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Evolution shapes and conserves genomic
signatures in viruses
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Peter Norberg 1

The genomic signature of an organism captures the characteristics of repeated oligonucleotide
patterns in its genome 1, such as oligomer frequencies, GC content, and differences in codon usage.
Viruses, however, are obligate intracellular parasites that are dependent on their host cells for
replication, and information about genomic signatures in viruses has hitherto been sparse.
Here, we investigate the presence and specificity of genomic signatures in 2,768 eukaryotic viral
species from 105 viral families, aiming to illuminate dependencies and selective pressures in viral
genome evolution. We demonstrate that most viruses have highly specific genomic signatures that
often also differ significantly between species within the same family. The species-specificity is most
prominent among dsDNA viruses and viruses with large genomes. We also reveal consistent
dissimilarities between viral genomic signatures and those of their host cells, although some viruses
present slight similarities, which may be explained by genetic adaptation to their native hosts. Our
results suggest that significant evolutionary selection pressures act upon viral genomes to shape and
preserve their genomic signatures, whichmay have implications for the field of synthetic biology in the
construction of live attenuated vaccines and viral vectors.

Genomes of organisms are shaped by the evolutionary interplay of selective
forces and genetic drift. In addition to mutations leading to structural and
functional changes of encoded proteins, that may be selected for or against,
selection pressures also act on characteristics of the genome itself. More
specifically, it has been demonstrated thatmany organisms have imprints of
unique patterns in the arrangement and distribution of oligonucleotides
within their genomes, referred to as the genomic signature1. These sig-
natures typically remain conserved within species, reflecting the diverse
selection pressures influencing their evolution. However, these selection
pressures usually differ between species because of differences in intracel-
lular environments and the cell-specific genetic machinery used, e.g., for
maintaining, replicating, and reading the genome. Therefore, the genomic
signatures typically differ between organisms. While initial studies on
genomic signatureswere often based ondifferences inGCcontent, this does
not fully capture the specificity2. It has further been demonstrated that the
genomic signature in a specific organism is visible in oligomer frequencies,
nucleotide dependencies3, differences in codon usage, and codon-pair bias4.
One approach for analyzing genomic signatures is, therefore, to examine the
frequency of oligonucleotides, so-called k-mers, which has been used to
demonstrate that the genomic characteristics differ between animals5,

different types of bacteria6, and plasmids7. Based on the differences of
genomic signatures among species, analysis of these is nowwidely used in a
wide array of applications as an alignment-free method in comparative
biology, without the need for traditional sequence alignment, as reviewed in
refs. 8,9.

In contrast to cellular organisms, viruses are small infectious, intra-
cellular parasites that infect all living organisms. Furthermore, viruses
cannot replicate by themselves, and they thus utilize parts of the host cell’s
genetic machinery for replication and expression of their genetic material.
Based on presumed selection pressures imposed by the host cell’s intracel-
lular environment and genetic machinery, viruses have been believed to
mutate and adapt their genomes to increase viability in their respective host.
Such host adaptation has, for example, been suggested for members of the
Flaviviridae family10 and for some bacteriophages that present similar GC
content and codon usages to their hosts11. In addition, pairs of codons have
been shown to deviate from their expected values basedon individual codon
frequencies assuming independence, possibly influencing the translation
efficiency of genes12. By performing genome-scale changes in the codon pair
bias in poliovirus, it was possible to attenuate the virus in mice while pro-
viding protective immunity4. Using a similar approach, it was possible to
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attenuate a human respiratory syncytial virus13 and the Influenza virus
strain A/PR/8/3414. It was also demonstrated that replication of HIV in cell
culture could be reduced by altering the codon-pair bias in the viral
genome15.

The underlying mechanisms of attenuation by de-optimizing the
codon-pair bias have, however, been debated. Subsequent studies proposed
that the attenuation observed after de-optimization of the codon-pair bias
was instead a direct consequence of changes in the dinucleotide
composition16. It was also demonstrated that the codon-pair and di-
nucleotide biases are onlymarginally similar to that of their native host cells16,
suggesting that different selection pressures may act on viral and host gen-
omes. Genomic signatures capture all these features while including several
additional traits, which may allow for a more detailed analysis of genomes to
identify differences in selection pressures acting on viral species, meaningful
comparison of genomes, and identification of genomic viral-host adaptation.

The aim of the present study was therefore to analyze genomic sig-
natures in the genomes of a large number of viral species to map the
presence and specificity of their genomic signatures. We included the
complete genome sequences of 2768 eukaryotic viruses from 105 different
viral families in the analysis. Our results demonstrate thatmost viruses have
highly specific genomic signatures. We further demonstrate that these sig-
natures are conserved among the members of some viral families, while in
other families the members present vastly distinct signatures. Most viral
genomic signatures are also different from those of their respective hosts.
We suggest that evolutionary selection pressures, primarily imposed by the
viruses themselves, act on viral genomes to shape and preserve their
genomic signatures.

Results
Genomic signatures in viral genomes
To investigate the degree of conservation of genomic signatures in viruses,
we analyzed the complete genome sequences of 2768 viral species from 105
families. We applied established methods for the analysis of k-mer fre-
quencies using variable-length Markov chains (VLMCs)6,17,18. These
VLMCsaregeneralizationsofmodels containing frequencies offixed-length
substrings commonly present in a certain genome, as explained in Fig. 1.
Note that every such model counting substrings of fixed length is a VLMC.
The converse is not true as VLMC not only adapts the depth of the tree
representing the model to the statistics of the genome during training, but
does so branch-by-branch. The motivation is to balance power—large k
whenever frequent (k-1)-mer prefixes in a genome allow to reliably estimate
probabilities of A, C, G, T following the same (k-1)-mer prefix—and
robustness by only allowing large k if the counts for the prefix are sufficiently
large. In practice, a maximal k is prescribed for VLMC. The final choice
however, and whether that depth applies to all or some prefixes, is always
automatically inferred from the genome sequence.

To avoid possible bias caused by repeat regions, all genomes were
trimmed using DustMasker for removal of low complexity regions prior to
any analysis. For viruses with segmented genomes, each segment was
analyzed separately, totaling 4273 viral sequences. We divided each
sequence into two parts: the first 30% termed query and the last 70% termed
profile. Then, we compared the genomic signature in each query to the
signatures in all profiles. If a query signature was most similar to its own
profile signature, we considered it a conserved species-specific genomic
signature, distinguishable from the signatures of all other viruses. For

Fig. 1 | Variable-length Markov chains (VLMC) are generalizations of models
relying on frequencies of fixed-length substrings such as individual. A di- or tri-
nucleotides, codons, di-codons or, generally, k-mers. B Depicts a VLMC in which

probabilities are assigned either to di-nucleotides starting with G or individual
nucleotides not following a G. C–E Demonstrate the intrinsic balance learned
during the training.
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segmented viruses, a match to any segment profile of the same species was
also considered species-specific. Although a certain virus has a conserved
genomic signature, this signature might in some cases be highly similar to
the signatures in other members of the same genus or family. Reasons for
this could be either homologous genomes, and thus also similar signatures,
or similar selection pressures acting on these viruses. The signature in the
query sequence of that virus can therefore, in such cases, not be dis-
tinguished from the signature of the profile sequences of other viruses in the
same genus or family. To highlight that these viruses present conserved
genomic signatures, but that they are indistinguishable between other
members in the same genus or family, we choose to call these signatures
genus- or family-specific depending on the match. Consequently, if a query
signature matched a profile signature of a different viral species in the same
genus or family, we classified it as genus- or family-specific, respectively.

