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Abstract
Probabilistic phylogenetic inference requires substitution models of molecular evolution, which should
be as realistic as possible to yield accurate predictions. At the protein level, empirical substitution
models are well established in phylogenetics. However, the number of available empirical substitution
models remains limited, and only a few focus on rapidly evolving viruses. Indeed, no substitution models
have yet been developed specifically for SARS-CoV-2 proteins, despite their potential to improve
evolutionary predictions. Here, we present a set of empirical substitution models for SARS-CoV-2
proteins, including the main protease, papain-like protease, spike protein, and the complete proteome.
We estimated these models using maximum likelihood from thousands of protein sequences and
validated with independent datasets. Overall, the estimated empirical substitution models outperformed
currently available empirical models in terms of phylogenetic likelihood and revealed distinct
evolutionary patterns among SARS-CoV-2 proteins. Additionally, using forward-in-time evolutionary
simulations, we found that SARS-CoV-2 proteins evolved under these empirical substitution models
generated protein variants with folding stabilities more realistic than those produced under other
empirical substitution models. We conclude that evolutionary inferences based on protein-specific
substitution models are generally more accurate and biologically realistic than those based on generalist
models, and recommend the empirical substitution models presented here for evolutionary predictions
of SARS-CoV-2 proteins.

Introduction
The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) continues to circulate globally,
causing significant morbidity and millions of deaths each year [1]. The evolution of this virus has shown
the fixation of multiple mutations (substitutions) that confer fitness advantages such as altered
transmissibility, increased virulence, and enhanced immune evasion capabilities [2–6]. Consequently,
understanding the molecular evolution of SARS-CoV-2 is crucial for designing effective treatments that
target circulating viral diversity [7, 8] and for predicting past and future evolutionary trajectories [9–13],
which can also inform the design of therapeutic strategies against the virus [14].

In this regard, empirical substitution models of protein evolution, which capture the observed
substitution patterns in terms of relative rates of change among amino acids and amino acid
frequencies at the equilibrium, can provide valuable insights for evolutionary predictions [15–18].
Actually, these models are widely used in evolutionary biology to infer phylogenetic trees, ancestral
sequences, evolutionary parameters and selection pressures, as well as to simulate molecular evolution,
among other applications [15–21]. Thus, empirical substitution models of protein evolution have been
broadly implemented in popular phylogenetic frameworks (e.g. RAxML-NG [22], ModelTest-NG [23], IQ-
TREE [24] and MEGA [25], among others). However, the number of available empirical substitution
models remains limited considering the vast variety of existing protein families [26], which can lead to
unrealistic modeling in many cases [e.g., 27]. Since evolutionary patterns can vary among proteins [26]
and the choice of substitution model can affect the accuracy of phylogenetic trees and ancestral
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sequence reconstructions [28–30], the development of empirical substitution models for proteins whose
evolutionary patterns are not represented by existing models is important. In the case of SARS-CoV-2,
the virus encodes a variety of proteins (including nonstructural, structural, and accessory proteins [6, 31,
32]) required for virus replication, but no empirical substitution models have yet been developed to
mimic the evolution of these proteins.

Here, we present empirical substitution models of evolution for several key SARS-CoV-2 proteins,
including spike, main protease (Mpro, nsp5), and papain-like protease (PLpro, nsp3), as well as a model
for the entire SARS-CoV-2 proteome. The models were inferred using the maximum likelihood (ML)
approach applied to thousands of protein sequences, and their fit to real SARS-CoV-2 data was evaluated
by comparison with currently available empirical models, using phylogenetic likelihood and the folding
stability of modeled proteins.

