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Building on previous studies, we identified mathematical patterns in HIV-1 and SARS-CoV-2 genomes 
using transfer learning and explainability with a pre-trained CNN on genomic spectrograms. These 
patterns seemed to define viral characteristics, leading us to hypothesize that inherent mathematical 
patterns in a virus’s genome determine its features. To explore this further, we focused on SARS-
CoV-2 variant classification, designing a methodology with genomic spectrograms, a two-stage 
transfer learning approach, and two-step explainability. This approach identified genomic regions 
and nucleotide frequency patterns that characterize specific variants, revealing clear, distinguishable 
patterns for each category. The distinct and consistent total regions of high activation for each variant 
highlight the significance of the genomic region from the beginning of S gene to the end of 3’UTR in 
identifying the variants under study. The frequencies f = 1/9 and particularly f = 1/3 within this 
region appeared to play a key role in their identification. The shared prominence of f = 1/3 in the 
final segment of the genome for both pre-VOC and Omicron (despite different pattern shapes) may 
hint at a phylogenetic connection in SARS-CoV-2 or even suggest that Omicron evolved from a pre-
VOC lineage. The confirmation that mathematical patterns are associated with variant classification 
represents a step forward in demonstrating that these patterns play a role in viral characterization, 
suggesting the existence of an additional layer of genomic information that may enable virus 
characterization in a low-computing, and efficient manner compared to traditional methodologies.
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Genome frequency-domain analysis offers a promising graphical approach for identifying biological patterns1–3. 
The application of signal processing tools to genomic sequences across different organisms has revealed 
significant relationships between nucleotide periodicity and various genomic features4. For example, it has 
provided insights into the connection between coding regions and sensitivity at frequency f = 1/35, the 
localization of non-coding RNA molecules6, and the detection of GpC islands and micro-satellites7.

One of the advantages of these methods is that they bypass the need for Multiple Sequence Alignment 
(MSA), thus reducing computational costs8. Moreover, spectrogram imaging, which utilizes Fast Fourier 
Transform (FFT), is increasingly being applied in genomic analysis9, offering an efficient and scalable approach 
to understanding complex biological data.

Convolutional neural networks (CNNs) have several important advantages:

•	 They have demonstrated solid robustness in pattern identification in images, which has remained over time 
despite the emergence of new architectures10.

•	 They are suitable for large-scale data analysis in terms of computational efficiency11.
•	 There are multiple pre-trained models that are highly powerful, with their performance extensively demon-

strated in the existing literature12. These models enable robust implementation of transfer learning, a deep 
learning paradigm where a pre-trained model, having learned hierarchical feature representations from a 
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source task, can be repurposed or fine-tuned for a related target task. Instead of constructing models from 
scratch for each application, transfer learning leverages these pre-existing feature hierarchies, optimizing con-
vergence efficiency and mitigating data scarcity constraints. This approach significantly enhances generaliza-
tion and accelerates model adaptation, especially in low-data regimes13.

•	 They allow for reliable and visually understandable application of explainability tools14,15.

Gradient-weighted Class Activation Mapping (Grad-CAM) is a technique for detecting the most important 
areas of an image so that the deep learning architecture can classify it into a certain category. It uses gradients 
of the classification score with respect to the final convolutional feature map16,17. Grad-CAM is a highly visual 
tool, making it intuitive to interpret, though it may sacrifice some precision in pinpointing the exact regions of 
high activation18,19.

Applying a methodology based on transfer learning using a pre-trained CNN (specifically VGG-1620) with 
a dataset of genomic spectrogram images, and subsequently applying Grad-CAM as an explainability tool, we 
accurately identified the genomic regions where mathematical patterns related to the recombinant feature are 
located. This approach builds upon previous studies21,22, where we combined double transfer learning and a 
three-step explainability framework to detect such patterns in the genomic spectrogram of full-length severe 
acute respiratory syndrome coronavirus 2 (SARS-CoV-2) sequences, leveraging a CNN originally trained to 
identify the recombinant feature in human immunodeficiency virus type 1 (HIV-1).

In the case of HIV-1, we identified a key mathematical pattern associated with the recombinant feature, located 
at f = 1/3 in 5’ and 3’ LTR, with nucleotides A and T being the most relevant in relation to this characteristic.

In the case of SARS-CoV-2, we detected a similar mathematical pattern, clearly located at f = 1/6 in the S 
gene.