Our results show that viral genomic signatures are highly spe-
cific, often at the species level. To first explore the influence of
genome size, we examined viral genomes of different sizes; ≤5000,
5000–9999, 10,000–19,999, 20,000–49,999, and ≥50,000 nucleotides
(nt). Species-specificity was most prominent in viruses with large
genomes, gradually decreasing with genome size (Fig. 2a). More
specifically, 78% of all viruses with genomes longer or equal to
50,000 nt presented species-specific genomic signatures, distinct from
other viruses from the same or different viral families, regardless of
genome length. Among the remaining 22%, most had genus- (15%)
or family-specific (1%) signatures. Only 6% of these didn’t match any
signature from the same family.

Viruses with genomes ranging from 20,000 to 49,999 nt presented
similar results, although with fewer viruses with species- (45%) and more

Fig. 2 |Analysis of genomic signatures in viral genomes. a Signature specificity was
determined for viruses with genomes of different lengths. The proportional speci-
ficity is color-coded and represented in circle charts for respective genome length.

b The signature specificity was further determined for viruses with genomes longer
than 10,000 nt from different Baltimore classes and taxonomic families.
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with genus- or family-specific signatures (38% and 4%, respectively). In
contrast, 13% of these viruses had genomes where the query did not match
any profile signature from the same family.

For viruses with genomes between 10,000 and 19,999, and
5000–9999 nt, 22% and 16% had species-specific, 31% and 29% genus-
specific, and 12% and 14% family-specific signatures. In these groups, 34%
and 41% of the viruses presented genomes where the query did not match
any signature from the same family.

Lastly, for viruses with genomes under 5000 nt, 9% presented species-
specific, 19% genus-specific, and 9% family-specific genomic signatures. In
contrast, for 62%of these viruses, we foundnomatchbetween the query and
any profile within the same family.

To evaluate the statistical robustness of our results, we applied a
simulation approach where we randomly paired queries and profiles and
compared the number of matches with our results using a Bonferroni-
corrected two-tailed t-test. This test demonstrated significant results for all
size groups (p = 3.6 × 10−12, 3.1 × 10−15, 5.8 × 10−13, 2.9 × 10−13, 1.4 × 10−14

for the family-specificity per category in order of increasing sequence length,
with even lower p values for the genus- and species-specific matches, Sup-
plementary Fig. 1).

Impact of sequence length
Our analysis of genomic signatures relies on repetitive nucleotide patterns,
which implies that a higher specificity is typically achievable in longer
sequences due to a higher prevalence of each repeated k-mer. As a con-
sequence, the lower frequencies of detectable genomic signatures in viruses
with shorter genomes presented here may be derived from a methodolo-
gical bias.

We therefore tested if the lower detection of genomic signatures in
shorter genomes could be attributed to a methodological bias, or to less
prominent signatures. We randomly extracted subsequences of 5000,
10,000, and 20,000 nt from the largest genomes (>50,000 nt) in our dataset.
We then analyzed these subsequence segments for species-, genus-, and
family-specific genomic signatures and compared the results toourprevious
findings of similar subsequence length (Fig. 2a). To minimize the impact of
subsequence location in the genome, this process was repeated 100 times,
and the results were summarized.

With 5000 nt subsequences, species-specificity dropped from 78% to
an average of 42% (Fig. 3a). Still, it’s notably higher than the 22% seen in
viruses with genomes between 5000 nt and 9999 nt. Likewise, genus-
and family-specificity decreased from 91% and 94% to 53% and 66%
(Fig. 3b, c), but still more accurate than viruses of similar length. This trend
held for 10,000 nt and 20,000 nt subsequences, affirming the correlation
between larger genomes and increased genomic signature specificity in
viruses.

Impact of k-mer length
Here, we use a variable lengthMarkovmodel to analyze genomic signatures
where we state a maximum k-mer length. Previous studies on procaryotes
have indicated that the predictive accuracy increases with k-mer size.
However, the increase appears to be logarithmic, where an increased size
from two to four nucleotides significantly increases the accuracy, while an
increase from five to six, or six to eight nucleotides only marginally
improved the results6,19. A similar study demonstrated that the accuracy of
classification was good already using k-mers of three nucleotides, while
longerk-mers offivenucleotides improved the results20. Similarly, in a study
using genomic signatures for phylogenetic studies, the authors found an
improvementwitha k-mer length between two andfivenucleotides, while it
remained stable with increased length. Itwas subsequently concluded that a
k-mer of length six nucleotides presented a good trade-off between
sequence size and k-mer length, which were chosen for further studies21.

To investigate to which extent the maximum k-mer length affects our
results on viral genomes, we repeated the analysis of all viral genomes using
maximum k-mer lengths of one to seven nucleotides. Our results show that
the optimal max length is not necessarily as large as possible but varies
depending on genome length. While the genomic signature in viruses with
short genomes was better analyzed with a max length of six or seven
nucleotides, a shorter max length presented more accurate hits on species,
genus, and family levels for viruses with larger genomes (Fig. 4). For sim-
plicity and consistency, we decided to apply a maximum length of six
nucleotides in all our analysis, which we consider a proper balance between
computational time and accuracy.

Families and Baltimore classes
To examine the variation in signature specificity among different viral
families and Baltimore classes, we performed a new analysis on the 811 viral
genome sequences exceeding 10,000 nt to avoid possible bias caused by
analyzing short genomes.

We observed more than 50% species-specific and over 75% genus-
specific genomic signatures for these viruses (Fig. 2b). However, differences
existed among Baltimore classes and families. In Baltimore class I (dsDNA
viruses), the majority, especially in Baculoviridae and Herpesviridae, pre-
sented species-specific genomic signatures (Fig. 2b). Baltimore class IV ((+)
ssRNA viruses) generally displayed high specificity, although slightly lower
at the species level. For instance, in Coronaviridae, 53% presented species-,
40% genus-, and 7% family-specific genomic signatures. The lowest speci-
ficity was found in Baltimore class V ((-)ssRNA viruses). For example,
Paramyxoviridae and Rhabdoviridae, the two largest families, only pre-
sented 6% and 19% species-specific genomic signatures, respectively.
Nevertheless, most (-)ssRNA viruses, including those in Paramyxoviridae
and Rhabdoviridae, exhibited at least family-level specificity.

Fig. 3 | Evaluation of methodological bias related to sequence length. The
genomic signatures of subsequences from viruses with genomes longer than
50,000 nt were compared to those of viruses with genomes of the corresponding
sequence lengths. The analysis demonstrates that the (a) species-, (b) genus-, and (c)
family-specificity for subsequences of 5000 nt (yellow), 10,000 nt (light purple),

and 20,000 nt (light blue) from the sampled viruses have, on average, a higher
fraction of specific signatures. Our results suggest that larger genomes tend to
have more significant genomic signatures than smaller genomes, although there
is also a methodological bias. The 95% confidence intervals are depicted as
horizontal bars.
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A limited number of Retroviridae family members exceed 10,000 nt
andwere included from the ssRNA-RTviruses (Baltimore classVI).Among
them, 75% showed species-specific, 15% genus-specific, and 5% family-
specific genomic signatures.Only 5%of the viruses from this Baltimore class
did not present a detectable genomic signature.

In dsDNA-RT (Baltimore class VII), only one virus exceeds 10,000 nt
—theCacao swollen shoot virus in theCaulimoviridae family, which had no
discernible species-specific genomic signature.