Material and Methods

Estimation of empirical substitution models of protein
evolution for SARS-CoV-2
The extensive sequencing of SARS-CoV-2 enables comprehensive evolutionary analyses of the virus.
Sequences were obtained from the GISAID and NCBI databases, and we applied a filtering step to
include only sequences without ambiguities and without indels of 10 or more amino acids with respect
to the reference protein sequence (NCBI Protein ID: YP_009724389.1), as well as sequences sharing at
least 75% amino acid identity with the reference to exclude poor-quality annotations and select realistic
variants [33]. Sequences from each dataset were aligned using MAFFT [34]. For each of the spike, Mpro,
and PLpro SARS-CoV-2 proteins (with sequence lengths of 1273, 306 and 316 amino acids, respectively),
we constructed a protein sequence dataset of 100,000 randomly sampled sequences for estimating the
corresponding substitution model, hereafter referred to as the method dataset. For the entire proteome
(sequence length of 34,386 amino acids), the method dataset included 20,000 randomly sampled
sequences. We also constructed test datasets to evaluate the estimated substitution model for each
study protein and for the proteome. In particular, we generated 10 independent test datasets for each
protein and for the proteome, each comprising 1,000 randomly sampled sequences (not included in the
method dataset), except for the proteome datasets, which included 100 sequences each. Larger sample
sizes were not employed due to computational limitations of ML calculations.

We estimated the empirical substitution models for each SARS-CoV-2 protein and for the proteome
using ML with the QMaker method [35] implemented in IQ-TREE2 [24], based on the corresponding
method dataset and a phylogenetic tree. This phylogenetic tree was previously reconstructed with ML
under the available best-fitting empirical substitution model selected for the corresponding dataset with
ModelFinder [36] (Table S1; Supplementary Material). Accordingly, we estimated the general time-
reversible 20⋅20 exchangeability matrix (Q), which includes the relative rates of change between amino
acids and the amino acid frequencies at the equilibrium (Equation I).
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 (I)

The resulting exchangeability matrices for each SARS-CoV-2 protein and for the proteome (hereafter
named SC2-Mpro, SC2-PLpro, SC2-Spike, and SC2-Proteome) were included in a public database of
empirical substitution models of protein evolution, eModelDB (https://emodeldb.streamlit.app/ [26]), to
facilitate accessibility and comparison with other substitution models.

Evaluation of the empirical substitution models of SARS-CoV-2
protein evolution
We evaluated the estimated empirical substitution models using phylogenetic likelihood and the folding
stability of modeled proteins. In particular, we compared the fit of the empirical substitution models,
including the models estimated here and other currently available empirical models, with the test
datasets.

To evaluate the models through phylogenetic likelihood, we calculated the phylogenetic likelihood of the
SARS-CoV-2 substitution models and the existing best-fitting models selected with ModelFinder
(Kalyaanamoorthy et al. 2017; Minh et al. 2020) for each test dataset. All substitution models were
evaluated both considering and ignoring their amino acid frequencies at the equilibrium (+ F). We then
used the Bayesian Information Criterion (BIC) and the Akaike Information Criterion (AIC) [37–39], as
implemented in ModelFinder, to identify the substitution model providing the best phylogenetic fit to each
test dataset. Additionally, we found it interesting to assess the similarity between each SARS-CoV-2
substitution model and widely used empirical substitution models. For this purpose, we normalized the
instantaneous rate matrices (scaling vales between 0 and 1) and the stationary amino acid frequencies
across all substitution models, enabling direct comparison among their elements. Subsequently, we
performed a principal component analysis (PCA) using the Python scikit-learn library (Pedregosa et al.
2011) to identify the relative distances among substitution models.

Next, we evaluated the SC2-Mpro and SC2-PLpro substitution models through the folding stability of
modeled proteins, as the structures of these proteins can be computationally modeled in intensive
simulations of protein evolution along evolutionary histories. In particular, we performed forward-in-time
simulations of SARS-CoV-2 Mpro and PLpro sequences under the estimated SARS-CoV-2 substitution
models, under the currently available substitution models that previously produced the best phylogenetic
fit and, under a structurally constrained substitution (SCS) model [40, 41]. For this purpose, we simulated
evolutionary histories using a standard population birth-death model [13], which assigns birth and death
rates according to fitness effects derived from protein stability, while modeling protein evolution under
each studied substitution model using ProteinEvolver2 [13]. The Wuhan strain sequence of Mpro
(YP_009725301.1) and PLpro (YP_009742610.1) was assigned to the root node and evolved forward in
time (along the birth-death evolutionary history and under the substitution model), generating multiple
sequence alignments of 1,000 sequences (see Table S2, Supplementary Material, for detailed
information on the parameters used for the birth-death and substitution models). A total of 100

Qij = Mijfij
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simulated multiple sequence alignments with sequence identity similar (±0.01) to that observed in the
real test dataset were generated. Finally, we estimated the protein folding stability (ΔG) of both real and
simulated protein sequences under each substitution model using DeltaGREM [41, 42], using the Wuhan
strain as the reference structural template.

