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SUMMARY

The COVID-19 pandemic has underscored the need for fast and accurate epidemiology, particularly due to
the high observed mutation frequency in SARS-CoV-2. This study aims to explore the evolution of SARS-
CoV-2 through a global analysis. To facilitate a comparative analysis of temporal mutation data, we devel-
oped CovidTGI, a Shiny web application. CovidTGI provides insights into observed mutation frequencies
and the temporal relationships among mutations across various clades in different geographical regions.
Our tool relies on a database that includes 2 million samples obtained from the National Center for Biotech-
nology Information (NCBI), along with 500 in-house Sicilian samples collected between May 2021 and June
2022. From this smaller group of samples, we identified key variants that are prevalent within a specific clade.
Our tool is designed to study the evolution of SARS-CoV-2, which clearly follows a complex trajectory. This
complexity highlights the necessity for sophisticated tools like CovidTGI to understand and track the evolu-
tion of this virus.

INTRODUCTION

In March 2020, the World Health Organization declared COVID-

19 disease as a worldwide pandemic after the global spread of

SARS-CoV-2 starting from the city of Wuhan in December

2019.1 At the beginning of 2020, a global epidemiological surveil-

lance program began, leading to the sequencing of millions of

SARS-CoV-2-positive samples using next-generation sequen-

cing (NGS).2 Three years later, this pandemic highlighted the

importance of promptness in fighting emerging infectious dis-

eases as well as the importance of collaboration and data

sharing among scientists. Thanks to its efforts, the scientific

community has made significant progress in developing effec-

tive methods to trace SARS-CoV-2 evolution. In this context,

NGS has been shown as an essential tool allowing researchers

to rapidly sequence large amounts of viral samples to analyze

in detail the changes of their mutational profiles.2,3

Even if the observed mutation frequency of SARS-CoV-2 is

relatively lower than other RNA viruses,4,5 its spread across the

globe as well as its propensity to recombination led to the rapid

occurrence of new variants.6 After the initial prevalence of the

Alpha variant, the coexistence of three main variants of concern

(VOCs), Alpha, Beta, and Gamma, was reported starting in May

2021. In June 2021, the Delta variant emerged and represented

the prevalent variant worldwide until November 2021, when the

Omicron variant (the dominant VOC at the moment of writing)

emerged, showing a unique mutational pattern that combines

SNPs already described in previous variants4,7 jointly with new

mutations.

Despite the efficiency of NGS technology and the significant

efforts made by public health authorities, the scientific commu-

nity lags the rapid emergence of new variants, leading to a signif-

icant delay in implementing crucial public health interventions.8

Our goal is to provide the scientific community with convenient

access to pre-analyzed, annotated data, enabling deeper explo-

ration of emerging SARS-CoV-2 mutation and co-mutations pat-

terns. By making annotated data readily available, we aim to

significantly reduce analysis time and reliance on high-perfor-

mance workstations. Moreover, an accurate retrospective anal-

ysis of NGS datamay help improve the knowledge about the real

evolutionary path of the virus.

Starting from the emergence of SARS-CoV-2 in 2020, several

web-based systems have been developed to explore the evolu-

tion of SARS-CoV-2 variants and their mutations in different

locations.

COVID-19 CG9 lets the user track the evolution of mutations in

different lineages and retrieve information about the distributions

of sequences sampled in different countries. The user can also

obtain the co-occurrence counts of amino acid mutations and

compare observed mutation frequencies. Though COVID-19
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CG is constantly updated, the system has some important limi-

tations: it provides no statistical testing for these analyses, and

data about mutation co-occurrence counts and rates are shown

only in US and Canada and for the last 90 days.

Outbreak.info10,11 gives insights into the temporal evolution of

SARS-CoV-2 and its variants in several countries and geograph-

ical areas. The system provides detailed reports about the diffu-

sion of a specific lineage in each country and frequencies of

characteristic mutations. Outbreak.info also lets the user search

for publications and clinical trials related to SARS-CoV-2. How-

ever, the system provides no comparative analysis betweenmu-

tations characterizing different lineages.