These findings revealed a clear connection between mathematical patterns related to nucleotide periodicity 
in the genome and the recombinant feature in viruses as phylogenetically distant as HIV-1 and SARS-CoV-2.

Based on the results obtained, we hypothesized that inherent mathematical patterns in a virus’s genome may 
determine viral characteristics.

Therefore, we aimed to verify the existence of mathematical patterns that determine the categorization of a 
complete SARS-CoV-2 sequence into one of its main variants.

Results
Optimal hyperparameters
The processing of 1,116,523 images in each of the two subsamples imposed significant computational demands, 
which were crucial in selecting the optimal hyperparameters. The hyperparameters chosen were:

•	 Learning Rate = 0.0001
•	 Batch Size = 52
•	 Epochs = 1

When the Learning Rate was set to 0.0100 and/or the Batch Size to 128, the system did not have sufficient 
capacity to complete the required computations, causing training interruptions due to collapse. For the number 
of epochs, the minimum value was chosen.

Starting from the second epoch, the model reached 100% accuracy on both the training and validation sets. 
However, the validation loss exhibited a progressive increase, which revealed a mismatch between the accuracy 
metric and the probabilistic quality of the predictions. This phenomenon corresponded to an early stage of 
overfitting: the model memorized the available data patterns with excessive confidence without improving 
its generalization capacity, producing less calibrated probability distributions despite maintaining a perfect 
classification rate.

Figures 1a, b show the training curves for the two subsamplings, labeled VARIANT SUBSAMPLING 01 and 
VARIANT SUBSAMPLING 02, respectively. Both curves followed a similar pattern.

As shown, the training times were substantial. For Fig. 1a, training required 1190 min and 10 s–almost 20 h 
per epoch. For Fig. 1b, it took 1626 min and 16 s, equivalent to 27 h per epoch.

Notably, the training curves stabilized within roughly one-third of an epoch, with both datasets achieving a 
Validation Accuracy close to 99.5% (Fig.1a: 99.42%; Fig. 1b: 99.52%).

Overall, the graphs were similar both in shape and in Validation Accuracy values.
The use of just one epoch for training can be attributed to the large volume of data. With 669,914 sequences 

in the Training Set and 223,305 sequences in the Validation Set, the extensive dataset allowed for a thorough 
representation within just a single epoch.

Performance measurement ratios
Table 1 presents the performance metrics for the two VARIANT SUBSAMPLING 01 and 02 case.

“Test Accuracy” for each of the four categories is expressed as percentage of correctly classified sequences 
(Correct Predictions per Category / Total Number of Samples in that Category), as well as the “Test Accuracy 
Global” (Total Correct Predictions / Total Number of Samples).

The training process required a total of 19.84 hours, primarily due to the substantial computational demands 
of the large dataset and the limited hardware resources. Despite the extended training time, the accuracy values 
achieved for both the Validation and Test Sets were exemplary and nearly identical. The overall Test Accuracy 
was only 0.02% lower than the Validation Accuracy.

The performance measurement results for the VARIANT SUBSAMPLING 02 followed the same framework 
as in VARIANT SUBSAMPLING 01.
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For VARIANT SUBSAMPLING 02, the training time amounted to 27.10 h, reflecting a 36.64% increase 
compared to the training time for VARIANT SUBSAMPLING 01. Nevertheless, both training sessions required 
significant computational time.

Regarding accuracy, the performance was outstanding across the board, with a slight improvement in the 
overall results compared to VARIANT SUBSAMPLING 01. However, this improvement was marginal and not 
significant.

In conclusion, the results from both subsamplings were excellent and closely aligned.
The impressive results observed could be attributed to the large number of samples in the dataset. The 

extensive dataset likely provided a comprehensive and varied representation of the phenomena, leading to 
stronger validation and more thorough pattern recognition. This may have allowed for near-optimal model 
training.

In both subsamplings, a slight decline in Test Accuracy was noted for the pre-VOC category. This could be 
explained by the fact that the pre-VOC category is not a distinct variant but rather encompasses all SARS-CoV-2 
lineages existing prior to the emergence of Alpha, the first variant officially classified as a VOC.