Results

Substitution patterns in SARS-CoV-2 proteins
The empirical substitution models estimated for SARS-CoV-2 proteins revealed both general and protein-
specific evolutionary patterns. Overall, the SC2-Mpro and SC2-PLpro models showed multiple amino acid
changes with low relative substitution rates [e.g., histidine-valine (H-V) and serine-glutamine (S-Q)],
whereas the substitution models estimated for the spike and the entire proteome were less restrictive
(Table 1 and Fig. 1). Indeed, the substitution models showed some recurrent evolutionary patterns
(Table 1) associated with the physicochemical properties of the amino acids involved in the substitution
events, as detailed below.

Table 1
Frequent amino acid replacements identified in SARS-CoV-2 protein substitution models. Amino acid
replacements with the highest relative rates of change (above 0.9 in normalized rates ranging from 0 to
1) in the SARS-CoV-2 empirical substitution models are shown. The table lists the amino acids involved
in each type of substitution, the normalized relative substitution rate, and a classification based on the

physicochemical properties of the involved amino acids (shown in parentheses). This classification
includes (1) conservation of size and hydrophobicity, (2) diversification of physicochemical properties,

and (3) conservation of amino acid charge.
SARS-CoV-2 substitution
model

Frequent amino acid replacement

SC2-Mpro Ala-Val
(1)

0.911

Lys-Arg
(3)

0.944

Pro-His
(2)

1.000

Thr-Ile
(1)

0.996

Val-Ile (1)

0.951

Leu-Phe
(1)

0.947

SC2-PLpro Ala-Asp
(3)

0.996

Ala-Val
(1)

0.978

Ser-Gly
(2)

0.907

Thr-Ile
(1)

1.000

Leu-Pro
(2)

1.000

Pro-Ser
(2)

1.000

SC2-Spike His-Gln
(3)

1.000

Gln-E (3)

0.952

Gly-Asp
(2)

0.992

Arg-Lys
(3)

0.953

Tyr-His
(3)

1.000

-

SC2-Proteome Val-Ala
(1)

0.950

His-Tyr
(1)

1.000

Ile-Thr (1)

1.000

Pro-Ser
(2)

0.915

- -
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1. Conservation of amino acid size and hydrophobicity in certain substitutions. Substitutions between
amino acids of similar size (and often hydrophobicity) were commonly observed in the estimated
models. For example, the alanine-valine (A-V) substitution, which preserves both hydrophobicity and
size, showed a high substitution rate in all estimated models. Substitutions between amino acids of
comparable size but variable polarity were also frequent. For instance, threonine-isoleucine (T-I),
valine-isoleucine (V-I) and histidine-tyrosine (H-Y) generally showed high substitution rates in the
SC2-Mpro, SC2-PLpro and SC2-Proteome models (Fig. 1). Similarly, the leucine-phenylalanine (L-F)
substitution, which preserves hydrophobicity, also showed a high substitution rate.

2. Diversification of physicochemical properties in certain amino acid substitutions. Some substitutions
between amino acids with distinct physicochemical properties were also detected in the estimated
models. Notably, proline-histidine (P-H) substitutions involve the replacement of a non-polar,
conformationally restricted residue (P) with a polar residue that can acquire a positive charge (H).
Indeed, proline-serine (P-S) and proline-leucine (P-L) substitutions [involving non-polar and structural
torsional effects (P) toward other residues] were relatively frequent in the studied proteins.
Additional recurrent substitutions involved glycine-serine (G-S) and glycine-aspartate (G-D), which
replace the smallest non-polar residue with either a small polar or a charged residue.

