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Since its emergence in late 2019, SARS-CoV-2 has diversified into a large number
of lineages and caused multiple waves of infection globally. Novel lineages have
the potential to spread rapidly and internationally if they have higher intrinsic
transmissibility and/or can evade host immune responses, as has been seen with
the Alpha, Delta, and Omicron variants of concern. They can also cause increased
mortality and morbidity if they have increased virulence, as was seen for Alpha
and Delta. Phylogenetic methods provide the “gold standard” for representing the
global diversity of SARS-CoV-2 and to identify newly emerging lineages. However,
these methods are computationally expensive, struggle when datasets get too large,
and require manual curation to designate new lineages. These challenges provide a
motivation to develop complementary methods that can incorporate all of the genetic
data available without down-sampling to extract meaningful information rapidly and
with minimal curation. In this paper, we demonstrate the utility of using algorithmic
approaches based on word-statistics to represent whole sequences, bringing speed,
scalability, and interpretability to the construction of genetic topologies. While not
serving as a substitute for current phylogenetic analyses, the proposed methods can
be used as a complementary, and fully automatable, approach to identify and confirm
new emerging variants.

machine learning | clustering | phylogenetics | dimensionality reduction | SARS-CoV-2

The rapid spread of SARS-CoV-2 during during the COVID-19 pandemic resulted
in major healthcare and societal challenges at the global level. The periodic emergence
of new variants that are more transmissible and/or escape host immune responses has
given rise to repeated waves of infection that have each produced considerable burdens
of disease despite high rates of vaccination and prior infection history (1). There is now
extensive effort in identifying worrying new variants at the very earliest stages of their
emergence, which at best may enable elimination of these variants before they become
established (2), but otherwise enables forward planning that may, in the future, include
the timely production of tailored vaccines.

SARS-CoV-2, like other RNA viruses, has a high mutation rate and a short generation
time, meaning it evolves extremely rapidly and on the same timescale as transmission.
Consequently, phylogenetic analysis has been a powerful approach to monitor the
evolution and spread of SARS-CoV-2 (3–5). Most point mutations, or single-nucleotide
polymorphisms (SNPs), that appear on phylogenetic trees are neutral or nearly neutral,
meaning the mutations themselves have little or no impact on transmission and on
whether lineages will grow or die out. However, some mutations do have a selective
advantage because they enable more effective transmission in the population at the time
of emergence. A hallmark of SARS-CoV-2 evolution has been the emergence and spread
of variants of concern (VOCs) and some of their major sublineages, with each having
a large collection (or constellation) of lineage-defining mutations, many of which have
given these viral lineages transmission advantages (6).

Identifying viral lineages that are likely to be problematic in the future requires
considerable effort (3) on tasks including the alignment of sequences to a reference
before their incorporation into a phylogenic tree; the designation of new lineages
(namely giving them a nomenclature based on their clade location); and the identification
of lineages with potentially troublesome mutations or that are expanding quickly (5).
The production of phylogenies containing all high-quality SARS-CoV-2 genomes could
help in the automation of this process, but with nearly 16 million sequences available
in the GISAID database (7) as of July 2023 (and growing), aligning a significant
fraction of the sequences and generating a single phylogeny is only possible with
extremely large computational resource and by making strong parsimony assumptions
(8, 9). Here, we explore less computationally exhausting unsupervised machine learning
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methods, that can cope with massive amounts of genetic data,
and could be used to identify growing meaningful lineages.

Alignment-free techniques to characterize sequences can be
classified into two types: information-theory and word-statistics
based (10–12). Information-theoretic approaches rely on the
notion of entropy or uncertainty between sequences, whereas
word-statistic approaches measure the probabilistic properties of
“words” (i.e., substrings) within a single sequence. An advantage
of word-statistics methods, which have been used previously for
interspecies genetic analyses (13–19), is the representation of
each sequence as a vector of n numbers independent from other
sequences. This means that distances between sequences can be
calculated from their position in n-dimensional space Rn rather
than pairwise.

One of the most widely used word-statistics is the k-mer
count (kmc, also known as k-words count or bag-of-words),
which is the count of the occurrence of words of length k in
a sequence formed by all possible nucleotide combinations; a
more detailed definition can be found in the Materials and
methods section. Another word-statistics method, known as
natural vectors (nv), retains information on the distribution of
words by creating an array of summary statistics values such as
count, mean distances to the first site of the sequence, and the
variance of these distances. This method inspired us to explore
other forms to characterize genetic sequences (20–24). All the
previously mentioned characterization techniques can represent
a whole genetic sequence using a smaller vector. However, after
a systematic comparison, we decided to focus on kmc, since it
presented the best evaluation according to our chosen clustering
comparison metrics (see SI Appendix, where the analyses of the
rest of the characterization techniques can also be found).