ViruClust12 can be used to investigate the prevalence of line-

ages in specific countries or regions and compare the evolution

of SARS-CoV-2 genome in different regions and time intervals.

More precisely, based on specific spatiotemporal or lineage-

based filters, the user can build two custom sets of SARS-

CoV-2 genomic sequences, denoted as target and background,

respectively, and statistically compare the prevalence of charac-

teristic amino acid changes in the target and in the background.

VariantHunter13 extends the ViruClust tool, by introducing a

statistical analysis of the increasing (or decreasing) trend of a

specific amino acid change in space or time. However, this

kind of analysis can be performed in a user-specified limited

time window of 4 weeks, as the database used by VariantHunter

is designed to pre-compute intermediate and aggregate results

and is optimized for 4-week observations.

Overall, most of the existing web-based systems for studying

the spatial and temporal evolution of SARS-CoV-2 variants and

their mutations miss a statistical correlation analysis, or the pro-

posed analyses are limited to specific time intervals or countries.

In this paper, we present the CovidTGI (Covid Temporal Ge-

netic Instability), an innovative web application designed to track

and analyze the evolutionary paths of SARS-CoV-2 mutations.

This tool provides researchers and public health officials with a

comprehensive platform to visualize and compare mutational

trajectories of the virus across different geographic regions

and time periods. By integrating sequencing data from various

sources, including the National Center for Biotechnology Infor-

mation (NCBI) database, CovidTGI enables users to explore

the temporal dynamics and geographic prevalence of specific

SARS-CoV-2 variants. This approach enables us to track the

sequence of mutations and their relationships, helping us to pre-

dict the virus’s behavior and understand its dynamics at specific

points in time. The app’s user-friendly interface allows for

detailed correlation analyses of observed mutation frequencies

and patterns, offering valuable insights into the virus’s evolution

and potential futuremutations. CovidTGI offers a comprehensive

global perspective on SARS-CoV-2 mutations cataloged in the

NCBI database. By combining temporal data with observed fre-

quencies specific to both clades and time periods, this tool sur-

passes state-of-the-art alternatives. It delivers a richer and more

detailed correlation analysis of COVID-19 mutations, enabling

users to explore the interactions and co-evolution of mutations

within various clades. CovidTGI facilitates a deeper understand-

ing of the virus’s mutational dynamics, providing an invaluable

resource for researchers and public health officials worldwide.

Ultimately, CovidTGI serves as a crucial resource for under-

standing the ongoing evolution of SARS-CoV-2, aiding in the

global effort to monitor and combat the COVID-19 pandemic.

CovidTGI is available at https://covidapp.dioncogen.eu/.

RESULTS

Statistical analysis from whole world
CovidTGI app provides access to statistical analysis results.

Users can explore data by clades or mutations and filter by re-

gion, country, or US state (Figures 1 and 2, see STAR Methods

section for more details).

The analysis of the set of more than 2.1 million samples con-

firms that all over the world, the variants’ distribution followed

mostly the same trend. Through our analysis, we help the user

to track the incidence of mutations through the months. More-

over, our app allows studying pairs of mutations, following their

co-occurrence. We can highlight in the app some noteworthy

mutations that we have extracted using Bayesian networks.

Omicron Bayesian network
By employing a Bayesian network inference model, we con-

structed two graphs illustrating ten mutations that frequently co-

occur within the Omicron variant. Notably, as shown in Figure 3,

several of these mutations have been previously identified as

enhancing viral replication and significantly contributing to

increased infectivity. The first network (Figure 3A) is based on

samples collected in-house from Sicily, while the second (Fig-

ure 3B) includes all globally collected Omicron samples. A com-

parison of the two networks reveals that, over time, these muta-

tions tend to co-occur more consistently, suggesting that they

may play a role in stabilizing the virus. This co-occurrence pattern

leads to the hypothesis that somemutations could confer a selec-

tive advantage, promoting viral stability and persistence.