3. Conservation of charge and related physicochemical properties in certain amino acid substitutions.
Amino acid substitutions that preserve residue charge were frequently observed in proteins that
must modulate surface properties involved in host recognition and immune escape. Most of these
substitutions were detected in the SC2-Spike model. For example, the arginine-lysine (R-K)
substitution preserves positive charge, whereas histidine-glutamine (H-Q) and histidine-tyrosine (H-
Y) substitutions conserve polarity and related properties. In SC2-Mpro, the high lysine-arginine (K-R)
substitution rate reflects a conservative exchange between two positively charged residues,
suggesting maintenance of local electrostatic interactions while allowing modest flexibility in side-
chain geometry. This pattern is consistent with constraints related to structural stability or substrate
recognition. The glutamine-glutamate (Q-E) substitution, which replaces a polar residue with a
negatively charged residue, was frequent in spike. Similarly, in SC2-PLpro, alanine-aspartate (A-D)
substitutions, involving exchanges between a small non-polar residue and a negatively charged
residue, were also frequent.

Regarding stationary amino acid frequencies, which influence exchangeability rates among amino acids,
we observed elevated frequencies of proline (P, 0.123) in the SC2-Mpro model, leucine (L, 0.131) and
isoleucine (I, 0.086) in the SC2-PLpro model, phenylalanine (F, 0.124) and valine (V, 0.080) in the SC2-
Spike model, and lysine (K, 0.247) in the SC2-Proteome model.

Evaluation of empirical substitution models of SARS-CoV-2 proteins
through phylogenetic likelihood
The estimated empirical substitution models for SARS-CoV-2 proteins generally fit the test datasets
better, yielding lower BIC and AIC scores, than existing empirical substitution models in almost all test
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datasets (Fig. 2 and Tables S3-S6; Supplementary Material). Notably, considering the observed amino
acid frequencies (+ F) for SC2-Mpro and SC2-PLpro models resulted in worse fitting with the test
datasets than the currently available empirical substitution models (Fig. 2AB). The SC2-Spike model also
showed improved fit relative to existing empirical substitution models. However, in this case,
incorporating observed amino acid frequencies from the test datasets further enhanced model
performance (Fig. 2C). Similarly, the SC2-Proteome model showed its best fit when evaluated using the
observed amino acid frequencies (Fig. 2D). We next assessed the performance of the SC2-Proteome
model relative to the SARS-CoV-2 protein-specific models (SC2-Mpro, SC2-PLpro, and SC2-Spike) and
standard empirical substitution models for the corresponding test datasets. For the Mpro and PLpro test
data, the SC2-Proteome model ranked in an intermediate position based on BIC and AIC scores, with
slightly improved performance when using observed amino acid frequencies (+ F) (Tables S3-S6).
Interestingly, for the spike data, the SC2-Proteome + F model ranked second or third in terms of fit to the
several proteome test datasets, alternating with the SC2-Spike model and just behind the SC2-Spike + F
model (Tables S3-S6).

Similarity between substitution models for SARS-CoV-2
proteins and other currently available empirical
substitution models
We compared the estimated SARS-CoV-2 substitution models with other existing empirical substitution
models that previously showed high fit to the SARS-CoV-2 test datasets. Principal component analysis
(PCA) based on the exchangeability matrices revealed a clear separation among empirical models
inferred from general data (i.e., JTT [43]), lineage-specific data (i.e., HIVw [44], FLU [45], FLAVI [46], and
Q.Bird [35]), and nuclear generalist data (i.e., VT [47] and PMB [48]) (Fig. 3), in agreement with previous
studies [26]. With respect to the SARS-CoV-2-specific models, the SC2-Spike and SC2-Proteome models
clustered closely, whereas the SC2-Mpro and SC2-PLpro models were more distantly related to other
models (Fig. 3). Notably, the alanine-valine (A-V) substitution is strongly emphasized in SARS-CoV-2-
specific models, with extremely high rates (above 0.75). In contrast, standard empirical models assign
substantially lower rates to this replacement, including JTT, PMB, and VT models (A-V rates below 0.35),
as well as the FLU model (A-V rate of 0.23), whereas other virus-specific models, such as HIVw and
FLAVI, show intermediate A-V rates (0.52 and 0.41, respectively). An opposite pattern is observed for the
threonine-serine (T-S) substitution. This amino acid replacement shows high rates in general empirical
models, reaching 0.49 in JTT, 0.56 in PMB, and 0.59 in VT, but is comparatively reduced in SARS-CoV-2-
specific models and in some other models such as Q.Bird, HIVw, FLU, and FLAVI (below 0.25). The
valine-methionine (V-M) replacement further distinguishes the Q.Bird model from other empirical
models, showing a high rate (above 0.57). A similarly elevated rate is observed in the SC2-PLpro model
(0.63), whereas this rate remains below 0.33 in both general empirical models and the remaining SARS-
CoV-2-specific models. Finally, although the HIVw, FLU, and FLAVI models do not display elevated rates
for any particular substitution type, they share a general pattern of reduced rates across multiple
substitution types. This pattern is shared with the SC2-Mpro and SC2-PLpro models but contrasts with
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the other SARS-CoV-2-specific models. These differences show how SARS-CoV-2-specific substitution
models capture variable evolutionary constraints relative to both general and lineage-specific empirical
models.

