several orders
of magnitude (Fig. 2F). Remarkably, the results of this analysis were worse at the genus than at the species level,
contrary to the characterization of unidentified, true positives, and false positives.

In view of their inability to accurately estimate the abundance of species and genera, it was not surprising that
genomic analyses normally failed to detect changes in that abundance. We measured the success of the analyses to
identify trends (i.e. increases or decreases in the abundance of species and genera), regardless of their magnitude.
When incomplete databases were used in the analysis, most of the observed trends were spurious, i.e. they did not
correspond to actual changes in species abundance in the virtualomes (Fig. 2G). Using complete databases greatly
reduced the detection of false trends. In any case, less than half of the actual changes in abundance taking place in
the virtualomes were detected by genomic analyses. The detection of both actual and spurious trends was greater at
the genus level (Fig. 2G).

2.3 Overlap between 16S and WGS analysis of virtualomes

To study the differences and similitudes between 16S and WGS analyses, we began by comparing their results
when applied to the characterization of the same virtualomes. As a general rule, WGS outperformed 16S in the
identification of true positives but 16S analyses detected fewer false positives (Supp. Fig. S1). Owing to the
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problems derived from the use of 16S primers discussed above, the fractions of unidentified species and genera were
greater for amplicon than for WGS analyses (Supp. Fig. S1).

The overlap between 16S and WGS at the species level was below 50% in all the studied virtualomes. In the
analyses with less species present in the incomplete databases, this overlap did not reach 10% (Fig. 3A). The
coincidence between the results of 16S and WGS greatly increased with the amount of information available in
the genomic databases. In contrast, using more reads in the analysis did not lead to better 16S-WGS fits (Fig. 3B).
Unexpectedly, most of the species simultaneously detected by 16S and WGS using incomplete databases were false
positives (Fig. 3C). Similar behaviors were observed in the analyses at the genus level (Figs. 3D-F).

These results show that the simultaneous detection of a species or genus by 16S and WGS does not provide
additional information about its presence in the virtualome. The list of species and genera found in the intersection
between both analyses does not characterize virtualomes more accurately than those found separately by each
analysis.

Interestingly, each technique proved capable of identifying species and genera that could not be found by the
other (Supp. Fig. S2.A). In this regard, the number of true positives detected exclusively by WGS was normally
greater than those obtained only by 16S (Supp. Fig. S2.B). Still, some species and genera identified by 16S were
not detected in WGS analysis. The number of true positives detected only by WGS was greater in analyses with
incomplete databases. However, WGS also found more false positives than 16S, an effect that was more pronounced
when incomplete databases were used in the analysis (Supp. Fig. S2.B).
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Figure 3. Overlap between 16S and WGS analyses of virtualomes. A) Percentage of the species detected by
either 16S or WGS that are simultaneously detected by both techniques. B) Effect of the number of reads on the
overlap between 16S and WGS. C) Percentage of the species simultaneously detected by 16S and WGS that are not
originally present in the virtualome. D-F) Same as A-C for analyses at the genus level. Remark that all the open dots
lie at the origin in F. (Open dots: 100% of the species or genera of the virtualome are in the databases; Red dots:
50% of species or genera in DBs; Black dots: 25% of species or genera in DBs. Dashed lines: x = y.)
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Altogether, our results point to a very limited ability of amplicon and WGS to accurately characterize virtualomes,
a conclusion that can be extrapolated to the study of real-world microbial communities. Since it is obviously
impossible to know a priori if a given microbiome is underrepresented in the databanks used in its characterization,
there is no way to judge the fraction of false positives found in the analysis, or how many of the taxa present in the
microbiome are not identified or even sampled. This entails a high degree of uncertainty in the analysis of microbial
communities, an aspect that should be explicitly taken into account in the interpretation of microbiome data. We
address this issue in the next section.