Observed mutations
UtilizingCovidTGI, significant observations emerge. In Figure 2, a

striking co-occurrence is evident across all SARS-CoV-2 variants

between nucleocapsidmutationsR203KandG204R, exhibiting a

notably high correlation rate. Directing our focus to Omicron, Fig-

ure 4 reveals a consistent pattern: the co-occurrence of N dele-

tion S33 and R32 aligns concordantly with ORF9b deletion E27,

N28, and A29. Specifically, N:R32- mirrors the temporal muta-

tional pattern ofORF9b:E27- andORF9b:N28-,whileN:S33- par-

allels ORF9b:A29-. Exploring anti-correlated mutations, Figure 5

unveils an inverse relationship betweenN:G204R andM:I82T. An

intriguing behavior unfolds with N:D343G and ORF3a:L106F,

uniquely mutated solely in Omicron 21K (Figure 6).

DISCUSSION

The emergence of SARS-CoV-2 has resulted in a global

pandemic, with the virus mutating and evolving quickly. Moni-

toring at a global scale, the virus evolution is a vital task in order

to understand how it spreads and what are its genetic changes.

The prevalence of specific VOCs emerges as a result of

ongoing and intricate genetic changes including strong purify-

ing selection, recombination events, and positive selection.14

Consequently, CovidTGI allows focusing on the less prevalent
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clades or variants that exist between dominant VOCs, as they

may serve as carriers of advantageous mutations.

Another crucial reason to monitor SARS-CoV-2 evolution is to

identify mutations that may alter its antigenic properties,

affecting the ability to evade the immune system and leading

to the reduction of vaccine effectiveness.15–17 While scientific

tools and methods are continually evolving, the bottleneck is

often driven by policy-related issues surrounding data sharing.

These limitations must be addressed to fully leverage the power

of bioinformatics in near-real-time variant surveillance. There-

fore, readiness and accuracy remain critical to keep the pace

of SARS-CoV-2 evolution.

Our case study highlights that, although Omicron appears

phylogenetically closer to Alpha than to Delta, it displays a

unique mutational pattern sharing genetic features with both

these variants as well as harboring new mutations. Interestingly,

we observed that somemutations shared by Alpha and Omicron

almost disappeared during the Delta period. In particular, as it

can be seen on our app, ORF1a.T3255I and S.T478K substitu-

tions occurred for the first time during Delta dominance and

were maintained over time with an increasing prevalence due

to their involvement in viral replication and transmission.

MutationssuchasS.Y144-,S.H69-,S.V70-,S.N501Y,S.P681H,

N.G204R, ORF1a.F3677-, ORF1a.G3676-, and N.R203K, which

Figure 1. CovidTGI app interface and ‘‘Clade Info’’ section with example clades in the global population

(A) The sidebar on left lets the user select the country and region/US state in which to analyze data. The "Clade Prevalence" box illustrates the monthly frequency

rates of each clade in the chosen geographical area.

(B) ‘‘Clade Observed Mutation Frequencies’’ box shows the most frequent mutations for user-selected clades in the geographical area of interest.
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Figure 2. ‘‘Mutation Info’’ section of Cov-

idTGI app with example mutations in the

Italian population

(A) ‘‘Temporal rates’’ box depicts monthly fre-

quency rates of the mutations selected by the user

in the ‘‘Mutations’’ box.

(B) ‘‘Clade Distribution’’ and ‘‘Clade specific rates’’

boxes show, respectively, the clade distribution

and the clade-specific rates of user-selected mu-

tations.