Fig. 1.  Training curves for both subsamplings. The upper panel in each subfigure depicts Accuracy (%) for the 
Training (blue) and Validation (black) sets, and the lower panel illustrates Loss for the Training (orange) and 
Validation (black) sets.
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The confusion matrix results for the test set of VARIANT SUBSAMPLING 01 and VARIANT SUBSAMPLING 
02 are presented in Fig. 2a, b, respectively.

The correct predictions are highlighted in blue on the grid, with deep blue indicating a high accuracy rate and 
light blue representing a medium to low accuracy. Misclassifications are marked in orange, with very light orange 
reflecting a low or very low error rate and intense orange indicating a medium to high error rate. Due to the high 
accuracy achieved, the blues are predominantly dark, while the oranges remain light.

In both subsamplings, the accuracy rates were outstanding across all categories, with classification errors 
being almost anecdotal.

These results were even more relevant considering that the complexity of this experiment increased due to 
two changes introduced in the second phase of Transfer Learning. Not only was the virus under investigation 
changed (from HIV-1 to SARS-CoV-2), but the detection target was also modified. Instead of classifying 
the genomic spectrograms as recombinant or non-recombinant, the task shifted to classifying the genomic 
spectrograms into four distinct variants.

Omicron exhibited the highest accuracy, followed by Delta and Alpha, while pre-VOC had the lowest accuracy 
rates, even though pre-VOC’s accuracy was still very high. A possible factor influencing these accuracy levels 
could be the sample size and uniformity within each variant. Omicron, being the most prevalent variant, had a 
larger and more consistent dataset, whereas Alpha had fewer complete genomes sequenced. Additionally, pre-
VOC represents a collection of lineages prior to the emergence of Alpha, which may lead to greater variability 
compared to the more homogeneous Omicron.

Nevertheless, the accuracy ratios were very positive across all categories, with similar performance observed 
in both subsamplings. These results support that the CNN effectively detected distinguishing patterns within 
each of the four categories.

Total regions of high activation per variant
The term “region of high activation” refers to the areas the CNN focuses on when classifying a genomic 
spectrogram into one of the four SARS-CoV-2 variants. All total regions of high activation were computed by 
summing the scoremaps of the sequences in the Test Set.

As discussed previously, the high Test Accuracy for each category was the initial indicator that the CNN 
effectively learned the distinguishing patterns of each SARS-CoV-2 variant. By calculating the Grad-CAM total 
regions of high activation, we were able to pinpoint the specific genomic regions the CNN used to determine the 
variant to which each sequence belongs.

In the case of VARIANT SUBSAMPLING 01 (Fig. 3), the total regions of high activation for the pre-VOC 
compilation (Fig. 3a) were varied and distributed throughout the entire genomic spectrogram. The most 
prominent regions of high activation were observed in the low-frequency range, particularly from the latter part 
of Open Reading Frame 1ab (ORF1ab) to the 3’ Untranslated Region (3’UTR). However, the highest intensity 
was noted from the final quarter of ORF1ab extending toward the end of the S gene. Another significant regions 
of high activation was clearly located at f = 1/3, spanning from the start of ORF3a to the 3’UTR. The most 
intense region, however, was found from the N gene to the end of the sequence (end of 3’UTR).

Alongside these primary regions, a secondary region of high activation was detected in the low-frequency 
range, extending roughly over the first half of ORF1ab, up to around nucleotide 10,200. The focal point of this 
zone was observed near nucleotide 5000.

Two secondary total regions of high activation were observed at f = 1/6. The first encompassed the 5’UTR 
and an initial portion of ORF1ab, extending to roughly nucleotide 2500. The second region of high activation, 
also at f = 1/6, was situated around the S gene region. In previous research, we identified a separate region 
of high activation in the S gene region that was associated with sequences classified as recombinant, also at 
f = 1/6. The observed overlap between these regions of high activation may suggest that pre-VOC evolutionary 
branches could harbor previously undetected genetic recombination events. Further studies focusing on the 
exact location and characteristics of these sequences are warranted to investigate this hypothesis.

Variant subsampling 01

Experimental hyperparameters Training time Validation accuracy Test accuracy

Learning rate: 0.0001
Batch size: 52
Epochs: 1

1190 min 10 s 99.42%

Pre-VOC: 97.73%
Alpha: 99.79%
Delta: 99.88%
Omicron: 99.74%
Global: 99.40%

Variant subsampling 02

Experimental hyperparameters Training time Validation accuracy Test accuracy

Learning rate: 0.0001
Batch size: 52
Epochs: 1

1626 min 16 s 99.52%

Pre-VOC: 98.12%
Alpha: 99.86%
Delta: 99.73%
Omicron: 99.85%
Global: 99.48%

Table 1.  Performance measurement ratios. For each optimal set of hyperparameters in each subsampling, 
we reported the training time (in minutes and seconds), validation Accuracy (%), and both the overall test 
accuracy and the per-variant test accuracy (%).