We assessed the statistical significance of species, genus, and
family-specific signatures for Baltimore classes, using the same sta-
tistical test as for the size groups (Supplementary Table 1). Except for

Solemoviridae (p = 0.18), Nanoviridae (p = 0.43), and Marnaviridae
(p = 1), all viral families demonstrated statistically significant frac-
tions of their members with either species-, genus-, or family-specific
signatures as compared to the random model (p < 0.05, Bonferroni
corrected).

Variation within genomes
To analyze intra-genomic variations in signature conservation in viral
genomes longer than 10,000 nt, we applied a sliding window approach. The
window size ranged from 50 nt to 10,000 nt, or at most one-third of the
genome length.

Fig. 4 | Impact of k-mer max length. The genomic signatures of viral genomes of different lengths were analyzed using seven different k-mer max lengths (y-axis). Our
results demonstrate that the optimal k-mer max length differ for viruses with different genome sizes.

Fig. 5 | Genomic signatures across genomes. a1–f1 We randomly selected six
viruses that we had classified as containing family-, genus-, or species-specific
genomic signatures, respectively, and applied a sliding window approach to analyze
the species- (light green), genus- (dark green), or family-specific (purple) signatures
in different regions in their genomes. Regions with no specificity related to the viral

family ismarked in red. a2–f2We further depicted the proportion ofwindows that is
most similar to the correct species, genus, and family for respective virus to estimate
the possibility to classify a viral sequence based on its genomic signature for different
sequence lengths. The viruses for each panel correspond to the virus with the same
letter as in (a1–f1).
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We analyzed six viral genomes: three with sequence lengths between
20,000 nt and 49,999 nt, and three exceeding 50,000 nt. Species were ran-
domly selected from viruses with species, genus, and family-specific sig-
natures within their respective length group.

Most signatures were conserved across the analyzed sequences
(Fig. 4a1–f1). For Cydia pomonella granulovirus (Fig. 4c1) and a segment
from the Chelonus inanitus bracovirus (segment proviral CiV22.5g4 gene)
(Fig. 4f1) species-specificity spannednearly their entire sequences,with only
a few non-matching regions, mainly repeat regions.

In Choristoneura rosaceana nucleopolyhedrovirus (Fig. 4b1) and Bat
mastadenovirus B (Fig. 4e1), most regions were genus-specific. Duck ata-
denovirus A (Fig. 4d1) has two distinct regions: one mostly family-specific
and the other mostly species-specific. Tupaiid betaherpesvirus 1 (Fig. 4a1)
displays regions with predominantly species- or family-specific windows.
For all viruses, windows shorter than 200 nt typically failed to match even
the correct family.

We also explored theminimum sequence length needed to identify the
species, genus, or family by analyzing genomic signatures (Fig. 5a2–f2,
SupplementaryFig. 2).Onaverage, analyzing1000 nt can classify the correct
family in 80% of viruses with genomes longer than 10,000 and the correct
genus for 70% (Supplementary Fig. 2). Identifying the correct species is
more challenging; analyzing 2000 nt can classify less than 40% of species,
although results vary by species. For example,Cydia pomonella granulovirus
(Fig. 4c2) requires just 500 nt to identify the correct species in 50% of cases,
while Bat mastadenovirus B (Fig. 4b2) can achieve accurate genus classifi-
cation at best.

Variations within and between families
To further explore how genomic signatures differ between species within
and between families, we first computed pairwise signature distances
between all viruses with genomes larger than 10,000 nt. These were then
used to create an unrooted neighbor-joining tree. This tree thus illustrates
similarities and differences in genomic signatures between viruses based on
their locations, rather than descendance from common ancestors like in a
phylogenetic tree.

Our results demonstrate that some viruses clustered according to their
familiesor genera, suchasCorona,Polydna,Toga,Flavi, andBaculo families.
However, while all viruses within individual Flaviviridae genera (Flavivirus,

Pestivirus, Pegivirus) presented similar genomic signatures, there were large
distances between the genera (Fig. 6a). Similarily, Polydnaviridae presented
conserved signatures within, but not between, genera (Bracovirus,
Ichnovirus).

While all viruses in theBaculo andCorona families, andmost viruses in
the Toga family, clustered according to their family taxonomy, the Bacu-
loviridae branch also included 15 distantly related, or unrelated, viruses.
Additionally, three Tobani family viruses had similar signatures to, and
clustered together with, viruses in the Corona family. In contrast, in some
viral families, such as the Herpesviridae, Alloherpesviridae, Malaco-
herpesviridae, Adenoviridae, and Poxviridae, the genomic signatures varied
considerably within the families and the members were dispersed
throughout the tree (Fig. 6b).

Although someviral familieswithin the sameBaltimore class presented
similar genomic signatures (Fig. 6c), multiple clusters existed of each Bal-
timore class, except for the ssRNA-RT viruses. It’s important to note,
however, that the Retroviridae family is the sole family within this class.

A high-resolution tree with detailed information is presented in Sup-
plementary Fig. 3.

Viral-host signature adaptation
As viruses partly depend on their host’s genetic machinery, they may have
adapted their genomic signatures to converge with their hosts’ signatures.
We tested this hypothesis using 2399 host genome sequences, including
putative hosts, vectors, and reservoir hosts. We computed genomic sig-
nature profiles on host coding regions and compared them to viral sig-
natures. Since many related eukaryotic species share sequence homology
and thus likely have similar signatures, we counted matches on hosts from
the same genus, family, and order as a positive match.

We found that only 45 viruses presented genomic signatures that were
most similar to those of a host of the correct species, genus, family, or order.
Six viruses had signatures similar to the signature of the correct host species,
namely one Retroviridae (Murine leukemia virus, which includes endo-
genous subspecies), three members of Potyviridae, one member of Irido-
viridae, and one Hepadnaviridae (Supplementary Table 2). Expanding the
criteria to host order revealed more matches than expected at random
(Fig. 7). For three Baltimore classes, some viral families presented significant
host-order similarity: dsDNA (Hepadnaviridae, Nudiviridae, Ascoviridae,

Fig. 6 | Clustering of viruses based on their genomic signatures.We constructed
an unrooted tree of the viruses with genomes larger than 10,000 nt, where the
distances between taxa correspond to differences in genomic signatures. a A subset
of the families, where the species of the same genera have similar signatures. b A

subset of the families, where signatures varied significantly within each family. cThe
respective Baltimore class is color-coded to illustrate their respective variation in
genomic signatures.
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Polydnaviridae, p < 3.6 × 10−10), (+)ssRNA (Mesoniviridae, Potyviridae,
Betaflexiviridae p < 0.005), (-)ssRNA (Tospoviridae p = 0.005). Plant and
insect viruses were overrepresented among viruses with matching genomic
signature to their hosts. Specifically, 19 viruses were plant viruses, 16 were
insect viruses, onevirus infects insects andmammals, twoviruses infect both
insects and plants, three infect other animals, and four fungi viruses.

Discussion
Species-specific genomic signatures
In this study,wedemonstrate thatmost viral genomescontain genome-wide
specific signatures, which are often distinct enough to allow for viral species
discrimination.Wealso show that viruseswith large genomesgenerallyhave
more specific signatures than viruses with shorter genomes, and that the
signatures are often preserved across the genomes. In addition, the different
species in some families, such as theCoronaviridae, present similar genomic
signatures, while there are significant variations in signatures between the
members in other families, such as the Herpesviridae. Finally, although
viruses in varying degrees are dependent on their hosts’ cellular genetic
machinery and environment, viral genomic signatures are typically distinct
from those of their respective target host cells. We propose that viral
genomic signatures, at least partly, result from various selection pressures
acting on viral genomes. The dissimilarity to the signatures of their
respective hosts suggests that there aredifferent selectionpressures actingon
viral and host-cellular genomic signatures.