2.4 Empirical test of the virtualome predictions in the microbiome of Galleria mellonella.

To test the predictions of the virtualome models, the microbiome of Galleria mellonella larvae fed with a control
diet or with polyethylene was investigated using amplicon and WGS. Sixty-eight 16S samples were produced from
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Figure 4. Overlap between 16S and WGS analyses of the microbiome of Galleria mellonella larvae. A)
Barplot showing the percentage of reads classified in the observed Phyla with 16S and WGS respectively in three
tissues of G. mellonella (A: anterior part; G: gut; S: silk gland). B) Barplot showing the percentage of reads
classified in the observed genera with 16S and WGS respectively in three tissues of G. mellonella (A: anterior part;
G: gut; S: silk gland). C) Venn Diagrams showing the overlap between 16S and WGS. Upper: overlap of the
identified phyla; Lower: overlap of the identified genera. D) Overlap of the genera showing significant differences in
abundance between treated and control samples across the gut, anterior part, and salivary glands. E) Scatterplots
showing the correlation between log2 fold changes of genera simultaneously detected by WGS and 16S in the
anterior part (left), gut (medium), and salivary glands (left) from treated animals with respect to controls. Pearson
correlation coefficient (R) and its significance (p) is reported for each plot. F) Coincidences and discrepancies
between changes in abundance detected by 16S and WGS in the anterior part, gut, and silk glands of treated animals
with respect to controls.
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three tissues, namely Anterior Part (AP), Gut and Silk Glands (SG), control and experimental (11 samples per
tissues, plus two more samples for the AP control) producing a total of 22,548,048 MiSeq paired-end 300 bp reads
(Supplementary Table ST1). About 50% of the total amount of reads could be classified at Phylum level, with
Proteobacteria (52.16% of the reads), Firmicutes (22.97%), and Actinobacteria (15.82%) being the most abundant
Phyla, on average (Fig. 4A). On the other hand, about 42% of the reads could be classified at genus level with
Pseudomonas (22.92%), Enterococcus (13.70%), Staphylococcus (6.75%), Serratia (6.73%), and Acinetobacter
(4.84%) being the most abundant, on average (Fig. 4B).

Thirteen samples were also processed with a WGS approach producing a total of 734,523,154 paired-end 150 bp
reads (Supplementary Table ST2). After removing the reads that mapped on the G. mellonella reference genome,
only 221,217 (0.06%) pairs could be classified at Phylum level with Proteobacteria (22.84%), Arthropoda (17.05%),
Ascomycota (12.63%), Basidiomycota (9.33%), and Firmicutes (8.19%) being the most abundant, on average (Fig.
4A). The presence of Arthropoda suggests that some contamination from the host was still present. At the genus level,
a total of 146,444 (0.03%) pairs could be classified, with the most abundant being Heterobasidion (Basidiomycota,
12.64%), Afipia (Proteobacteria, 12.38%), Treponema (Spirochaetes, 10.25%), Parastagonospora (Ascomycota,
10.20%), and Enterococcus (Firmicutes, 6.53%), on average (Fig. 4B).

As a next step, we compared the results of both sequencing strategies, taking into account that the data was
produced from the same samples. For this comparison, we only considered the taxa with a median abundance higher
than 1%. At the phylum level, we observed that only 50% of the phyla detected by 16S could be also identified
with the WGS strategy. In addition, the WGS approach detected 6 phyla that were not found by the 16S approach.
Considering the total amount of 10 detected phyla, only 2 (20%) could be detected by both methods (Fig. 4C). At
the genus level, about 35% of the genera detected by 16S sequencing could also be identified by WGS. Considering
the total amount of 496 detected genera, only 66 (13.3%) were simultaneously detected by both methods (Fig. 4C).

We then performed differential abundance analysis using 16S and WGS data to detect genera whose abundance
was affected by the diet. Each tissue was analyzed separately (Supplementary Tables ST1 and ST2) and gut samples
always contained the majority of differential genera. Considering all the tissues, 38 and 22 genera were found to
show significant (FDR  0.05) differences in abundance with 16S and WGS respectively. Strikingly, none of these
differential changes was simultaneously detected by both techniques (Fig. 4D).

Even if there was no overlap among significant results, we decided to compare the fold changes detected for
common genera between WGS and 16S in order to assess whether the magnitude of change was detected in the same
way by the different methods (Fig. 4E). Pearson Correlation of the log2 fold changes in the three tissues ranged
from 0.13 to 0.27 between WGS and 16S. Focusing on the trend of the changes (i.e. increase or decrease) without
considering their magnitude gave similar results (Fig. 4F), with both techniques detecting opposite trends in about
half of the cases. The discrepancy between 16S and WGS is even more pronounced for genera showing significant
changes in abundance, since the genera found to be significant are not even the same in both cases. Overall, these
results point to the fact that we observed a poor agreement in terms of changes in abundance between WGS and
amplicon sequencing methods.