The kmc extracted from genetic data can then be processed
using unsupervised learning algorithms, which are defined as
algorithms that are not reliant on provision of previously known
outputs to compute the rules that govern the relationships
among input data (25). Dimensionality reduction of the kmc
output is used to draw out the relationships among the sequence
data of sampled viruses by projecting onto lower dimensions.
Unsupervised clustering methods can then be applied to this
dimensionality reduction projection to identify the structure
that emerges within the dataset by grouping similar sequences
together. Classical phylogenetic analysis also involves a chain of
feature extraction, dimensionality reduction, and unsupervised
(agglomerative) clustering, although in a more computationally
expensive manner limiting the number of sequences they can
cope with.

The dimensionality reduction projection was produced using
PaCMAP (26) and cluster detection using CLASSIX (27) and
HDBSCAN (28). These methods lack the representation of
ancestral relationships present in a phylogeny, but scale in a
computationally efficient manner with data volume, so they may
prove to be important complementary tools to track the evolution
of SARS-CoV-2 as well as other rapidly evolving pathogens.

Results
As detailed in the Materials and Methods section, we worked
with 5.7 million high-coverage whole-genome SARS-CoV-2
sequences available in GISAID (7) as up to 19/01/2023. To
demonstrate the potential of using alignment-free word-statistics
features to represent genetic sequences to unravel the genetic
structure of SARS-CoV-2 populations, we first compared a pro-
jection of 3mc (kmc with k = 3) from unaligned sequences with
a maximum parsimony phylogeny generated using IQTree (29)

using an alignment of the same sequences shown in Fig. 1.
Because of the computational costs of generating phylogenetic
trees, we used a stratified subsample of 5, 000 high coverage
sequences. The multi-dimensional 3mc features were projected
onto a 2-dimensional space using the nonlinear dimensionality
reduction tool PaCMAP (26). The points are colored based on
the Scorpio labeling by the Pangolin tool (Materials andMethods)
(4). The similarity of the clusters of the significant VOCs, such
as Alpha (B.1.1.7), Delta (B.1.617.2), Omicron (BA.1), and
Gamma (P.1), from the 2d PaCMAP projection to the maximum
parsimony tree demonstrates the potential of the combination
of word-statistics characterization and dimensionality reduction
tools to produce interpretable structures for the distribution of
meaningful variants in a genetic space.

To measure the quality of the clusters formed by a 3-
dimensional PaCMAP projection of the 5.7 million sample
data quantitatively, we implemented two clustering algorithms,
HDBSCAN (30) and CLASSIX (27) using a set of parameters
we denote by GISAID1. The Scorpio labeling, produced by
Pangolin, was used as a “ground truth” to calculate the cluster
similarity metrics adjusted Rand index (ARI) (31) and adjusted
mutual information index (AMI) (32) of the clustering matrices.
In both metrics, a value of 1 would mean the detected clusters
are completely equivalent to those of the “ground truth” (see
Materials and Methods for further details). It has been argued
(33) that these metrics are optimal for different types of clusters:
While, ARI is advised for when the clusters present roughly equal
sizes, AMI is more appropriate for when the cluster sizes are highly
unbalanced. Based on this consideration, AMI would be more
meaningful as a metric for the presented dataset. Here, CLASSIX
outperformed the more established HDBSCAN, with ARI and
AMI values of 0.474 and 0.605 for CLASSIX, versus 0.471 and
0.594 for HDBSCAN. The results of this analysis of the 3mc
feature for the whole GISAID dataset can be seen in Fig. 2.

We were next interested in how the 3mc-PaCMAP projection
performed when restricted to the major structural protein regions.
To accurately identify the different gene regions, we used the
aligned sequences. This projection was performed using only the
PaCMAP parameters of GISAID1, since the aim of this analysis
is to compare regions of the genome rather than to identify
clusters. The plots within Fig. 3 show that while the S and
N regions reduce into many clusters associated with different
Scorpio labels, the E and M regions are much more homogeneous.
The relative homogeneity observed for E and M may be due in
part to their relatively short lengths (227 and 668 nucleotides
respectively) compared to S and N (1,259 and 3,821 nucleotides
respectively), and also possibly due to being subject to stronger
adaptive evolution , in particular the existence of antibodies that
bind to S and N (34).