Although the specific biological mechanisms responsible for those
selection pressures are currently not fully understood, our results suggest

that they differ between viral species and families. A deeper knowledge
about the details and differences of genomic signatures of various viral
species and families may reveal vital information about specific genetic
mechanisms and selection pressures, and this research field may thus pre-
sent an interesting avenue for further in-depth studies of genomic signatures
in viruses of certain interest.Nevertheless, various generalmechanismshave
been proposed to influence genomic signatures, that may also be applicable
for viruses. For example, the GC content of a genome is related to thermal
stability22, thus making different GC content preferable in different envir-
onments. A specific GC content invariably results in a particular set of k-
mers, which influences the genomic signature and is likely one contributing
factor to the signatures in viruses observed here. It is also well known that
many cellular genomes have a preferred set of codons for which their gene
expression machinery is optimized23,24, although some cellular genomes
present a significant degree of variation in codon usage25. Another example
codon bias and codon pair bias, which are factors that influence translation
efficiency, and folding and stability by direct effect on secondary structure of
viral RNA. Viruses have also been shown to adapt to and bemutated by the
host’s immune defense, for example, by the protein families APOBEC26,
ZAP27, and ADAR28,29. In the long-term, changes caused by avoiding the
immune systemor inducedby the immune systemmay lead to an imbalance
of the frequency of k-mers throughout a genome and thus influence the
genomic signature. Asmentioned in the introduction, however, many parts
of a genomic signature are dependent on each other. The codon-pair bias
cannot be changed without altering the di-nucleotide motifs, and neither
can the codon usage be changed without altering the GC content, etc.

Fig. 7 | Similarity analysis of genomic signatures
in viruses and their hosts.The percentage of viruses
similar to a host within the same taxonomic order as
its native host (in orange), compared to a random
model (in gray). The viruses are subdivided by their
genome composition. Viral families with sig-
nificantly more viruses similar to their hosts than
randomly expected are marked (*).
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Althoughwe noticed that theGC content seemed to be a strong contributor
to the genomic signatures, we also treated all k-mers equally, without
relation to reading frames and position in the genomes, and hence did not
distinguish between codons and “off-frame” triplets of nucleotides. We
thereforemade no further attempts to highlight the different contributors to
the genomic signatures in different viral species in the present study,
although it would be an interesting topic for future studies.

We found that less than 50% of the viruses with short genomes
(<5000 nt) presented specific genomic signatures. While we demonstrated
that this is partially a methodological bias, there may be other biological
factors that lower the signature specificity. For instance, smaller viral gen-
omes do not carry the same number of auxiliary genes that can help with
genome replication and proofreading, which may influence the genomic
signature. Additionally, in short sequences, every random mutation in the
genome has a proportionallymore prominent influence on the signature, as
any mutation changes a larger proportion of the repeated k-mers.

In addition to various selection pressures shaping and conserving viral
genomic signatures,we cannot exclude that alsonon-beneficialmechanisms
contribute. For example, in theHepatitis C virus, the replicationmachinery
typically introduces a specific set of errors throughout the genome30, and
such systematic mutations may partly modify the viral genomic signature.

Conservation across genomes
We demonstrate that the genomic signatures are typically genome-wide
conserved, which suggests that there are similar mechanisms acting
throughout genomes. There are, however, some distinct regional variations
in the signature discriminatory power, which are mostly related to repeat
regions. Repeat regions are sequences present inmultiple adjacent copies in
genomes, which, by definition, give rise to repeated oligonucleotides that
will alter the genomic signature. Nevertheless, these genome-wide con-
served viral genomic signatures present a possibility of classification of short
viral fragments since it was in many cases possible to classify a sequence of
only 500 nt to the correct family and sometimes even the correct spe-
cies (Fig. 5).

Variations within and between families
We observed that there is a large variation in the degree of conservation of
genomic signatures within viral families and genera. Some families have a
prominent family-wide genomic signature, some genera have genus-wide
signatures, and a few smaller subgroups displayed similar but distinct
signatures.

If the genomic signature is highly similar for several members, it is
difficult to distinguish between them. This close similarity between some
viruses’ signatures may partly explain why we observed a relatively small
degree of species-specific signatures in Fig. 2b for some families, even if they
presented genome-wide conserved signatures that were similar to the sig-
natures of other viruses in the same genus or family.

There may be several underlying causes for why some viral families
present conserved signatures among their different species, while others do
not. A simple explanationmay be that some families presentmore diverged
genomes than others, and therefore alsomore diverged genomic signatures.
After comparing the sequence divergence of the members of the families in
Fig. 6a, b, we indeed noted that the families with more conserved genomic
signatures typically also presented higher sequence identities. This is likely
also the reason for the conservation of genomic signatures in the Cor-
inaviridae family, thatwas suggested tohave diverged over 150million years
ago31, but which genomes likely have been conserved through purifying
selection32.We found, however, some viruses that presented similar genomic
signatures while being more distantly related. One example is the three
viruses from the Tobaniviridae family (porcine- and bovine torovirus, and
bovine nidovirus) that clustered together with Coronaviridae (Supple-
mentary Fig. 3), although being phylogenetically distinct from those. These
belong to the Nidovirales order, and despite the close similarity in genomic
signatures with Coronaviridae, other members of Nidovirales, including

more closely phylogenetically related viruses, such as other members of
Tobaniviridae33, presented widely different genomic signatures. Another
example is the family Baculoviridae, of which members presented similar
genomic signatures, and to which also 15 other viruses clustered. Of these,
three belong to the same order (Lefavirales) as Baculoviridae (two nudi-
viruses and one hytrosavirus), while the other eleven are unrelated or more
distantly related to Baculoviridae (three iridoviruses, three ascoviruses, two
poxviruses, three phycodnaviruses, and one polydnavirus). While the
underlying reasons for this similarity in genomic signatures of unrelated, or
distantly phylogenetically related, viruses are unknown, it is likely that
common selection pressures act on these viruses. Although these selection
pressuresmay be elucidated in detail in future studies, we noticed that some
viruses presenting similar genomic signatures also infect similar host spe-
cies. For example, the three tobaniviruses that presented similar signatures
as the Coronaviridae family also infect mammalian hosts, as coronaviruses
do, while the remaining tobaniviruses that presented dissimilar genomic
signatures have fish- or reptilian hosts and cluster with two Roniviridae
viruses (Supplementary Fig. 3). All three families belong to the Nidovirales
order. In addition, baculoviruses infect insects, and among the 15 other
viruses presenting similar genomic signatures, 9 also infect insects. Another
observation was that for the Flavivirus genus, tick-borne viruses grouped
separately from the mosquito-borne and no-known-vector viruses.We can
therefore not exclude the possibility that the host cellular environment may
induce various selection pressures on viral genomes, and that viral host
adaptation may contribute to shaping the genomic signatures of some
viruses10. It has also been suggested that bacteriophage evolution differs
by host and host range34, and an intriguing question is whether a broad
host rangemay infer restrictions on the specificity of the genomic signature
in a specific viral species.We noticed for example that the extremely narrow
host range viruses in the Herpesvirales order not only presented species-
specific genomic signatures, but these were also vastly different between
the members of this group, illustrated by their positions in the neighbor-
joining tree. A similar pattern was, however, also seen for members of the
Adenoviridae family, which are known to have a much broader host range.
In conclusion, although the genomic signatures of some broad host range
viral families, such as the Coronaviridae family, presented conserved
genomic signatures within the family, we could not find an unequivocally
convincing correlation between host range and genomic signatures in viral
genomes.