(C) ‘‘Correlations’’ box contains a table on the left

reporting all significant (false discovery rate [FDR]

% 0.05) pairwise correlations between user-

selected mutations with their Pearson correlation

coefficient. Selecting a pair of significant muta-

tions, a scatterplot of their clade distribution rates

and the contingency table of their frequencies in

the selected geographical area are shown on the

right.
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declined during the Delta variant dominance, have re-emerged

with Omicron, underscoring their biological significance. S.H69

and S.V70 can reduce monoclonal antibody binding to the spike

protein, potentially compromising antibody-based treatments

and vaccine efficacy.18 The S.P681H mutation, altering the

furin cleavage site, likely increases infectivity and transmission,

especially with S.D614G, and contributes to resistance against

type I interferon by evading interferon-induced transmembrane

protein restriction.19

Mutations in ORF1a may potentially have an impact on viral

replication and stability.18,20

For instance, the couple N.R203K/N.G204R (see Figure 4) has

been found highly mutated in Alpha and Omicron. Its role is to

promote virus replication efficiency acting in coordination with

S.N501Y.21 During Delta, the prevalent mutation was instead

N.R203M.

This finding led us to suppose that the high observed mutation

frequency, the remarkable number of mutational hotspots, and

Figure 3. Bayesian network of Omicron clade

Bayesian network of (A) Sicilian mutations from May 2021 to June 2022 (see also Figure S1) and (B) rest of the World with a link strength of at least 0.8. Edges

colors range from green for 0.8, blue for 0.9, and black for 1 as the link strength increases. Moreover, while the strength grows, the thickness of the edges in-

creases.

Figure 4. Example of bar plot and temporal observed mutation frequency of N.S33, N.R23, ORF9b.E27, ORF9b.N28, and ORF9b.A29
(A) Bar plot of clade-specific rate and (B) temporal observed mutation frequency of N deletion S33 and R32 and ORF9b deletion E27, N28, and A29.
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natural selection are responsible for the ‘‘genetic instability time

interval’’ characterized by the emergence of new SNPs, while a

specific variant is prevalent. The phase of genetic instability usu-

ally corresponds to social/epidemiological factors such as the

relaxation of restrictive measures, increased domestic and inter-

national movement, and increased social interactions.22

This evolutionary path is largely driven by natural selection,

which favors viruses that are able to adapt to their hosts and

spread, not necessarily causing severe illness or death. This

observation is consistent with the evolutionary history of some

respiratory viruses such as influenza virus as well as other

coronaviruses.23

By making use of a Bayesian network analysis, we investi-

gated the possible causal relations between pairs of amino

acid mutations. In particular, we selected the pairs with higher

observed mutation frequency and higher strength to create a

network. In Figure 3, we report the network created on top of

Omicron mutations with a strength of at least 0.8. These associ-

ations have been confirmed using our app.

We have observed (see Figure S1) a significant mutation (0.54

strength), namely S:S477N, which plays a crucial role in the bind-

ing of the ACE2 receptor, thereby increasing the virus’s conta-

giousness.24 This mutation also aids in evading various forms

of immune protection, such as vaccines, monoclonal antibodies,

and polyclonal antibodies. Our analysis reveals a connection be-

tween this mutation and other genetic changes, including N de-

letions (R32 and S33), mutation P13L, ORF9b deletions (E27,

N28, and A29) (see Figure 5), mutation P10S, and ORF1a muta-

tion P3395H, with a strength between 0.52 and 0.8.

Notably, the N mutations primarily occur in the N arm zone,

which is located before the N-terminal domain (NTD). The N

arm plays a crucial role in regulating RNA binding, and as a

result, these mutations are likely to impact the binding process.

On the other hand, it is worth noting that ORF9b plays a signif-

icant role in inhibiting type I interferon responses by interacting

with TOM70. Consequently, themutations occurring in the N ter-

minus are likely to contribute to the stabilization of protein

stability.25

Additionally, the E27 deletion of ORF9b is associated with

spike mutations present in the receptor-binding domain (RTB),

NTD, and S1/S2 regions. Particularly, the N440K mutation (see

Figure S1), which is also linked to N:P13L, plays a significant

role in enhancing infectivity and aiding the virus in evading vac-

cines, monoclonal antibodies, and polyclonal antibodies. These

mutations are further associated with S.Q498R, S.H655Y, and

S.N679K, which are already known to augment virus infectivity.26

Interestingly, the mutations N.D343G and ORF3a.L106F (Fig-

ure 6) have exclusively been detected together in the Omicron

21K variant. It is well established that these two mutations act

as viral transmission suppressors, which may explain the rela-

tively lower temporal trajectory observed for this specific

variant.