 

Scientific Reports |        (2025) 15:43214 4| https://doi.org/10.1038/s41598-025-27279-0

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Another secondary region of high activation in the total regions of high activation corresponding to pre-
VOC was identified in the high-frequency range (0.5 Hz) to f = 1/3, around nucleotide 7500, within ORF1ab. 
The final secondary region of high activation also corresponded to the frequency range from f = 1/3 to 0.5, 
covering the genomic region from S region to the end of the sequence.

The total regions of high activation for Alpha variant were more focused and precise (Fig. 3b). The primary 
region of high activation was clearly located at f = 1/3, extending to 0.5 Hz, from the S gene to the end of the 
3’UTR. The epicenter of this region of high activation stretched from N region to the end of 3’UTR. A secondary 
region of high activation was found at f = 1/9, covering the region from approximately E region to the end of 
3’UTR.

It was noteworthy that the primary region of high activation of Delta variant (Fig. 3c) exhibited similarities 
to the secondary region of high activation of Alpha, both in terms of location and geometric structure. This 
observation warrants further investigation, particularly to assess whether this overlap could be linked to shared 
evolutionary origins between the two variants. For Delta, the primary region of high activation was identified 
spanning from ORF3a to the end of the 3’UTR, covering a range from low frequencies to f = 1/9. Another 
significant region of high activation was detected in the high-frequency range, from S gene to the end of the 
3’UTR region. However, its epicenter appeared to be located in the 3’UTR, extending toward approximately M.

For Omicron (Fig. 3d), the primary region of high activation was distinct and well-defined, positioned at 
f = 1/3, extending from S gene to the end of the 3’UTR. The epicenter of this region of high activation was 
predominantly found in the 3’UTR, with its influence extending toward ORF8. Additionally, a secondary region 
of high activation was detected in the low-frequency range, with its center in the 3’UTR, radiating toward 
approximately M.

Fig. 2.  Confusion matrices for the two subsamplings variants. 4×4 confusion matrix for the classification 
problem with four classes. Rows correspond to the true classes and columns to the model’s predictions. 
Diagonal values indicate correct classifications (true positives), while off-diagonal values represent 
misclassifications.
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The frequency f = 1/3 in the 3’UTR region was a key factor in classifying sequences as pre-VOC, Alpha, 
and Omicron. However, for Delta, this frequency did not correspond to either a primary or secondary region 
of high activation. This presents an intriguing phenomenon that warrants further study. It would be valuable to 
identify the common characteristics shared by the Alpha, pre-VOC, and Omicron variants, and then analyze 
the differences within these shared features. The objective is to pinpoint the unique elements within these 
overlapping regions that guide the CNN’s classification toward a specific variant.

Delta was the only variant that did not show f = 1/3 in the 3’UTR region, not even as a minor secondary 
zone. Being the only variant exhibiting this distinct behavior in the CNN, it would be valuable to further 
investigate the differences between the 3’UTR region in Delta and the other three variants to understand why 
this particular genomic region does not reveal a pattern that affects Delta and what sets it apart from the others.

Figure 4 presents the total regions of high activation for each category in the case of VARIANT SUBSAMPLING 
02.

For the pre-VOC variant (Fig. 4a), there was a single prominent and intense primary region of high activation 
in the low-frequency range, whose epicenter was distinctly located around the S gene, extending toward 
nucleotide 17,500 (ORF1ab) on one side and to the end of the 3’UTR on the other.