We tested the use of this pipeline to detect the emergence of
new variants under the hypothesis that they will form new clusters
as they appear. For this, we took a subsample of the sequences
collected in England (n= 982,496), from which subsets were
taken forming a temporal cumulative progression with 2-
week steps based on their submission date. There were some
adjustments made to the parameters of the HDBSCAN clustering
algorithm to increase the sensitivity of finding small clusters,
while CLASSIX parameters were left as in GISAID1. This second
parametric set-up was called GISAID2. The results can be seen in
the Top row of Fig. 4, where it is possible to see that HDBSCAN
follows Scorpio in number of clusters before overshooting its
detection, while CLASSIX stays close, although growing more
gradually in early 2021. Further refinement of the PaCMAP
parameters resulted in an increase of the Pearson correlation
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Fig. 1. (Left) Comparison of a maximum parsimony phylogenetic tree and (Right) 3mc-PaCMAP projection from a subsampled alignment (n = 5,000) of high
coverage genomes (undefined bases < 1% and length > 29K nucleotides) from those available in GISAID (7), as up to 19/01/2023. The similarities between
emerging clusters in both analyses show the potential of the combination of word-statistics features and dimensionality reduction to gain insight into the
distribution of variants in a genetic space.

coefficient (r2) between the CLASSIX cluster detection and the
Scorpio labeling, from 0.785 to 0.903. However, this change
of parameters reduced the AMI value by a mean of 0.049,
from a mean of 0.323 to 0.274, indicating a reduction in the
quality of the clusters. This latter parametric set-up was named
England1.

In terms of computational demands, the entire process from
feature extraction to cluster detection can be completed in
roughly 30 h on a modern laptop. The 3mc feature can process
a high coverage sequence in roughly 0.12 s, and exploiting
parallelization the whole 5.7 million-sequence dataset can be
processed in about 14 h. The PaCMAP projection then takes
approximately 17 h, while the clustering can be performed in less
than 5 min. More details of the process and a diagram of the
pipeline can be seen in SI Appendix.

To simulate “real-time” cluster growing detection conditions,
we processed a series of cumulative subsets to produce “snap-
shots,” namely a 3mc-PaCMAP projection using the parametric

setup GISAID1 and applying these algorithms to a subset of
sequences with submission date earlier or equal to a given date.
Once the clusters in any given “snapshot” were identified, the
daily counts of the sequences belonging to each cluster were
calculated. We applied this to the period during which Delta
emerged, revealing dynamics among the clusters similar to the
replacement dynamics of Alpha by Delta that were seen within the
viral population at the time. Finally, a Gaussian process regression
(GPR) as in ref. 35 was applied to smooth the clusters’ counts
trends, and to calculate the growth rate of clusters of interest
(the dominant “cluster 0” and the fast-growing “cluster 15”).
This provides further support of the potential of these methods
to identify the emergence of meaningful lineages. These results
are summarized in the Bottom row of Fig. 4. This detection of
growing clusters was possible even with a simpler GPR analysis
(i.e., one based the normalized proportions for each cluster,
unlike the method of ref. 35) for waves of Delta and Omicron,
which can be seen in SI Appendix.

PNAS 2024 Vol. 121 No. 12 e2317284121 https://doi.org/10.1073/pnas.2317284121 3 of 8

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 9
2.

6.
5.

17
0 

on
 A

pr
il 

5,
 2

02
4 

fr
om

 I
P 

ad
dr

es
s 

92
.6

.5
.1

70
.

https://www.pnas.org/lookup/doi/10.1073/pnas.2317284121#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2317284121#supplementary-materials


Fig. 2. 3d 3mc-PaCMAP projection and clustering analysis of genetic topology of 5.7 million sequences. (Top, same color code as Fig. 1) Each datapoint
correspond to a sequence and is colored by its Scorpio assigned label, (Bottom-Left) clustered by HDBSCAN, and (Bottom-Right) clustered by CLASSIX algorithm.
The projection and clustering was performed using the parametric set-up GISAID1, detailed in Materials and Methods. In the Bottom figures, the color code is
arbitrary, showing the unsupervised detection of clusters from the algorithms. The formation of well-defined clusters show the potential of these tools to help
us gain insight into the relationships of huge amounts of sequences in a relatively computationally inexpensive fashion. Clicking on the hyperlinks leads to
interactive 3d plots.