Evaluation of empirical substitution models of SARS-CoV-2 proteins
through protein folding stability
We compared the folding stability of protein sequences simulated under three models (the estimated
SARS-CoV-2-specific models, the likelihood-based best-fitting traditional empirical model, and the SCS
model) with that of the real sequences, using 100 diversity-matched simulated alignments for Mpro and
PLpro. For Mpro simulated data, all the substitution models simulated proteins with only a slight
decrease in folding stability relative to the real sequences (Fig. 4). The SC2-Mpro model performed
significantly better than the traditional likelihood-based best-fitting empirical model, although it did not
outperform the SCS model. For PLpro, simulated protein sequences under the SC2-PLpro model showed
folding stabilities closer to those observed in the real data than sequences generated with the SCS
model, which produced overly stable proteins, or the traditional likelihood-based best-fitting empirical
model (FLAVI), which produced less stable proteins.

Discussion
Probabilistic phylogenetics requires substitution models of molecular evolution to determine which
states are likely to be present over evolutionary time [49, 50]. In this regard, empirical substitution
models of protein evolution remain widely used in the field due to their computational efficiency and
implementation in popular software [22–25]. An important factor is that different models can mimic the
evolution of a given dataset with varying accuracy, potentially influencing evolutionary inferences derived
from them [29, 30, 51]. The current collection of empirical substitution models of protein evolution
remains limited relative to the diversity of protein families and taxa that exist [26] and, therefore,
expanding this set with additional models is important to achieve appropriate model fitting for newly
generated data [27]. An example is the evolution of SARS-CoV-2 proteins, which is central for
reconstructing the phenotypic past of the virus, projecting its future evolutionary trajectories, and
informing the development of effective therapeutic strategies. Motivated by the lack of empirical
substitution models for SARS-CoV-2 proteins, we developed empirical substitution models for
fundamental SARS-CoV-2 proteins as well as for the entire viral proteome. We found that SARS-CoV-2-
specific substitution models generally fit SARS-CoV-2 protein data better than standard empirical
models, indicating that they more accurately capture the evolutionary patterns of SARS-CoV-2 proteins.

Interestingly, we identified distinct substitution patterns among the SARS-CoV-2-specific substitution
models, with the viral proteases showing stronger evolutionary constraints than the spike protein and the
proteome. This is expected, as proteases perform specific catalytic functions that usually require tight
structural packing [52, 53] and the conservation of key catalytic residues [54]. Accordingly, substitutions
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in these enzymes are often disfavored when they do not preserve side-chain size or structural
compatibility [55, 56]. Despite these constraints, the SC2-Mpro model showed tolerance to substitutions
between lysine and leucine, likely occurring at solvent-exposed or structurally flexible regions. Similarly,
frequent proline-leucine substitutions observed in the SC2-PLpro model can reflect a combination of
local structural tolerance and compositional bias. Although proline is a relatively infrequent amino acid,
its replacement by leucine suggests that these positions are not deeply buried or critically constrained.

