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Database Composition

Table 1: Database Composition: WHO Labels [36], Nextstrain Clade [37], Pango Lineage, S RBD Mutations
and Corresponding Mutant Types.

WHO Label Nextstrain
Clade

Pango Lineage RBD Co-Mutations Label References

Wild Type and Neutral Mutations

- - B - −− [1]

- - - S:K417Y −− [2]

- - - S:N439R −− [2, 3]

- - - S:Q498I −− [2, 3]

- - - S:Q498L −− [2]

- - - S:Q498V −− [2]

- - - S:S494K −− [2]

- - - S:S494Q −− [2]

- - - S:V445L −− [2, 4]

- - - S:Y489F −− [2]

- - - S:Y505F −− [2, 5]

More Infective and Immune-Evasive Variants

- - - S:E484Q ++ [6–8]

- - - S:L452Q ++ [8, 9]

Beta 20H B.1.351 S:K417N+E484K+N501Y ++ [10, 11]

Delta 21A B.1.617.2 S:L452R+T478K ++ [12, 13]

Epsilon 21C B.1.427/9 S:L452R ++ [14–16]

Gamma 20J P.1 S:K417T+E484K+N501Y ++ [17–19]

Kappa 21B B.1.617.1 S:L452R+E484Q ++ [20, 21]

Iota 21F B.1.526 S:S477N+E484K ++ [22–24]

Mu 21H B.1.621 S:R346K+E484K+N501Y ++ [25, 26]

Omicron1 21K B.1.1.529

S:G339D+S371L+S373P+S375F+

K417N+N440K+G446S+S477N+

T478K+E484A+Q493R+G496S+

Q498R+N501Y+Y505H

++ [27]

Theta 21E P.3 S:E484K+N501Y ++ [28, 29]

More Infective, Less Immune-Evasive – Less Infective, More Immune-Evasive

- - - S:N354D +− [14, 30]

- - - S:N501S +− [31]

- - - S:N501Y +− [32, 33]

- - - S:S477N +− [7, 8, 23]

- - - S:T478K +− [12, 13]

- - - S:V367F +− [14, 30, 34]

- - - S:F490L −+ [14, 30]

- - - S:F490S −+ [6–8, 30]

- - - S:G446V −+ [7, 31]

- - - S:K417N −+ [7–9]

- - - S:K417T −+ [7–9]

- - - S:N439K −+ [3, 14, 30]

- - - S:R346K −+ [9, 30]

- - - S:Y508H −+ [14, 30]

Lambda 21G C.37 S:L452Q+F490S −+ [30, 35]

Zeta 20B P.2 S:E484K −+ [7, 14, 30]
1
Omicron (21K) has more than 3 mutations in the RBD, as described in [38].
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Binary Classification Problem

We model the problem of identifying subtle conformational changes in MD trajectories, which are associ-
ated with more infectious and immune-evading SARS-CoV-2 strains, as a binary classification. Therefore,
we formulate the problem as a test of two mutually exclusive hypotheses:

• H0, null hypothesis, corresponds to the wild-type (WT)
• H1, alternative hypothesis, not wild-type (i.e., any of the variants labeled as ”++”)

Consequently, we can obtain the optimal classifier by the likelihood ratio (Λ) between two hypotheses
and a threshold [39], represented by

Λ(y) =
p(y | H1)

p(y | H0)

H1

≷
H0

λ. (1)

Thus, p(y | Hi) is the likelihood function for hypothesis Hi (where i = {0, 1}), which is evaluated for
sample y, and λ is the decision threshold. Thus, for a given sample y, we reject the null hypothesis if the
likelihood ratio is greater than a threshold λ, which is independent of y [40].

In the context of the variant identification problem, the class labels are derived from the directory
structure, referred to as negative samples and positive samples. We encoded these labels as float32 scalars
with values of 0 or 1, respectively [41]. Consequently, after model prediction, for a given instance x labeled
as 1 (positive sample), the a posteriori probability that this instance belongs to the non-wild-type class,
P (non-wild-type| x), tends to be closer to 1. A high P (non wild-type| x) indicates significant confidence
of the model in its prediction that the instance belongs to the non-wild-type class [42]. Similarly, for
an instance x labeled 0 (negative sample), the a posteriori probability that this instance belongs to the
wild-type class, P (wild-type| x), tends to be 0.