Host adaption
Among the viruses that presented similar genomic signatures to those of
their hosts, members of the Polydnaviridae family were most prominent.
However, this group of viruses is endogenous following likely multiple
insertions of the genome in aprecursor to themodernhosts35. Therefore, the
detected host similarity may stem from the incorporated viral sequences in
the host genomes, rather than from similar genomic signatures. To remove
this possible source of bias,we excluded all endogenous viral sequences from
the host sequences and repeated our analysis, which did not change in
results. A possible explanation of the viral-host similarities in genomic
signatures may thus be that by being integrated and expressed by the host’s
cellular machinery, the genomic signature of these viral sequences has
adapted to those of their host cells.We cannot, however, exclude alternative
explanations. It has, for example, been proposed that polydnaviruses
evolved partly through the acquirement of genes from wasps and other
species through horizontal gene transfer (reviewed in ref. 36). It is therefore
possible that the similarities in genomic signatures may, at least partly, be
explained by incorporated host genes in the viral genome. Another example
of host integration is the retrovirus Murine leukemia virus, that also pre-
sented similar genomic signatures to its host.

We found that only a minority of viruses presented similar genomic
signatures to those of their hosts. Thismay seemsurprising, considering that
many bacteriophages have been demonstrated to often present similar
genomic signatures to those of their host cells11.
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Some studies have suggested that alsomany features of eucaryotic viral
genomes, such as dinucleotides10,16,27, codons37, and codon pairs4, may
influence the viability of a virus in its host. On the other hand, previous
studies have demonstrated that such similarities are rare and that most
viruses typically present different codon usage than their host cells38–41.

Nevertheless, even if a host adaption of viral genomic signatures would
increase features such as the replication rate, it has beendemonstrated that a
higher degree of replication of theHIV genome decreases virulence because
of an increased host immune systemresponse42. Therefore, theremaynot be
selective pressures to increase the replication rate beyond some threshold,
which may partly explain why we do not observe host-similarities for most
viruses.

We finally note that long-term viral-host co-evolution does not
necessarily lead to an adaptation of the viral genomic signatures to those of
their respective host cells. For instance, the Herpesviridae viruses have co-
evolved with their hosts for hundreds of thousands, or millions of years43,
but often present dissimilar genomic signatures to their hosts. A striking
example is the two alphaherpesviruses herpes simplex virus type 1 (HSV-1)
and varicella-zoster virus (VZV) that both have humans as their only
host, replicate in epithelial cells, and establish latency in sensory nerve
ganglia. Despite this, these viruses present vastly different genomic sig-
natures, not only to their human host, but also between each other (Sup-
plementary Fig. 3). A possible explanation for this may be that they, despite
their similar biology, have different niches in the human host and that the
cellular environment differs in these. Another explanation may be that
the selection pressures that form and preserve their genomic signatures are,
at least partly, imposed by their own viral proteins that have diverged due to
selection and/or genetic drift. Herpesviruses have, for example, been shown
to harbor several genes that encode for proteins that control andmanipulate
the host cell environment. One such example is so-called host shutoff
proteins that downregulate the host gene expression. While the encoding
genes may differ between the members of the Herpesviridae family, they
typically downregulate or inhibit the function ofmessenger RNA in the host
cell, as reviewed in refs. 44,45. It could be speculated that the very long co-
evolution with their hosts, and theirmany functions to regulate the host cell
environment indifferentways, havemadeherpesviruses partly independent
on their host cell environment, which may to some extent explain the
divergence of the species-specific genomic signatures among herpesviruses.

Maximum k-mer size
While previous studies on bacterial genomes suggest that the predictive
accuracy in analyzing genomic signatures increases with k-mer size6,19, our
results suggest that the optimal max size differs between viral species. A
longer maximum k-mer size did thus not necessarily yield better results.
Although this may partly be explained by random events, it is reasonable to
assume that larger k-mers are generally less frequently present in a genome
than smaller k-mers, such as codon or di-nucleotide motifs. Consequently,
these will only be repeated to the extent to be included in the signature if the
sequence under analysis is sufficiently long. A possible explanation to our
results demonstrating that the results decreasedwith larger k-mers formany
viruses may therefore be that although the profile includes the longer k-
mers, these may not be present frequently enough in the query sequences
since these aremuch shorter than theprofile sequence.Wecan therefore not
exclude the possibility that longer k-mers may have been selected for and
mayhave some importance in someviral genomes, but that ourmethods are
not sensitive enough to detect them in short sequences.

Possible limitations
We have identified a few possible limitations with our study. First, repeat
regions undoubtable infer bias due to changes in the relative frequency of
any k-mer included in these regions,which iswhy thesewere removedusing
DustMasker prior to analysis. We can, however, not exclude the possibility
that some short repeats may remain in some regions, which can infer some
bias. Although such regionsmay still be present in some genomes, it is likely

that theywill only be found in either the query or theprofile, leading to fewer
correctmatches rather thanmore. As such, even if some repeat regionsmay
still be present in some genomes, the effect on our results is likely small, and
the results would likely rather be slightly improved by removing such
regions, should they exist.

Another limitation may be the possible bias inferred by duplicated
genes. Since many viruses evolve partly through gene duplication, there is a
possibility that in rare cases both the query and the profile sequences of a
certain species contain copies of paralog genes thatmay bias the results. Our
sliding window analysis showed, however, a large conservation across viral
genomes indicating that duplicated genes should have little or no effect on
our results.

In our virus-host analysis we analyzed complete genomes of viruses
(excluding repeat regions), but only coding regionsof thehost genomes.The
main reason for this was that the coding density in viruses is generallymuch
higher andmore complex with overlapping reading frames, etc, than in the
host genomes and that the bias inferred by non-coding regions would likely
be much higher in the host genomes. Using our sliding window approach,
we also found that the genomic signatures in viral genomes are usually
conserved, except for in repeat regions, and that the short non-coding
regions did not drastically change the overall signature, which would limit
this possible bias. Another possible bias in this analysis is the inclusion of
endogenous viral sequences in the host genomes that, except for a few
exceptions, were also included in the analysis. If these incorporated
sequences have not yet mutated enough to adapt to the new genomes,
inclusion of these may affect the overall signature leading to some bias. We
therefore acknowledge that a future more in-depth analysis on viral-host
similarities of genomic signatures may reveal additional information on
viral-host adaptation and dependencies.

Conclusions
We conclude that most viral genomes have conserved and distinct genomic
signatures, and that these are likely shaped and preserved by various
selection pressures. An implication hereof is that mutations that deviate
from the genomic signature are less likely to be fixed in viruses from all
Baltimore classes, including viruses with otherwise high mutation rates,
such as retroviruses.We, therefore, suggest that genomic signatures may be
used to improve predictions of evolutionary potentials of viruses46 by
improving the methods for quantifying and anticipating evolutionary
events, as future substitutions are likely constrained by the requirements to
preserve the genome’s signature.

Genomic signatures may also be included in viral evolutionary studies
by designing new evolutionary models that account for the variation of
natural selection favoring certain genomic signatures across viral phyloge-
netic lineages. With a detailed knowledge about differences in signatures in
different clades, these models could be tailored to clades individually, and
therefore produce more accurate phylogenies and improve the dating of
divergence events.