Discussion

The unprecedented amount of genetic data generated during
the pandemic demands the development of methods to analyze
it thoroughly, with fluidity and efficiency. Without showing a
benefit to curating these data in the future, there is a risk that it
will be removed or deleted. The application of characterization for
genetic sequences and dimensionality reduction algorithms has

the potential to reveal genetic relationships among a huge number
of sequences simultaneously. The supervision of these genetic
spaces with automated clustering algorithms could provide alter-
native methods to discover niches of specific viral variants when
applied to specific genome regions. Between the two clustering
algorithms used, CLASSIX produced results more consistent
with existing “gold standard” approaches when compared to
HDBSCAN, and with a minor number of parameters, it was

4 of 8 https://doi.org/10.1073/pnas.2317284121 pnas.org

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 9
2.

6.
5.

17
0 

on
 A

pr
il 

5,
 2

02
4 

fr
om

 I
P 

ad
dr

es
s 

92
.6

.5
.1

70
.

https://raw.githack.com/robcah/dimredcovid19/main/3d_PaCMAP_Projections/3MC_PaCMAP_1pctProjectionGISAID_ColouredBy-scorpio.html
https://raw.githack.com/robcah/dimredcovid19/main/3d_PaCMAP_Projections/3MC_PaCMAP_1pctProjectionGISAID_ColouredBy-hdbscan.html
https://raw.githack.com/robcah/dimredcovid19/main/3d_PaCMAP_Projections/3MC_PaCMAP_1pctProjectionGISAID_ColouredBy-classix.html


Fig. 3. 3d 3mc-PaCMAP projection of specific structural protein regions for 5.7 million sequences colored by Scorpio labeling. The formation of clusters allows
to see the contribution of the different proteins to the differentiation within the viral population. While proteins S and N seem scattered, arguably due to
selection pressures, M and E seem to have found stable configurations. For the projections of genes M and E all variants are contained mainly within the two
largest clusters, although due to the high volume and overlap among them, it is difficult to distinguish each of the lineages separately giving the impression of
being colored outside of the initial color coding. Clicking on the hyperlinks leads to interactive 3d plots.

easier to optimize. CLASSIX was also ten fold faster and in
general yielded higher metrics of cluster similarity (AMI and
ARI), compared to Scorpio, making CLASSIX a better tool than
HDBSCAN for the scope of this project. Nonetheless, more
research on the parametric space exploration of HDBSCAN
is needed, together with the investigation of other clustering
algorithms.

Our analysis serves as a proof of concept, demonstrating the
potential use of machine learning methods as an alert tool for the
early discovery of emerging major variants, similarly to the early

warning signals from TFP-Scanner (36), and other phylogenetic
methods under development, but without relying on the need
to generate phylogenies. While phylogenetics remains the “gold
standard” for understanding the ancestral relationships of viral
populations, the machine learning methods we have proposed
have the advantage of being able to manage several orders
of magnitude more sequences than the current phylogenetic
methods and at a low computational cost. In the analysis
presented here, the processing of 5.7 million high-coverage
sequences was done in 1 to 2 d on a standard modern laptop.

PNAS 2024 Vol. 121 No. 12 e2317284121 https://doi.org/10.1073/pnas.2317284121 5 of 8

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 9
2.

6.
5.

17
0 

on
 A

pr
il 

5,
 2

02
4 

fr
om

 I
P 

ad
dr

es
s 

92
.6

.5
.1

70
.

https://raw.githack.com/robcah/dimredcovid19/main/3d_PaCMAP_Projections/3MC_S_PaCMAP_1pctProjectionGISAID_ColouredBy-scorpio.html
https://raw.githack.com/robcah/dimredcovid19/main/3d_PaCMAP_Projections/3MC_N_PaCMAP_1pctProjectionGISAID_ColouredBy-scorpio.html
https://raw.githack.com/robcah/dimredcovid19/main/3d_PaCMAP_Projections/3MC_M_PaCMAP_1pctProjectionGISAID_ColouredBy-scorpio.html
https://raw.githack.com/robcah/dimredcovid19/main/3d_PaCMAP_Projections/3MC_E_PaCMAP_1pctProjectionGISAID_ColouredBy-scorpio.html