Regarding the spike protein, crucial for host cell entry and immune evasion [2], its model (SC2-Spike)
exhibited high rates of amino acid replacement, including adjustments in charge and polarity. Such
substitutions are consistent with its predominantly surface-exposed role and the need for adaptive
flexibility. For example, frequent tyrosine- histidine substitutions can facilitate interface plasticity by
enabling rapid modulation of binding affinity or antibody recognition through changes between aromatic
and polar/charged states [57–59]. Tyrosine residues are often enriched in antibody-binding sites, where
they contribute through aromatic and hydrogen‑bonding interactions [60–63], whereas histidine
substitutions are commonly used to introduce pH‑dependent and plastic binding behavior that can
modulate affinity and antigen recognition [64, 65]. Additional substitutions between basic residues,
particularly lysine and arginine, likely occur at solvent‑exposed or membrane‑proximal regions, where
flexible or loop‑like regions can accommodate changes in side‑chain chemistry [66, 67]. Such lysine-
arginine replacements are known to remodel surface electrostatics, enhance membrane affinity, and
modulate membrane fusion efficiency [66–69]. Likewise, polar residues such as histidine and glutamine
are often enriched in flexible, interaction‑prone regions that support adaptable surface and
phase‑separation interactions [62, 63, 68, 70]. Finally, the SC2-Proteome substitution model captures
general evolutionary patterns shared across SARS-CoV-2 proteins, emphasizing broad constraints such
as hydrophobic core conservation and side-chain size compatibility, while lacking the protein-specific
selective pressures observed in the models based on individual proteins. Interestingly, the high lysine
frequency observed in this model can reflect an overall compositional bias toward basic residues in
SARS-CoV-2 proteins.

The estimated SARS-CoV-2 substitution models generally provided a better likelihood-based fit to
independent SARS-CoV-2 datasets than the currently available standard empirical substitution models.
In particular, the SARS-CoV-2 protein-specific substitution models generally outperformed standard
empirical models, reflecting protein-specific selective pressures acting on SARS-CoV-2 protein evolution.
The SC2-Proteome substitution model ranked after the protein-specific models, suggesting that it
effectively captures substitution patterns shared across diverse SARS-CoV-2 proteins. Notably, the
performance of SARS-CoV-2 substitution models depended on whether the estimated amino acid
frequencies at the equilibrium or the amino acid frequencies observed in the study test data were
considered. Models based on estimated amino acid frequencies at the equilibrium were more accurate
in mimicking the evolution of small SARS-CoV-2 proteins, Mpro and PLpro, which we believe can reflect
the importance of certain amino acids under strong functional constraints [54, 71]. In contrast,
substitution models derived from large proteins (spike and the proteome) showed improved
performance when using amino acid frequencies observed in the study test data, possibly because
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these frequencies provide a more general instantaneous perspective, whereas background
compositional information can become noisier due to the presence of multiple embedded regions with
distinct evolutionary patterns. Consistent with this interpretation, principal component analysis revealed
that SC2-Mpro and SC2-PLpro cluster separately from SC2-Spike and SC2-Proteome, reflecting distinct
protein- and lineage-specific evolutionary constraints. A clear example is the alanine-valine substitution,
which is strongly favored in SARS-CoV-2-specific models (particularly SC2-Mpro, SC2-PLpro, and SC2-
proteome) but occurs at substantially lower rates in standard empirical models and at intermediate
levels in other virus-specific models. This pattern supports a tendency toward larger and more
hydrophobic residues at certain positions of SARS-CoV-2 proteins [72]. In contrast, the threonine-serine
substitution shows an opposite trend, being common in general empirical models but consistently
reduced in SARS-CoV-2-specific and other viral models, suggesting tighter constraints on substitutions
among polar residues. Additional model-specific signatures, such as elevated valine-methionine
substitution rates in SC2-PLpro and Q.Bird, further highlight functional or structural specialization.
Together, these patterns indicate that empirical substitution models capture biologically meaningful
differences in selective pressures rather than universal substitution tendencies.