Other applications may be to use viral genomic signatures for the
detection of recombination and horizontal gene transfer, and for the clas-
sification of unknown viral sequences, for example in anNGS setting where
existing state-of-the-art methods for classification of reads, such as
Kraken247 and Centrifuge48, fail.

We finally suggest that a virus’ virulence and gene expression pattern
may be altered by modifying its genomic signature without altering its
proteome.This opens a range of possibilities in thefield of synthetic biology,
such as for constructing attenuated viral vaccines, or for optimizing viral
vectors used for gene therapy by changing the signatures of incorporated
genes to fit that of the vector.

Methods
Virus sequences
The dataset of eukaryotic viruseswas based on the ICTVMaster Species List
(2018b.v2). The novel SARS-CoV-2 and two related sequences were later
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added to the dataset. All available sequences from the ICTVMaster Species
List were downloaded from NCBI, and incomplete and partial sequences
were excluded. Segmented genomes were treated as one separate entity
per segment. This resulted in 4,273 sequences in the final dataset, repre-
senting 2768 unique taxonomic species (Supplementary Fig. 4, Supple-
mentary Table 3). Low complexity regions, like tandem repeats, were
removed from all original viral sequences using DustMasker49 prior to all
analyses, except for the sliding window analysis.

Host sequences
We identified viral hosts using VirusHostDB50, resulting in host assign-
ments for 2519 out of 2768 viruses. We obtained the coding sequences of
each host from NCBI. To create a single signature for every genome, we
concatenated the coding sequences of each host with an interspersed N
character to avoid overlapping k-mers. The host dataset included 2399
eukaryotic genomes: 1267 fungi, 873 animals and insects, 234 plants, and 25
protists (Supplementary Table 4).

To eliminate the impact of endogenous viruses on hosts’ genomic
signature computation, we designed a bioinformatics protocol that excises
the integrated elements from the hosts. Focusing on the insect viruses
Polydnaviridae, we identified putative inserted regions by mapping host
coding sequences on the virus genome with minimap251 (with the para-
meters “-cax map-ont –eqx –Y”). We excluded matching sequences when
constructing the VLMCs.

Genomic signatures
In this study, we use VLMC17,18,52 and adopted a method, which was pio-
neered by Dalevi et al6. to model genomic signatures. These genomic sig-
natures are an extension of the original concept, which was limited to
dinucleotide frequencies1.Here, theMarkovchain is amodelwhich captures
the relative frequency of individual nucleotides in a sequence, dependent on
the k previous nucleotides, referred to as the context. Using chains of
variable lengths, the VLMC instead captures frequencies of different oli-
gonucleotides up to a length k (k-mers). The algorithm fromref. 17was used
to compute the models. Specifically, the VLMC extends the Markov chain,
which is a model that captures the likelihood of observing each nucleotide
after seeing the previous k nucleotides in a sequence. VLMCs allow for
flexibility in context length, which can be longer for increased model spe-
cificity or shorter to simplify the model. Here, three parameters are used to
control the size of the VLMC: the max depth which determines the largest
number of previous nucleotides to consider, the min count that determines
how frequent a context must be to be included, and the Kullback-Leibler
threshold that determines which contexts are included in the VLMC. We
aimed to have a context size that would encompass as many important
genomic features as possible, whilemaintaining computability and accuracy
of themodels.We thus set themaximumdepth parameter to 6, allowing the
model to capture all nucleotide features up to a length of 6 in a genome, such
as GC content, di-nucleotide motifs, codons, and codon pairs.We similarly
selected a Kullback-Leibler threshold of 3.9075 (also the default value from
ref. 6) and the min count was set to 2 to get enough support for the prob-
abilities in the model. We further verified these parameter settings with the
Bayesian information criterion53, which is a method for selecting model
complexity to avoid overfitting the VLMC to the profile.

Todetermine the presence anddegree of specific genomic signatures in
viruses, we split each viral sequence into two parts: query and profile, and
VLMCs were calculated for the profile part. For each query, we computed
the likelihood of observing it based on theVLMCprofiles using the negative
log-likelihood as a similarity measure, which was then normalized by
sequence length. We classified a signature as species-, genus-, or family-
specific based on the most similar profile’s taxonomic group in relation to
the query. We adjusted for different group sizes (see “Statistical analysis”).
To ensure dissimilarity between homologous sequences, the query used for
similaritymeasurementsmust not be part of the sequences used to compute
VLMCs. We found that the profile length has a greater impact on results
than the query length, and the query must be long enough to distinguish

similar signatures. We empirically determined that a 30:70 (query:profile)
ratio results in a good trade-off between these considerations.

Tree-based clustering
To visualize genomic signature similarities and differences among viruses,
we built an unrooted neighbor-joining tree54. The tree was based on a
distancematrix containing the pairwise similarities between each query and
profile, as previously calculated. Since the calculated distance d between two
viruses A and B may differ slightly depending on which virus is query and
which is profile, each distance D in the matrix was averaged as D(A,B) = (
d(A,B)+ d(B,A))/2, and resulting distanceswere normalized by rescaling to
a range from 0 to 1.We used Biopython55 for the tree construction and ETE
356 for visualization.

Sliding window
To conduct a comprehensive exploration of the conservation of genomic
signatures throughout complete viral genomes, we devised a slidingwindow
approach. To enhance sensitivity, we initially generated genomic profiles for
all full viral sequences. Subsequently, specific regions (windows)within each
query sequence were methodically examined as follows: An initial window,
with a size of n = 50, was defined as the initial n nucleotides of the query
sequence’s genome. This window was then extracted from the query
sequence, and a new profile was generated based on the remaining portion
of the genome, which replaced the original profile derived from the com-
plete genome in the profile dataset. The analysis was then carried out as
previously described, comparing the genomic signature of the windowed
sequence with all profiles to identify potential species, genus, or family
specificity in the signature. By removing the windowed sequence from the
profile genome of the same species, we mitigated homology-based biases
that could lead to false positive species-specific matches.

Thewindowwas then shifted to the next position, whichwas a distance
of 20%of thewindow size away from the starting point, and the analysiswas
repeated with the new window removed from the complete genome to
generate an updated profile. This process was iterated until the end of the
genome had been reached. Subsequently, the entire analysis was restarted
from the beginning, utilizing a window that was 50 nucleotides larger. This
process was repeated with windows increasing in size by 50 nucleotides for
each iteration, until the window either reached a size of 10,000 nucleotides
or one-third of the total genome length. For each window, the match
between thewindowand theprofilewas plotted as a function ofwindow size
and color-coded based on specificity. At each position, the least accurate
match from the overlap was selected to minimize false positives.

We randomly selected viruses that exhibited a species, genus, or family-
specific signature from among viruses with genomes larger than 20,000
nucleotides. Specifically, we identified two viruses with family-specific sig-
natures (Duck atadenovirus A, Tupaiid betaherpesvirus 1), two with genus-
specific signatures (Bat mastadenovirus B, Chroistoneura rosaceana
nucleopolyhedrovirus), and two with species-specific signatures (Chelonus
inanitus bracovirus, Cydia pomonella granulovirus). (See Fig. 4a1–f1).
Additionally, we plotted the fraction of windows exhibiting genomic sig-
natures most similar to profiles of the same species, genus, or family to
illustrate the length of sequence required to achieve a match (Fig. 4a2–c2).

To reduce computational resources, we also implemented a less
resource-intensive version of the algorithm, where we randomly sampled
200 windows for each window size per virus sequence. This was applied to
all viruses longer than 10,000 nucleotides to depict the specificity of sig-
natures across various taxonomic ranks (see Supplementary Fig. 2).