3 Discussion

In this work, we formulate a computational framework to evaluate the performance of metagenomic analyses based
on the generation of virtualomes, virtual microbiomes that simulate real bacterial communities. Using this approach,
we identified critical limitations in the capability of currently available technologies to characterize microbiomes.
The constrains found within the virtualome framework predicted a poor overlap between WGS and amplicon in the
analysis of real-world microbiomes underrepresented in genomic databases. This prediction was confirmed by the
discrepancies between both methods in the characterization of the bacteria found in G. mellonella larvae.

Some of the limitations of microbiome analysis result from intrinsic features of microbial populations (e.g.
the loss of species due to sampling is greater in highly diverse communities). These limitations, imposed by the
ecological structure of microbial populations, have been discussed elsewhere [36]. Other constraints arise from the
lack of genomic information in the databanks used in metagenomic studies. It is trivial that 16S and WGS analyses
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cannot detect species that are not represented in genomic databases. Unexpected, however, is that the incompleteness
of the available information also leads to an increase in the detection of false positives, which may severely distort
the identification of the species present in a microbiome.

It seems natural to assume that applying 16S and WGS methods to characterize the same microbial community
should increase the accuracy of the analysis. Intuitively, the detection of the same species by both techniques
could be interpreted as the confirmation of its presence in the microbiome. However, our results suggest that this
assumption is misleading, since the observed overlap between the results of 16S and WGS can consist mostly of false
positives. This result agrees with the poor overlap between 16S and WGS observed in previous studies [33, 34, 45],
which, accordingly, could be explained as emerging from the combined effect of the limitations derived from the
ecological structure of the microbiome and the insufficiency of the genomic information used in the analyses.

As could be expected, better results can be obtained working at the genus levels, both in terms of microbiome
characterization and overlap between 16S and WGS. However, the accuracy of the analyses is still highly dependent
on the amount of information present in the databases.

All these limitations critically constrain the successful identification of the bacteria present in different commu-
nities. Importantly, they also hinder the detection of the changes in microbial communities induced by external or
internal factors. Our results reveal that many of the trends identified at the species level can be spurious. Again,
trend detection improves when working at the genus level, but a significant gap still exists between observed and real
changes in abundance. This calls into question the approach of studies claiming to find bacteria that proliferate or de-
cline after certain treatments [18, 20, 23, 26–28]. We confirmed this point by studying the microbiome of plastic-fed
and control G. mellonella larvae. Strikingly, the bacterial genera showing significant changes in abundance in hosts
under a diet of plastic were totally different when observed by WGS or amplicon methods. This result questions the
widespread experimental strategy of inducing changes in bacterial abundance to detect microorganisms with specific
metabolic potentials.

Our results also confirm the utility of the virtualome as a powerful theoretical framework to scrutinize the
performance of different techniques of microbiome analysis. The shortcomings of genomic analysis identified
within this framework can be addressed in several ways: 1) by working at higher taxonomic levels whenever this is
possible. This solution may be insufficient though if further taxonomic precision is needed; 2) continue to accumulate
information in genomic databases. This is a fundamental aspect, as the lack of data leads to worse results in terms
of characterization and detection of changes in abundance; 3) one must be cautious when interpreting data from
metagenomic studies. As has been shown, owing to the limitations inherent to these techniques, their results should
not be taken as totally reliable or conclusive.

The ever-growing interest in microbiomes and their potential applications is very much dependent on the
reliability, richness, and completeness of the databanks available for their accurate description. If microbiome
data are to be useful in an effective and reproducible manner, the effort in the field must be channeled towards
significantly increasing the amount of available genomic information.