Our research demonstrates that CovidTGI app is an effective

tool for analyzing variant of interest and tracking their mutation

Figure 5. Observation of mutations N.G204R and ORF1b.P1000L

(A) Temporal observed mutation frequency, (B) clade distribution bar plot, and (C) correlation plot of N:G204R and ORF1b:P1000L. These mutations result anti-

correlated during almost all period with an R = �0.73.
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patterns over time globally. Our aim is to incorporate all available

worldwide samples, and we are currently working on adding

GISAID27 data to fill gaps in regional information.

Monitoring SARS-CoV-2 evolution is critical for understanding

the spread of the virus, its antigenic changes, and treatment im-

plications. The mere succession of the well-known VOCs usually

does not reflect the real evolution of SARS-CoV-2, but it is only

an epiphenomenon that hides a more tangled scenario charac-

terized by a constant genetic movement. Therefore, regardless

the decrease in worldwide COVID-19 mortality, it is crucial to

keep tracing the emergence, the spread, and the potential impli-

cations of SARS-CoV-2 mutations with special regard to the

local appearance of mutations involved in person-to-person

transmission and/or immune evasion, even if they are harbored

by subordinate clades/variants.

It is also important to highlight that the virus can follow multi-

ple, simultaneous evolutionary pathways. This means that while

the virus may evolve to become less virulent over time, it could

also evolve in other ways that make it more transmissible or

more resistant to treatments. Overall, the evolution of SARS-

CoV-2 is still an active area of research, and this study under-

scores the importance of developing new tools and strategies

to deal with emerging infectious diseases as well as the need

of a faster and more accurate genomic epidemiology.

In conclusion, CovidTGI outstands as a robust platform for

users to explore and analyze mutation data comprehensively,

empowering researchers and healthcare professionals with valu-

able insights into the dynamics of mutation spread and its impli-

cations for disease management and control strategies.

Limitations of the study
While CovidTGI provides valuable insights into the temporal

genetic instability of SARS-CoV-2, certain limitations should

be considered. First, the study relies on publicly available

sequencing data from the NCBI database and a limited set of

in-house Sicilian samples, which may not fully represent all

Figure 6. Bar plot and lineplot describing mutations N.D343G and ORF3a.L106F during the month and in several clades

(A) Clade distribution bar plot and (B) temporal observed mutation frequency of N:D343G and ORF3a:L106F.

iScience 28, 112315, April 18, 2025 7

iScience
Article

ll
OPEN ACCESS



geographical and temporal variations. Additionally, while the

Bayesian network analysis highlights key mutation co-occur-

rences, the causal relationships between these mutations

remain speculative and require further experimental validation.

The accuracy of the tool is also influenced by the completeness

and quality of sequencing data, which can vary across regions

and over time. In addition, the platform currently lacks integration

with other major genomic databases, such as GISAID, which

could enhance the comprehensiveness of the analysis. Finally,

despite its advanced analytical capabilities, the study under-

scores the challenge of real-time variant surveillance, empha-

sizing the need for continuous updates and improvements in

global data-sharing policies.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will

be fulfilled by the lead contact, Alfredo Pulvirenti (alfredo.pulvirenti@unict.it).

Materials availability

This study did not generate new unique reagents.

Data and code availability

d All data used have been downloaded from the NCBI virus (https://www.

ncbi.nlm.nih.gov/labs/virus/vssi/#/) in the SARS-CoV-2 Data Hub. Sicil-

ian samples data can be found on Zenodo at: https://doi.org/10.5281/

zenodo.14905657 (May and June 2021), https://doi.org/10.5281/

zenodo.14907009 (June 2021), https://doi.org/10.5281/zenodo.