Statistical analysis
To obtain a comprehensive understanding, we employed a sampling
methodology, which was reiterated 1000 times to gauge the significance of
our findings. This approach randomly paired each query to a profile. Then,
we computed the matches to the correct species, genus, and family for each
virus, providing insight into the anticipatednumberof randommatches, not
considering the genomic signatures. We also conducted a Bonferroni-
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corrected two-tailed t-test to compare the quantities of specific signatures in
both the randomanalysis and the analysesbasedongenomic signatures.We
considered adjusted p values less than 0.05 as statistically significant.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The data that support the findings in this study is available in GenBank. All
accession IDs used are available as Supplementary Information for this
paper. No new data was created in this study.

Code availability
All custom code required to run our analysis is available at https://gitlab.
com/genomic-signatures/genomic-signatures-in-viruses, https://doi.org/
10.5281/zenodo.13907309.

Received: 22 December 2023; Accepted: 17 October 2024;

References
1. Karlin, S. & Burge, C. Dinucleotide relative abundance extremes: a

genomic signature. Trends in Genet. 11, 403–409 (1995).
2. Sandberg, R., Branden, C. I., Ernberg, I. & Coster, J. Quantifying the

species-specificity in genomic signatures, synonymous codon
choice, amino acid usage andG+C content.Gene 311, 35–42 (2003).

3. Hooper, S. D. & Berg, O. G. Detection of genes with atypical
nucleotide sequence in microbial genomes. J. Mol. Evol. 54,
365–375 (2002).

4. Coleman, J. R. et al. Virus attenuation by genome-scale changes in
codon pair bias. Science 320, 1784–1787 (2008).

5. Deschavanne, P. J., Giron, A., Vilain, J., Fagot, G. & Fertil, B. Genomic
signature: characterization and classification of species assessed by
chaos game representation of sequences.Mol. Biol. Evol. 16,
1391–1399 (1999).

6. Dalevi, D., Dubhashi, D. & Hermansson, M. Bayesian classifiers for
detecting HGT using fixed and variable order Markov models of
genomic signatures. Bioinformatics 22, 517–522 (2006).

7. Norberg, P., Bergstrom,M., Jethava, V., Dubhashi, D. & Hermansson,
M. The IncP-1 plasmid backbone adapts to different host bacterial
species and evolves through homologous recombination. Nat.
Commun. 2, 268 (2011).

8. de la Fuente, R., Díaz-Villanueva, W., Arnau, V. & Moya, A. Genomic
signature in evolutionarybiology: a review.Biology12, https://doi.org/
10.3390/biology12020322 (2023).

9. Karlin, S. & Ladunga, I. Comparisons of eukaryotic genomic
sequences. Proc. Natl. Acad. Sci. USA 91, 12832–12836 (1994).

10. Lobo, F. P. et al. Virus-host coevolution: common patterns of
nucleotide motif usage in Flaviviridae and their hosts. PLoS ONE 4,
e6282 (2009).

11. Edwards, R. A., McNair, K., Faust, K., Raes, J. & Dutilh, B. E.
Computational approaches to predict bacteriophage-host
relationships. FEMS Microbiol. Rev. 40, 258–272 (2016).

12. Buchan, J. R., Aucott, L. S. &Stansfield, I. tRNAproperties help shape
codonpair preferences in open reading frames.NucleicAcidsRes.34,
1015–1027 (2006).

13. Le Nouen, C. et al. Attenuation of human respiratory syncytial virus by
genome-scale codon-pair deoptimization. Proc. Natl. Acad. Sci. USA
111, 13169–13174 (2014).

14. Mueller, S. et al. Live attenuated influenza virus vaccines by
computer-aided rational design.Nat. Biotechnol. 28, 723–726 (2010).

15. Martrus, G., Nevot, M., Andres, C., Clotet, B. & Martinez, M. A.
Changes in codon-pair bias of human immunodeficiency virus type 1

have profound effects on virus replication in cell culture.Retrovirology
10, 78 (2013).

16. Kunec,D. &Osterrieder, N.Codonpair bias is a direct consequence of
dinucleotide bias. Cell Rep. 14, 55–67 (2016).

17. Gustafsson, J., Norberg, P., Qvick-Wester, J. R. & Schliep, A. Fast
parallel construction of variable-length Markov chains. BMC
Bioinform. 22, 1–23 (2021).

18. Bühlmann, P. &Wyner, A. J. Variable lengthMarkov chains.Ann. Stat.
27, 480–513 (1999).

19. Alsop, E. B. & Raymond, J. Resolving prokaryotic taxonomy without
rRNA: longer oligonucleotide word lengths improve genome and
metagenome taxonomic classification. PLoS ONE 8, e67337 (2013).

20. Deschavanne, P., Giron, A., Vilain, J., Dufraigne, C., & Fertil, B.
Genomic signature is preserved in short DNA fragments. InProc. IEEE
International Symposium on Bio-Informatics and Biomedical
Engineering 161–167. https://doi.org/10.1109/BIBE.2000.
889603 (2000).

21. Chapus, C. et al. Exploration of phylogenetic data using a global
sequence analysis method. BMC Evol. Biol. 5, 63 (2005).

22. Yakovchuk, P., Protozanova, E., & Frank-Kamenetskii, M. D. Base-
stacking and base-pairing contributions into thermal stability of the
DNA double helix. Nucleic Acids Res. 34, 564–574 (2006).

23. Sharp, P. M. & Li, W. H. The codon Adaptation Index—a measure of
directional synonymous codon usage bias, and its potential
applications. Nucleic Acids Res. 15, 1281–1295 (1987).

24. Plotkin, J. B. & Kudla, G. Synonymous but not the same: the causes
and consequences of codon bias. Nat. Rev. 12, 32–42 (2011).

25. Sharp, P. M. et al. Codon usage patterns in Escherichia coli, Bacillus
subtilis, Saccharomyces cerevisiae, Schizosaccharomyces pombe,
Drosophila melanogaster and Homo sapiens; a review of the
considerable within-species diversity. Nucleic Acids Res. 16,
8207–8211 (1988).

26. Vieira, V. C. & Soares, M. A. The role of cytidine deaminases on innate
immune responses against human viral infections. Biomed. Res. Int.
2013, 683095 (2013).

27. Takata, M. A. et al. CG dinucleotide suppression enables antiviral
defence targeting non-self RNA. Nature 550, 124–127 (2017).

28. Ringlander, J. et al. Impact of ADAR-induced editing of minor viral
RNA populations on replication and transmission of SARS-CoV-2.
Proc. Natl. Acad. Sci. USA 119, https://doi.org/10.1073/pnas.
2112663119 (2022).

29. Samuel,C.E. AdenosinedeaminasesactingonRNA (ADARs) areboth
antiviral and proviral. Virology 411, 180–193 (2011).

30. Powdrill, M. H. et al. Contribution of a mutational bias in hepatitis C
virus replication to the genetic barrier in the development of drug
resistance. Proc. Natl. Acad. Sci. USA 108, 20509–20513 (2011).

31. Hayman, D. T. S. & Knox, M. A. Estimating the age of the subfamily
Orthocoronavirinaeusinghost divergence timesas calibration agesat
two internal nodes. Virology 563, 20–27 (2021).

32. Wertheim, J. O., Chu, D. K., Peiris, J. S., Kosakovsky Pond, S. L. &
Poon, L. L. A case for the ancient origin of coronaviruses. J. Virol. 87,
7039–7045 (2013).