4 Methods

4.1 Generation of virtualomes

Virtualomes were created with a fixed number of species (300). The process of generating abundance matrices
was automated by means of an algorithm that takes as input the relevant parameters of the problem (i.e. the
number of populations and species and the shape parameters of the distributions, labelled as params) and outputs an
abundance matrix (labelled as abundances) that complies with the macroecological laws followed by real-world
microbial populations (as defined in [36]). A simplified pseudocode of the algorithm is shown below. The resulting
distributions were tested using the Kolmogorov-Smirnov test for goodness of fit.

4.2 Genetic composition of virtualomes

The species of virtualomes were chosen from eight families: Clostridiaceae, Flavobacteriaceae, Enterococcaceae,
Pseudomonadaceae, Acetobacteraceae, Lactobacillaceae, Enterobacteriaceae and Streptococcaceae. Virtualome
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Algorithm 1 Generation of the ecological structure of the virtualomes
1: procedure ECOLOGYGENERATION(nCommunities,nSpecies,mu,sigma,shape,scale)
2: MADvector randomLognormal(nSpecies,mu,sigma)
3: abundances generateAbundances(MADvector, params)
4: r value testTaylorsLaw(MADvector,abundances) . Continue if correlation coefficient between mean

and variance � 0.95
5: testDistributions(abundances) . Test lognormal and gamma distributions for SAD and AFD respectively
6: return MADvector,abundances,r value,

species are grouped into genera and genera are grouped into families using lognormal distributions. This means that
the number of genera in each family and the number of species in each genus follow lognormal distributions.

To generate the complete databank, 16S sequences from all prokaryotes and genome sequences were downloaded
on February 2021 and April 2020 from NCBI Nucleotide, respectively (see Supplementary Data 1). To simulate the
lack of information in genomic databases, we created incomplete databases by removing taxonomic information
from this databank. We created three different databanks (see Supplementary Data 1):

1. Deleting half of the families (Incomplete database DB1).

2. Deleting half of the genera (Incomplete database DB2).

3. Deleting half of the species (Incomplete database DB3).

To simulate the lack of information in the databanks about the species present in the virtualomes, we created
three scenarios (Supplementary Data 2-4):

1. 100% scenario: All the genomic information of the virtualomes are present in the incomplete database.

2. 50% scenario: Only half of the genomic information of the virtualomes are present in the incomplete databases.

3. 25% scenario: Only a quarter of the genomic information of the virtualome are present in the database.

We remark that all the species in the virtualomes are present in the complete database. For scenarios 2 and 3,
we selected 50% and 75% of the taxonomical information from scenario 100% and replaced it with information
that was not in the corresponding database, taking into account the restrictions exposed in 2.5. For the scenarios
with 50% and 25% of the species present in the databases, there are several ways to remove families. In the case of
removing families, the choice was made to remove those families that grouped an abundance of around 50% in the
first case and 25% in the second (as close as possible within the restrictions exposed in 2.5). Therefore, the 50%
scenario gives rise to two scenarios (A and B) and the 25% scenario to four (A, B, C and D). Full information on the
taxonomic composition of each scenario can be found in Supplementary Data 2-4.

4.3 Bioinformatic analysis of virtualomes

The number of reads corresponding to each species was proportional to its abundance in each virtualome. We
considered two scenarios regarding the total number of reads: high number of reads (100,000 for 16S and 60,000 for
WGS) and low number of reads (50,000 for 16S and 20,000 for WGS). The generation of reads was done with the
program Grinder [46] with the following parameters:

#16S r e a d s
g r i n d e r � r e f e r e n c e f i l e m i c r o b 1 6 S s e q / $name . f a s t a � f o r w a r d r e v e r s e

p r i m e r 1 6 v 2 . f a s t a � t o t a l r e a d s $ a b u n d a n c e T o t a l � r e a d d i s t 300 �
i n s e r t d i s t 550 normal 55 �u n i d i r e c t i o n a l 1 � l e n g t h b i a s 0 �
m u t a t i o n d i s t po ly4 �fq 1 �q u a l l e v e l s 30 10 �base name $name �o u t p u t d i r

. / r e a d s 1 6 S
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#WGS r e a d s
g r i n d e r � r e f e r e n c e f i l e microb WGS seq / $name . f a s t a � t o t a l r e a d s

$ a b u n d a n c e T o t a l � r e a d d i s t 150 � i n s e r t d i s t 400 normal 40 �
u n i d i r e c t i o n a l 0 � l e n g t h b i a s 0 �m u t a t i o n d i s t po ly4 �fq 1 �q u a l l e v e l s
30 10 �base name $name �o u t p u t d i r . / readsWGS

Listing 1. Grinder commands for reads generation.