Besides, we evaluated the performance of the SC2-Mpro and SC2-PLpro models by examining the
folding stability of simulated proteins. Overall, sequences evolved under these SARS-CoV-2-specific
models showed folding stabilities closer to those observed in real proteins than did sequences
simulated under other empirical models or even under an SCS model (Fig. 4). The latter finding was
partially unexpected, as SCS models have often outperformed empirical models in similar contexts [28,
29, 41, 54, 73–75], and empirical models have frequently failed to generate proteins with realistic
stability profiles [28, 76, 77]. We suspect that the strong performance of the substitution models for
SARS-CoV-2 proteins likely reflects the importance of using empirical models based on protein-specific
data, which implicitly capture evolutionary constraints while allowing their straightforward integration
into probabilistic methods for evolutionary inference.

The empirical substitution models of SARS-CoV-2 protein evolution developed in this study have been
incorporated into the EModelDB empirical model database. Our results indicate that these models
capture protein-specific evolutionary patterns in SARS-CoV-2 and can improve the accuracy of
phylogenetic inferences, enabling more reliable predictions of past and future evolutionary trajectories.
Accurate substitution models are generally needed to model protein evolution across diverse organisms,
and although inferring them requires large data, the continuing expansion of sequence databases and
advances in computational methods are helping to overcome this limitation. Altogether, the SARS-CoV-2
substitution models presented here can enhance evolutionary inferences for this virus and motivate the
development of additional protein-specific substitution models. We also highlight that widely used
phylogenetic frameworks should expand their set of implemented substitution models [26] to facilitate
the use of appropriate substitution models for specific datasets.
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Figure 1

Relative substitution rates among amino acids and amino acid frequencies at the equilibrium in the
estimated SARS-CoV-2 substitution models. Relative amino acid substitution rates are shown above,
and amino acid frequencies at the equilibrium are shown below. Estimates for each SARS-CoV-2
substitution model are displayed in colors as indicated in the figure legend.
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Figure 2

Evaluation of the SARS-CoV-2 substitution models through phylogenetic likelihood in comparison with
standard empirical substitution models. The panel shows the difference in Bayesian Information
Criterion scores (ΔBIC) between each SARS-CoV-2 substitution model and the best-fitting standard
empirical model for each test dataset. Negative ΔBIC scores indicate that the SARS-CoV-2 substitution
model provides a better fit to the corresponding test dataset than the standard empirical model. Each
plot corresponds to a specific SARS-CoV-2 protein or the proteome. For each protein, we evaluated two
SARS-CoV-2 substitution models: the base model, which includes the estimated amino acid frequencies
at the equilibrium (dark gray), and a model using the amino acid frequencies observed in the test dataset
(+F, light gray). Results are shown for 10 independent test datasets (1-10), and the best-fitting standard
model used as the baseline is indicated below. The last bar provides the mean ΔBIC across all test
datasets, with error bars representing the 95% confidence interval.
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Figure 3

Principal component analysis of SARS-CoV-2 and standard empirical substitution models. The principal
component analysis shows the positions of the SARS-CoV-2 substitution models relative to standard
empirical substitution models that provided high phylogenetic likelihoods with the test data. Each point
represents a substitution model. Distances between substitution models reflect dissimilarities among
their substitution matrices and revealed several clusters (e.g., PMB and VT models, or SC2-Spike and
SC2-Proteome models). The first principal component (PC1) explains 43.4% of the variance (horizontal
axis), and the second principal component (PC2) explains 19.0% (vertical axis).
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Figure 4

Protein folding stability of real and simulated Mpro and PLpro sequences under diverse substitution
models. Bars show the folding stability (ΔG, kcal/mol) for Mpro (left) and PLpro (right) sequences
simulated under three different substitution models: the SARS-CoV-2-specific model, the standard
likelihood-based best-fitting empirical model, and the structurally constrained substitution (SCS) model.
Gray bars represent the mean ΔG of sequences from 100 simulated multiple sequence alignments, with
error bars indicating the 95% confidence interval. The dark gray dashed horizontal line shows the mean
ΔG of the real protein variants, with the surrounding gray shaded band indicating the 95% confidence
interval.
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