Fig. 3.  Total regions of high activation per variant (VARIANT_SUBSAMPLING_01): (a) pre-VOC, (b) Alpha, 
(c) Delta and (d) Omicron). The x-axis represents the nucleotide position. Below each Grad-CAM image, a 
scaled representation of the complete SARS-CoV-2 genome scheme is provided to locate each region of high 
activation within the genome itself. The y-axis represents the frequency range (nucleotide periodicity from 0 to 
0.5 Hz). The frequencies of interest are indicated directly on the axis to facilitate the identification of regions of 
high activation. The z-axis is represented bidimensionally as a jet colormap, where the color scale transitions 
from blue (low activation) to red (high activation).
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The remaining zones were secondary, aligning exactly with those identified in VARIANT SUBSAMPLING 
01, but with significantly lower intensity. The first secondary region of high activation was positioned at 
f = 1/3, spanning from the start of ORF3a to the 3’UTR. Another secondary region of high activation, in the 
low-frequency range, covered approximately the first half of ORF1ab, reaching about nucleotide 10,200.

At f = 1/6, two secondary total regions of high activation were identified. The first of these was located 
near the S gene, similarly to what was observed in VARIANT SUBSAMPLING 01, a secondary total region 
of high activation was also found at f = 1/6 in the S region. As previously reported, this is a characteristic 
feature of recombinant SARS-CoV-2 sequences22. This phenomenon appeared in the pre-VOC category across 
both subsamplings, highlighting the importance of further investigation into this occurrence and exploring the 
hypothesis that hidden recombination events might exist within certain pre-VOC lineages.

The second secondary region of high activation at f = 1/6 was faintly visible and spanned the 5’UTR and 
the initial segment of ORF1ab, reaching up to approximately nucleotide 2500.

Another subtle secondary region of high activation in the pre-VOC category was observed in the high-
frequency range (0.5 Hz) to f = 1/3, around nucleotide 7,500 in ORF1ab. The final secondary region of high 

Fig. 4.  Total regions of high activation per variant (VARIANT SUBSAMPLING 02): (a) pre-VOC, (b) Alpha, 
(c) Delta and (d) Omicron). The x-axis represents the nucleotide position. Below each Grad-CAM image, a 
scaled representation of the complete SARS-CoV-2 genome scheme is provided to locate each region of high 
activation within the genome itself. The y-axis represents the frequency range (nucleotide periodicity from 0 to 
0.5 Hz). The frequencies of interest are indicated directly on the axis to facilitate the identification of regions of 
high activation. The z-axis is represented bidimensionally as a jet colormap, where the color scale transitions 
from blue (low activation) to red (high activation).
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activation also corresponded to the frequency range from f = 1/3 to 0.5, covering the genomic region from S 
region to the end of the sequence.

In the case of Alpha (Fig. 4b), the most prominent region of high activation had its epicenter at f = 1/3 in 
3’UTR, extending to N. It radiated towards S gene and reached into the high-frequency region.

Another significant region of high activation for Alpha was found around f = 1/9, stretching from 
approximately ORF3a to the end of 3’UTR.

For Delta (Fig. 4c), the primary region of high activation was located in the low-frequency range up to 
f = 1/9, spanning from S region to the end of 3’UTR. The epicenter, however, was in 3’UTR, with the highest 
intensity reaching up to ORF3a.

A secondary region of high activation appeared in the high-frequency range, extending from 3’UTR to 
ORF3a, with its epicenter also in 3’UTR.

In Omicron’s case (Fig. 4d), the main region of high activation was sharply defined and positioned at f = 1/3, 
covering the region from S region to the end of 3’UTR. The epicenter of this region of high activation was clearly 
located in 3’UTR, with its influence radiating up to ORF8.

A secondary zone in the low-frequency range was identified, with its epicenter located in 3’UTR and 
extending up to M or possibly E genes.

As observed in VARIANT SUBSAMPLING 01, Delta was the only variant where f = 1/3 in 3’UTR showed 
no significant relevance for classification.

Discussion
To facilitate a more direct comparison between the total region of high activation results from VARIANT 
SUBSAMPLING 01 and VARIANT SUBSAMPLING 02, Table 2 presents a summary of the findings for both 
subsamplings, categorized accordingly.

The most striking observation was the difference in the total regions of high activation for the pre-VOC 
category across the two subsamplings. In VARIANT SUBSAMPLING 01, the zones were more diffuse and 
extended, whereas in VARIANT SUBSAMPLING 02, the primary total region of high activation was more 
concentrated and better defined in the low-frequency range around the S gene. Although the other zones in 
VARIANT SUBSAMPLING 02 were located roughly in the same regions and frequencies as in VARIANT 
SUBSAMPLING 01, their power was considerably diminished.