14909193 (June and July 2021), https://doi.org/10.5281/zenodo.

14909537 (July and November 2021), https://doi.org/10.5281/zenodo.

14916165 (November and December 2021), https://doi.org/10.5281/

zenodo.14917141 (December 2021 and January 2022), https://doi.

org/10.5281/zenodo.14917375 (January 2022), https://doi.org/10.

5281/zenodo.14923771 (January and February 2022),https://doi.org/

10.5281/zenodo.14925875 (February and March 2022), https://doi.

org/10.5281/zenodo.14926333 (March, April and May 2022), https://

doi.org/10.5281/zenodo.14930257 (May 2022), and https://doi.org/10.

5281/zenodo.14871965 (June 2022).

d All the original code has been deposited at GitHub and is publicly avail-

able as of the date of publication at the following link https://github.com/

knowmics-lab/covid-app. CovidTGI is available at https://covidapp.

dioncogen.eu/.

d Any additional information required to reanalyze the data reported in this

paper is available from the lead contact upon request.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

This study did not contain any experimental model and study participant.

METHOD DETAILS

Identification of mutations
We collected from NCBI almost all the covid samples from January 2020 to January 2025 obtaining 2,138,255 samples. The dataset

is monthly updated with new NCBI samples. Using Nextclade (v3.7)28,29 and Pangolin (v4.0.6),30 we analyzed the FASTA file derived

from NCBI to obtain clade, lineage, and amino acid substitution information. Patients’ mutations have been then stored into matrices

represented in R (v.4.2.1), including the country and the region (or US state) where the samples were collected.

Analysis of sicilian samples
We collected 625 samples from Oriental Sicily as a case study (further information about samples extraction and sequencing can be

found in supplementary document S1). A custom pipeline was developed for the identification of clade-specific mutations through

FASTQ analysis. Initially, all samples were assessed using FastQC,31 and only those passing the quality filter were selected for further

processing. The selected FASTQ files were then trimmed with TrimGalore32 and aligned using BWA-MEM,33 with the ‘‘Severe acute

respiratory syndrome coronavirus 2 isolate Wuhan-Hu-1’’ (NC_045512.2) genome from NCBI as the reference.

Subsequently, the aligned SAM files were reordered and sorted using Picard.34 Variant calling was performed using three different

tools: LoFreq,35 BCFtools,36 and GATK HaplotypeCaller,36,37 each configured with a minimum base quality and mapping quality of

20. Vafator38 was used to annotate allele frequency (AF) for eachmutation. Variants with an AF below 0.5 were filtered using BCFtools

filter, and consensus sequences were generated with BCFtools consensus.

Clade, lineage, and amino acid substitution information were obtained using Nextclade (v3.7)28,29 and Pangolin (v4.0.6).30 Finally, a

Bayesian network was constructed to analyze the relationships among Sicilian mutations, employing the R package bnlearn39 with

the hill-climbing (HC) algorithm and performing three bootstrap replicates. To identify the most prevalent mutation pairs for each

Variant of Concern (VOC), the Bayesian network was analyzed using Cytoscape.40

QUANTIFICATION AND STATISTICAL ANALYSIS

For each country and each region, we calculated themonthly mutational rates of all mutations observed in samples of that geograph-

ical area. Due to the incompleteness of sequencing data and the low prevalence of Sars-Cov-2 in some countries/regions, we also

calculated (where data were available) error margins for the monthly mutational rates related to the population size of infected in a

particular area. Specifically, we first collected from https://github.com/owid/covid-19-data data about the monthly numbers of in-

fected people observed in a specific region or country. For each month M, we performed a correction of sample size for finite pop-

ulation, where a sample is represented by the number of patients sequenced for Sars-Cov-2 in month M. Next, we calculated error

margins using the Cochran formula, based on a 99% confidence interval.