Fig. 4. (Top-Left) Number of lineages/clusters detected in the subset of GISAID sequences reported from England. The dimensionality reduction and clustering
algorithms were applied to a cumulative temporal progression with resolution of 2-wk and with set-up parameters GISAID2 and England1. (Top-Right) For
CLASSIX, the contrast between these set-up parameters showed a trade-off, such that while the r2 to Scorpio is increased from 0.786 to 0.903, the AMI is
reduced from a mean of 0.323 to one of 0.274, which implies a reduction of the cluster quality. Furthermore, no major improvement was seen in HDBSCAN
clustering. These results point to the potential of 3mc-PaCMAP projection and clustering detection to identify the possible emergence of new variants by
detecting the appearance and growth of clusters. (Bottom-Left) Cluster dynamics from the 3mc-PaCMAP projection and CLASSIX clustering of the data available
by 07/05/2021, proving the potential for detection of automatic cluster growth. The initially largest cluster is highlighted in blue and the fastest growing cluster
at the end is highlighted in red. Vertical dotted green lines show the times at which UKHSA designated the Delta variant a Variant Under Investigation (VUI), and
later VOC. (Bottom-Right) Estimated growth rate of clusters of interest.

Balancing the trade-offs of a proper information extraction
from the sequences, with computing costs, will be the subject of
future work, as will be an evaluation on which features might
be most significant for a suitable construction of genetic spaces.
Value could be added to these analyses by refinig the charac-
terisation methods through combination of different features
(ej. 3mc+envk3, see Supplementary Information), composed
characterisation through the extraction of features by each mean-
ingful genomic region (ej. 3mc(S)+3mc(N)+3mc(M)+3mc(E))
or applying other characterisation methods such as “protein-
nv” (37), graphical representation (38), and Fourier power
spectrum (39). Furthermore, previous methods for phyloge-
netic reconstruction have used non-Euclidean distances such as
Wasserstein (40), Kullback–Leibler (41), Yau–Hausdorff (38), or
Structural Similarity Index Measure (42). Thus, applying these
to dimensionality reduction algorithms might generate better

representations of the genetic landscape. Finally, applying more
sophisticated GPR to smooth the cluster growth counts could
improve the detection of growth rate signals.

The methods presented in this paper provide the means
to accelerate the identification of emerging pathogen VOCs.
The extremely rapid pace of algorithm development and their
implementation for dimensionality reduction and unsupervised
clustering is expected to continue, and as such produce further
valuable analyses that can complement more computationally
expensive phylogenetic methods.

Materials and Methods

The process described in this work was run using a laptop with a processor
of 11th Gen Intel(R) Core(TM) i7-11800H and 2.30 GHz, with a memory RAM
of 16 GB. The full GISAID database (7) was downloaded on 19 January 2023
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when it contained 14,617,387 SARS-CoV-2 sequences. These sequences were
then filtered to include only complete (>29,000 nucleotides), high-coverage
(<1% loci identified as N), human-originated sequences resulting in a total
of 5,726,839. Each sequence was aligned to the reference sequence hCov-
19/Wuhan/WIV04/2019 (43) using the tool MAFFT v7.453 (44) on an Ubuntu
Windows subsystem for Linux v20.04.1 LTS and Biopython v1.78 scripts. Then,
Pangolin lineages were obtained by running PangoLEARN v1.18 (4) and taking
the “Scorpio call” as “ground truth,” to compare to the clusters detected from the
PaCMAP projections. The first step was a comparison between the phylogenetic
methods and the PaCMAP projection (as seen in Fig. 1). To produce this a
subsample of n = 5,000 from the high-coverage sequences dataset sequences,
stratified by Scorpio lineage, was aligned and processed to generate maximum
parsimony phylogenetic trees using the tools MAFFT and IQTree v2.2.2.6 (29).
This size of subsample was determined by the limiting computational cost of
the phylogenetic analysis. The same subsample was then projected on two
dimensions using 3mc-PaCMAP to visualize the contrast between the emerging
structures from the two techniques.