The pre-VOC category emerged as the least similar among the four analyzed. Investigating the relationship 
between the sequences in both subsamplings would be valuable to determine whether there is a connection 
between these sequences and the differences observed between the two subsamplings. It would also be insightful 
to explore the underlying causes that lead to the sharpness observed in VARIANT SUBSAMPLING 02 and the 
variability present in VARIANT SUBSAMPLING 01.

In contrast, homology between the Alpha, Delta, and especially Omicron variants was greater between both 
subsamplings, showing a high degree of similarity and consistency across the two sets.

For Alpha, the main region of high activation around f = 1/3 in the final genomic region was highly 
comparable between subsamplings. However, in VARIANT SUBSAMPLING 02, the expansion from f = 1/3 
to f = 1/2 (high frequencies) displayed more power.

Furthermore, the secondary region found at f = 1/9 in the final genomic stretch in VARIANT 
SUBSAMPLING 01 exhibited more power in VARIANT SUBSAMPLING 02.

We observed an opposite trend in the case of Delta. In this category, VARIANT SUBSAMPLING 01 showed 
slightly more power in the very secondary region of high activation of VARIANT SUBSAMPLING 02, located 
in the high frequencies towards the final genomic stretch. The main region of high activation, however, was 
extremely sharp, well-centered, and highly similar between both subsamplings. It was consistently located in the 
range from low frequencies up to f = 1/9, spanning from the end of S region to the end of 3’UTR.

Omicron, on the other hand, exhibited the highest degree of homology between both subsamplings. The 
total regions of high activation were almost identical. The primary region of high activation, located at f = 1/3 
in the final genomic region, was nearly identical in both subsamplings, though it might have been slightly more 
expanded towards S gene in VARIANT SUBSAMPLING 01 compared to VARIANT SUBSAMPLING 02. The 
secondary zone, situated in the low frequency range in the lower right corner of the genomic spectrogram, 
was virtually identical in both subsamplings, with only a barely noticeable increase in power in VARIANT 
SUBSAMPLING 02.

After quantifying the high accuracy achieved by the CNN in both subsamplings and calculating the total 
regions of high activation, it became clear that the high degree of similarity in the total regions of high activation 
across both subsamplings (particularly in Alpha, Delta, and Omicron, compared to pre-VOC) suggested that the 
CNN’s performance was robust and consistent in identifying the intrinsic and distinguishing patterns of each of 
the four categories analyzed.

The results concerning the total regions of high activation for the pre-VOC category displayed two key 
distinctions when compared to the other variants. First, the regions were more varied and less concentrated on 
specific areas. Second, the regions between the two subsamplings showed notable differences, not necessarily in 
their positioning but in their intensity. This variability might be related to the fact that the pre-VOC category 
is not a distinct variant in itself but rather a compilation of sequences prior to the emergence of Alpha, the first 
VOC. At first sight, this observation could appear to contradict previous findings reporting that, during the 
period from the onset of the pandemic to the appearance of Alpha, the genetic variability of SARS-CoV-2 was 
limited23. However, these two perspectives are not mutually exclusive. The apparent diversity in the Grad-CAM 
regions of high activation may reflect the heterogeneity inherent in grouping multiple early lineages together 
under the “pre-VOC” label, as well as noise introduced by uneven sampling. In fact, some studies have identified 
the co-existence of at least two distinct lineages in Wuhan during the early stages of the virus’s spread24, which 
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supports the idea that small but meaningful differences across sequences could still result in perceptible variation 
in the regions of high activation.

Interestingly, the pre-VOC category seemed to include a characteristic region of high activation associated 
with the Omicron variant. This observation coincides with the fact that the Omicron variant (B.1.1.529) of 
SARS-CoV-2 did not directly evolve from the Alpha (B.1.1.7) or Delta (B.1.617.2) variants, according to multiple 
studies. Instead, it is classified as part of a separate evolutionary lineage with distinct genetic traits. Several 
theories about its origin have been proposed, with three standing out as particularly plausible25–27.

Table 2.  Comparative table of total regions of high activation in both subsamplings. Comparative table of 
the total regions of high activation in both subsamplings. Each row of the table corresponds to one of the 
variants under study. Each column refers to the Grad-CAM images with the regions of high activation for each 
subsampling, allowing a direct visual comparison of the results across both subsamplings.
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First, Omicron may have circulated and evolved within a concealed population. One possibility is that 
Omicron, or its ancestral form, developed in a remote region where nucleic acid testing is infrequent. It is even 
possible that early traces of Omicron’s ancestor were detected in South Africa through nucleic acid tests28.