Two types of errors can occur in classification. Type I errors represent a failure to reject the null
hypothesis, despite being false. Errors of this type are called misses; that is, the model decides that the
sample corresponds to the wild-type class when the correct sample is not the wild-type class. In the case
of type II errors, the null hypothesis is rejected erroneously. Errors of this type are called false alarms;
that is, the model decides that the sample corresponds to the non-wild-type class when the correct sample
would be the wild-type class [42].

Therefore, if the alternative hypothesis is true and the model classifies the sample as not wild-type,
this indicates that the model correctly infers and does not reject H1. In hypothesis testing theory, this
corresponds to a decision that aligns with the correct class, representing a true positive [42].
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Hyperparameter Optimization

We employ an automated hyperparameter fitting approach for the model using genetic algorithms (GAs).
GAs represent an effective technique for optimizing the topology of a neural network and learning param-
eters [43]. The objective is to adjust the model capacity by finding the set of hyperparameters within a
hypothesis space that optimizes an objective function, that is, the validation error [44].

To determine the optimal hyperparameters, we define a search space that comprises a set of key
hyperparameters: BS with options of 32, 64, 128 and 256; a dropout rate of 0.25, 0.3, 0.5 and 0.6; a
number of epochs spanning 50, 100, 150 and 200; and an Adam optimizer [45] configured with a learning
rate ranging between 0.1, 1E − 2, and 1E − 3, with constants β1 = 0.9, β2 = 0.999, and ϵ = 1E − 7 [41].
In this scenario, the individual has been encoded as a vector, where each position on the vector contains
a potential value for the hyperparameter. We obtain the fitness of each individual by calculating the
average error percentage, considering the performance at all folds.

Once the most adept individuals have been identified based on their fitness, we applied uniform
crossover and mutation operations using probabilities of 0.5 and 0.25, respectively [46]. The population
was updated over 10 generations. Ultimately, the optimal individual obtained featured hyperparameter
ensembles of 64, 0.5, 100, and 1E − 3, corresponding to a cross-validation average error rate of 1%.

In addition, we generate receiver operating characteristic (ROC) curves for the best model con-
figuration based on cross-validation for suboptimal models (Fig. 1a – ROC curve for the best model
configuration) and for the independent test set (Fig. 1b – ROC curve for the independent test set). The
area under the estimated ROC curve (AUC) for both cases is equivalent to 0.930 and 0.800, respectively.
An AUC of 0.800 for the independent test set still reflects a good level of model performance, although
this decrease in AUC relative to validation highlights the complexity of the problem.

(a) (b)

Fig. 1: Hyperparameter optimization. (a) ROC curve for the best model configuration based on cross-
validation. (b) ROC curve for the independent test set.
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Feature visualization

To better understand the patterns, present in the feature maps, as well as their relationship with fluc-
tuations in the RBD, we generated a 2D visualization to represent pixel intensities relative to feature
maps from ImageJ software [47]. For this analysis, we used the centroids that represent cluster 0 of the
MD trajectories for both the wild type (−−) and the Beta variant (++). Thus, since each pixel in the
feature map corresponds to a specific pair of residues, we can infer that the pixel intensity values are
related to pairwise distances.

Fig. 2: Plot profile. The superposition of two-dimensional graphs illustrates the averaged pixel intensities
of both the WT (−−) and Beta variant (++) centroids’ feature maps, with a specific focus on the
receptor binding motif (RBM). The region comprising residues 470-490 of the RBD (loop β

′

1/β
′

2 − C)
exhibits the most significant difference in mean pixel intensities between the two maps.

In visualization (Figure 2 – Plot profile), the x axis represents the residuals that comprise the RBM
region, while the y axis represents the average pixel intensity vertically along the RBM. Upon analyzing
the patterns learned by the model, we found that the segment of residuals related to the loop β

′

1/β
′

2 −C
exhibits considerable variations in the intensity of the pixels, when we superimpose the curves on the
two centroids. These differences in pixel intensities might be linked to subtle conformational changes
resulting from specific mutations, such as S:E484K, which is near the center of the loop region.
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