To characterize the sequences, we wrote code in Python v3.10.0. The only
feature we considered in the main analysis was the k-mer count (referred to
as 3mc, given k = 3), which was produced by sliding a window of length k
through the whole sequence shifting one position at a time, obtaining n−k +1
overlapping strings, where n is the length of the sequence. From there, the
occurrences of words of length k formed by all combinations of nucleotides
were counted, resulting in a dictionary with the frequencies of each k-mer
as values. This means that for a sequence AAAAACGT, this algorithm would
extract a 3mc-dictionary: {AAA:3, AAC:1, ACG:1, CGT:1}. For simplicity, and to
keep within the scope of scalability of this project, the value of k was set to
3 for all k-dependent algorithms. Several other word-statistics characterization
techniques were analyzed, but we focused on 3mc which had the best clustering
performance, but the results of the analyses using the other characterization
techniques can be found in SI Appendix.

These word-statistics methods to characterize the sequences were then
projected onto low dimensions using unsupervised dimensionality reduction
algorithms. Within a machine learning context, unsupervised methods are
defined as those producing an automatic learning of computational rules
describing the relationship rules among the data using only the input data,
unlike supervised methods which find these relationship rules using both input
and output data. Unsupervised learning methods are often used to improve
interpretability by either human or computational supervised analysis (25).
Some of them are nonlinear dimensionality reduction methods such as t-SNE
(45) and UMAP (46), as well as linear methods such as principal components
analysis which we explored. We decided to use the algorithm PaCMAP v0.5.2.1
(26) which produced robust and interpretable results.

Afterward, the low dimensional space was minmax normalized, namely
the lowest value was normalized to 0 and the highest to 1 for all three
dimensions of the projection. Then, unsupervised clustering was performed
using HDBSCAN v0.8.27 (28, 30) and CLASSIX v0.6.5 (27). The parameters
of these clustering algorithms were set to their defaults, with the following
exceptions. For HDBSCAN, we set min_cluster_size=200_000, since otherwise
this defaults to 5, a value that generates an excessive number of small clusters
in a dataset of this size. For CLASSIX, we set radius=0.2 (compared to a default
of 0.5) and minPts=500 (compared to a default of 0). These changes were
made to improve the algorithm’s detection sensibility applied to the whole
dataset.

The quality of cluster detection was then evaluated through the metrics
of Adjusted Rand Index (ARI) and Adjusted Mutual Information Index (AMI).
Searching for the maximization of these metrics, the tuning of PaCMAP’s
algorithmic hyperparameters was carried out on a 5% subset of the data,
stratified by Scorpio labeling, before running the process on the full dataset

with the optimized parameters. The 3mc-PaCMAP projection of the 5% subset
was repeated on a 3× 3 grid for the PaCMAP parameters with combinations of
the hyperparameters MN in {0.25, 0.5, 1.0} and FP in {1.0, 2.0, 4.0}, while the
rest of parameters were kept at their default values. The optimal values for the
3mc-PaCMAP projection were 1.0 and 1.0 for MN and FP respectively. We call
this parametric set-up for the clustering and PaCMAP algorithms GISAID1. The
optimal values however differ for each characterization technique, as detailed in
SI Appendix.

In addition, to test the detection of emerging clusters through time, the
3mc-PaCMAP projection and clustering detection methods were applied to a
series of cumulative subsamples through time. This analysis only accounted for
the subset of GISAID sequences reported from England. The time resolution
step was defined as 2 wk. The 3mc-PaCMAP projection was performed with
the same parametric set-up as GISAID1, with the exception of a change on the
sensitivity of the size of the cluster detection of the HDBSCAN algorithm, since
we set min_cluster_size=500 for consistency with CLASSIX. This set-up was
called GISAID2 and resulted in an encouraging, although noisy, detection of
clusters for CLASSIX that roughly matched the Scorpio labels, but a tendency
of HDBSCAN to overshoot the number clusters detected by Scorpio. Further
parametric exploration was made to try to match more closely the Scorpio
labeling. The new parametric set-up changed the PaCMAP parameters MN and
FP to 0.25 and 2.0 respectively, while keeping the parameters of the clustering
algorithms as in GISAID2, and was called England1. Last, to review the capability
for cluster emergence detection of these methods, a Gaussian Process regression
was performed for each cluster based on their submission and collection dates,
similarly to the technique applied in ref. 35, which allowed calculation of the
growth rate signal of any given detected cluster.

Interactive 3D 3mc-PaCMAP projections plots, Python scripts, and a
subsample of the dataset are available at: github.com/robcah/dimredcovid19.

Data, Materials, and Software Availability. The code, fasta files and
interactive 3D 3mc-PaCMAP projections plots are available at https://github.
com/robcah/dimredcovid19 (47), with persistent identifier (48).
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