To further investigate the prevalence of a mutation in certain clades, we also calculated the clade distribution and the clade-spe-

cific rates of all mutations for each geographical area. Given a mutation m, the clade distribution is the frequency distribution of m

across all Sars-Cov-2 clades, while the clade-specific rate is the relative number of samples in a clade C having mutation m.

We also performed a correlation analysis in order to find all significant global and clade-specific pairwise correlations between

observed mutation frequencies of all mutations observed in the same geographical area. In order to filter only mutation pairs with

significant correlations, we performed a 3-step analysis. First we ran a Fisher exact test, starting from a 2x2 contingency table of

the frequencies of the two mutations in a specific geographical area. P-values returned by the Fisher test were then corrected for

multiple testing using Benjamini-Hockberg method. Finally, for mutation pairs with False Discovery Rate (FDR)% 0.05 we calculated

the Pearson correlation.

All the rates and pairwise correlations were computed considering onlymutations with population frequencyR 0.1% in the consid-

ered geographical area. The statistical analysis was also performed by aggregating samples of all regions of a given country and

samples of all countries worldwide.

SHINY APP
The results of the statistical analyses are easily accessible through CovidTGI, an user-friendly Shiny41 R web-app designed for com-

parison purposes.

The app is divided into two sections, named ‘‘Clade Info’’ and ‘‘Mutation Info’’, letting the user browse the data starting from spe-

cific clades or specific mutations, respectively (Figures 1 and 2). By default, all the statistics reported by the app refer to the world

population, but by using the app’s sidebar, users can optionally restrict the analysis to specific regions, countries, or US states.

The ‘‘Clade Info’’ section (Figure 1) contains three informative boxes: "Clade prevalence", "Clade observed mutation frequencies"

and "Related information". ‘‘Clade prevalence’’ box (Figure 1A) contains an area plot with a time slider illustrating which clades are

circulating in a certain period of time in the user-selected geographical area. The ‘‘Clade observed mutation frequencies’’ box
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(Figure 1B) contains bar plots illustrating themost frequent mutations observed in one or more user-selected clades in a specific time

interval that can be adjusted using a slider. The "Related Information" box (Figure 1B) features convenient functionalities for users to

further explore the selected clades. By querying the Pubmed database42 it is possible to retrieve additional scientific literature on the

selected clades, expanding the knowledge base. Alternatively, users can query the NetMe tool,43,44 to construct a comprehensive

knowledge network. By analyzing the most relevant PubMed full-texts or abstracts about a query term, NetMe generates a network

encompassing genes, diseases, drugs, and other biological entities related to the user’s query, facilitating a deeper understanding of

clade-related topics.

The "Mutation Info" section (Figure 2) let the user retrieve information about one or more specific mutations selected by the user

through the "Mutations" box. The "Temporal rates" box (Figure 2A) depicts monthly observed mutation frequency of the chosen mu-

tations, allowing for a clear understanding of how these mutations fluctuate over time. Where available, error margins for the monthly

observed mutation frequency are included as error bars in the plot. The next two boxes "Clade distribution" and "Clade-specific

rates" (Figure 2B) contain bar plots illustrating the clade distribution and the clade-specific rates of themutations in each clade where

they are observed. The bar plots help the user enhance its understanding of mutation prevalence across different genetic back-

grounds. The "Correlations" box (Figure 2C) offers a comprehensive table showcasing significant pairwise correlations (FDR %

0.05) between observed mutation frequencies. These correlations can be explored on both a global and clade-specific level,

providing valuable insights into potential interactions betweenmutations. Clicking on a specific rowwithin the correlation table grants

users access to the underlying contingency table, aiding in the interpretation of Fisher exact p-values. Additionally, users can visu-

alize the correlation through a scatter plot, either monthly or clade-by-clade (based on clade distribution rates), enabling a deeper

analysis of observed mutation frequency trends. At the end of the "Mutation Info" section, the "Related information" box let the

user retrieve additional information about the selected mutations by querying Pubmed database or NetMe tool.
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