33. Zhou, Z., Qiu, Y. &Ge, X. The taxonomy, host range andpathogenicity
of coronaviruses and other viruses in the Nidovirales order.Anim. Dis.
1, 5 (2021).

34. Mavrich, T. N. & Hatfull, G. F. Bacteriophage evolution differs by host,
lifestyle and genome. Nat. Microbiol. 2, 17112 (2017).

35. Strand,M. R. &Burke,G. R. Polydnaviruses: fromdiscovery to current
insights. Virology 479, 393–402 (2015).

36. Herniou, E. A. et al. When parasitic wasps hijacked viruses: genomic
and functional evolution of polydnaviruses. Philos. Trans. R. Soc.
Lond. B Biol. Sci. 368, 20130051 (2013).

37. Fan, R. L. et al. Generation of live attenuated influenza virus by using
codon usage bias. J. Virol. 89, 10762–10773 (2015).

https://doi.org/10.1038/s42003-024-07098-1 Article

Communications Biology |          (2024) 7:1412 11

https://gitlab.com/genomic-signatures/genomic-signatures-in-viruses
https://gitlab.com/genomic-signatures/genomic-signatures-in-viruses
https://doi.org/10.5281/zenodo.13907309
https://doi.org/10.5281/zenodo.13907309
https://doi.org/10.3390/biology12020322
https://doi.org/10.3390/biology12020322
https://doi.org/10.3390/biology12020322
https://doi.org/10.1109/BIBE.2000.889603
https://doi.org/10.1109/BIBE.2000.889603
https://doi.org/10.1109/BIBE.2000.889603
https://doi.org/10.1073/pnas.2112663119
https://doi.org/10.1073/pnas.2112663119
https://doi.org/10.1073/pnas.2112663119
www.nature.com/commsbio


38. Kypr, J. & Mrazek, J. Unusual codon usage of HIV. Nature 327,
20 (1987).

39. vanHemert, F., van der Kuyl, A. C. &Berkhout, B. Impact of the biased
nucleotide composition of viral RNA genomes on RNA structure and
codon usage. J. Gen. Virol. 97, 2608–2619 (2016).

40. Zhou, T., Gu, W., Ma, J., Sun, X. & Lu, Z. Analysis of synonymous
codon usage in H5N1 virus and other influenza A viruses.Biosystems
81, 77–86 (2005).

41. Simon, D., Cristina, J. &Musto, H. Nucleotide composition and codon
usage across viruses and their respective hosts. Front. Microbiol. 12,
646300 (2021).

42. Fraser, C. et al. Virulence and pathogenesis of HIV-1 infection: an
evolutionary perspective. Science 343, 1243727 (2014).

43. McGeoch, D. J., Dolan, A. & Ralph, A. C. Toward a comprehensive
phylogeny for mammalian and avian herpesviruses. J. Virol. 74,
10401–10406 (2000).

44. He, T. et al. Host shutoff activity of VHS and SOX-like proteins: role in
viral survival and immune evasion. Virol. J. 17, 68 (2020).

45. Hennig, T., Djakovic, L., Dölken, L. & Whisnant, A. W. A review of the
multipronged attack of herpes simplex virus 1 on the host
transcriptional machinery. Viruses 13, https://doi.org/10.3390/
v13091836 (2021).

46. Dolan, P. T., Whitfield, Z. J. & Andino, R. Mapping the evolutionary
potential of RNA viruses. Cell Host Microbe 23, 435–446 (2018).

47. Wood, D. E., Lu, J. & Langmead, B. Improved metagenomic analysis
with Kraken 2. Genome Biol. 20, 257 (2019).

48. Kim, D., Song, L., Breitwieser, F. P. & Salzberg, S. L. Centrifuge: rapid
and sensitive classification of metagenomic sequences. Genome
Res. 26, 1721–1729 (2016).

49. Morgulis, A., Gertz, E. M., Schaffer, A. A. & Agarwala, R. A fast and
symmetric DUST implementation to mask low-complexity DNA
sequences. J. Comput. Biol. 13, 1028–1040 (2006).

50. Mihara, T. et al. Linking virus genomeswith host taxonomy. Viruses 8,
66 (2016).

51. Li, H. Minimap2: pairwise alignment for nucleotide sequences.
Bioinformatics 34, 3094–3100 (2018).

52. Ron, D., Singer, Y. & Tishby, N. The power of amnesia: learning
probabilistic automata with variable memory length.Mach. Learn. 25,
117–149 (1997).

53. Schwarz, G. Estimating the dimension of a model. Ann. Stat. 6,
461–464 (1978).

54. Saitou, N. & Nei, M. The neighbor-joining method: a new method for
reconstructing phylogenetic trees.Mol. Biol. Evol. 4, 406–425 (1987).

55. Talevich, E., Invergo, B. M., Cock, P. J. & Chapman, B. A. Bio.Phylo: a
unified toolkit for processing, analyzing and visualizing phylogenetic
trees in Biopython. BMC Bioinform. 13, 209 (2012).

56. Huerta-Cepas, J., Serra, F. & Bork, P. ETE 3: reconstruction, analysis,
and visualization of phylogenomic data.Mol. Biol. Evol. 33,
1635–1638 (2016).

Acknowledgements
This project was partially funded by the Swedish Research Council through
grant agreements no. 2015-05307 and 2018-05973, by FORMAS through
grant agreement no. FR-2017/0009, by grants from the Swedish state

under the agreement between the Swedish government and the county
councils, the ALF-agreement (ALFGBG-971530, ALFGBG-971142,
ALFGBG-932632, ALFGBG-725411), and The Swedish Society of
Medicine (SLS-506371). Parts of the computations were enabled by
resources provided by the Swedish National Infrastructure for Computing
(SNIC) at NSC and C3SE.

Author contributions
P.N. conceived of and supervised the study. All authors contributed to the
design of the experiments, the analysis of the data and interpretation of the
results. M.H. and J.G. implemented the methods under supervision by A.S.
J.G. implemented the statistical analysis and host similarity analysis under
supervisionbyA.S.M.H., J.G., andP.N.wrote themanuscriptwith input from
all authors.

Funding
Open access funding provided by University of Gothenburg.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s42003-024-07098-1.

Correspondence and requests for materials should be addressed to
Peter Norberg.

Peer review information Communications Biology thanks Rebeca De La
Fuente and the other, anonymous, reviewer for their contribution to the peer
review of this work. Primary Handling Editor: Tobias Goris. A peer review file
is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

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 anymedium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’sCreativeCommons licence and your intended use is not permitted
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
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

https://doi.org/10.1038/s42003-024-07098-1 Article

Communications Biology |          (2024) 7:1412 12

https://doi.org/10.3390/v13091836
https://doi.org/10.3390/v13091836
https://doi.org/10.3390/v13091836
https://doi.org/10.1038/s42003-024-07098-1
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
www.nature.com/commsbio

	Evolution shapes and conserves genomic signatures in viruses
	Results
	Genomic signatures in viral genomes
	Impact of sequence length
	Impact of k-mer length
	Families and Baltimore classes
	Variation within genomes
	Variations within and between families
	Viral-host signature adaptation

	Discussion
	Species-specific genomic signatures
	Conservation across genomes
	Variations within and between families
	Host adaption
	Maximum k-mer size
	Possible limitations

	Conclusions
	Methods
	Virus sequences
	Host sequences
	Genomic signatures
	Tree-based clustering
	Sliding window
	Statistical analysis
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Funding
	Competing interests
	Additional information