Reference files (reference file) store all existing sequences for each species in the complete database. In this way,
reads are generated for all the species avoiding any bias in the choice of a particular sequence. total reads refers
to the number of reads needed for each species. These reads were analysed by GAIA [47] using the complete and
incomplete databases.

For amplicon, the length of reads (read dist) was set at 300 base pairs (bp), with an overlap of 50 bp (insert dist
of 550 bp). For WGS the length of the reads was 150 bp and insert dist of 400 bp. We used unidirectional reads
(from one strand only) for amplicon and bidirectionally for WGS, as recommended by Grinder documentation
(https://sourceforge.net/projects/biogrinder/).

In addition, we introduced sequencing errors in the reads (mutation dist), under the form of mutations (substitu-
tions, insertions and deletions) at positions that follow a 4th degree polynomial, simulating Illumina errors [48]. The
quality of the reads (qual levels) varies from good (30) to bad (10), for reads with insertions or substitutions. We
tried to avoid length bias (i.e. greater contribution of reads from larger genomes) by setting length bias to 0.

Primers used for the amplification of the V3V4 region in amplicon (parameter forward reverse) were:

>V3V4F:34

CCTACGGGNGGCWGCAG

>V3V4R:34

GGACTACHVGGGTATCTAATCC

These primers have been shown to be efficient for 16S analysis [49]. However, these sequences were not able to
amplify the desired region in a non-negligible percentage of the species. For this reason, a lower number of reads
than expected was obtained in some in silico amplifications. To reach the desired number of reads, the remaining
percentage of abundance was distributed according to the abundance distribution. Metagenomic analysis of the
samples was done with GAIA [47], which allows to obtain a comprehensive and detailed overview at any taxonomic
level of microbiomes in an accurate and easy way.

4.4 Analysis of the microbiome of Galleria mellonella larvae

Galleria mellonella larvae were maintained in an incubator at 28�C in the dark, and fed with beeswax from beehives.
For the experimental samples, G. mellonella larvae from the last larval stage (150-200mg) were kept in the

presence of commercial plastic films only, during 4 to 6 days. For tissue extraction, live larvae were washed with
70% ethanol and rinsed with sterile water. Dissections were performed using sterilized microsurgery tools. DNA
extraction was performed using the Quick-DNATM Tissue/Insect Miniprep Kit (Zymogen Research, Cat. No.
D6016). Control larvae fed with beeswax from beehives were treated in the same way.

Amplicon sequencing was perfomed using the V3V4 primers described above to generate 16S Illumina libraries
which were then sequenced with a MiSeq producing 300 bp paired-end reads. The same DNA was also used to
generate TruSeq PCR-Free DNA libraries to perform whole metagenome sequencing (WGS) with an Illumina
Novaseq 6000 producing 150 bp paired-end reads. Both the 16S amplicon sequencing data and the WGS data
was processed with the following approach: first, the quality of the reads was assessed with the software FastQC
(https://www.bioinformatics.babraham.ac.uk/projects/fastqc/), then low quality bases and adapters were removed
with the software Trimmomatic (http://www.usadellab.org/cms/?page=trimmomatic); minimum quality 25 and
minimum length 35 bp). Amplicon data was analyzed with the software GAIA as described above. WGS data
was first mapped against the G. mellonella reference genome (ASM258982v1) using the software minimap2
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(https://github.com/lh3/minimap2) to remove the contamination from the host. Unmapped reads were extracted with
samtools (http://www.htslib.org/) and then processed with GAIA to perform the taxonomic classification. Differential
abundance analyses were performed with edgeR (https://bioconductor.org/packages/release/bioc/html/edgeR.html)
applying the TMM normalization to the abundance matrix of the OTUs. The results of the amplicon and WGS
analysis of the microbiome of G. mellonella can be found in Supplementary Data 5 and 6 respectively. Supplementary
Data 7 and 8 show the taxa whose abundance changes significantly in larvae fed with plastic in 16S and WGS
analysis respectively.
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