Second, Omicron may have emerged from a prolonged “cat-and-mouse” interaction between the virus and 
the immune system in certain immunocompromised individuals, such as AIDS patients infected with SARS-
CoV-229.

Third, it is a plausible hypothesis that Omicron has emerged through adaptation within animal reservoirs, 
potentially rodents, before being transmitted back to humans30.

Further investigation is required to clarify the potential causes behind the observed variability in the 
mathematical signatures linked to the pre-VOC category, as well as the possible evolutionary connections 
between pre-VOC and Omicron.

Nevertheless, it is remarkable that distinct and clearly identifiable mathematical patterns exist for each of the 
four categories analyzed.

The repeated detection of frequency patterns related to f = 1/3 and its multiples indicates that the 
mathematical signatures associated with the variant to which the sequence belongs are encoded every 3 
nucleotides (or multiples of 3). The unequivocal identification of these mathematical signatures could confirm 
a new layer of genome reading based on nucleotide periodicity, in line with previous studies in this regard31.

This would enable the characterization of a virus in a low-computing and faster manner compared to traditional 
methods, which include multiple alignments with manual adjustments or protein sequence alignments.

Conclusions
Training the model for just one epoch delivered promising results across all performance metrics, with 
particularly high Test Accuracy in both subsamplings. The substantial size of the dataset, comprising 1,116,523 
images in total for each subsampling, provided the CNN with a large number of training examples, which likely 
enabled it to effectively learn the patterns in the data even with a single epoch.

In this experiment, we implemented a dual modification to the two-stage transfer learning approach. We 
applied a CNN trained to detect genetic recombination in HIV-1 to identify variants in SARS-CoV-2, shifting not 
only to a new virus but also a different focus of study. This double shift resulted in excellent and robust outcomes, 
with Test Accuracies of 99.40% in VARIANT SUBSAMPLING 01 and 99.48% in VARIANT SUBSAMPLING 02. 
The Test Accuracies per category ranged from 97.73% to 99.88%.

The total regions of high activation for each category displayed clear, robust, and highly distinguishable 
patterns, with pre-VOC showing high homology and Alpha, Delta, and Omicron exhibiting very high homology 
in both subsamplings.

For pre-VOC, the differences between subsamplings were related to a decrease in power in VARIANT 
SUBSAMPLING 02 compared to VARIANT SUBSAMPLING 01, though the physical location of the total 
regions of high activation remained consistent.

The Omicron variant exhibited nearly identical total regions of high activation in both subsamplings.
It is highly interesting to examine the links between the phylogenetic relationships and evolutionary variations 

of the pre-VOC, Alpha, Delta, and Omicron variants, as well as the mathematical signatures that influence the 
CNN’s classification of these variants.

Although each variant’s total regions of high activation are clearly distinct, certain similarities open intriguing 
possibilities for exploring phylogenetic relationships. For example, the shared prominence of f = 1/3 in the 
final genome segment for both pre-VOC and Omicron (despite different pattern shapes) may suggest a possible 
phylogenetic connection, but this remains a hypothesis based on observational data. Further research is required 
to test this idea.

The distinct and consistent total regions of high activation for each variant highlight the significance 
of the genomic region from the beginning of S gene to the end of 3’UTR in identifying the variants under 
study. The frequencies f = 1/9 and particularly f = 1/3 within this region seemed to play a key role in their 
identification. Further research is needed to explore the precise relationship between the nucleotide periodicities 
corresponding to these frequencies and the variant to which they belong.

Compared to traditional methods that involve multiple alignments and manual adjustments, the designed 
methodology is lower-computing and enables faster large-scale characterization.

Similar to the process of identifying recombinant sequences21,22, this study demonstrates a mathematical 
signature linked to the pre-VOC, Alpha, Delta, and Omicron variants. Consequently, it is plausible that other 
mathematical signatures related to different viral traits may also exist.

The results of our research provide compelling evidence of a new layer of genome reading based on 
mathematical signatures related to nucleotide periodicity, demonstrating their existence with high accuracy 
rates and shorter response times compared to traditional methods.

Limitations
In this study, we focused on the most abundant SARS-CoV-2 variants and excluded those with a very limited 
number of sequences. This decision allowed us to train models with sufficient information per class and achieve 
robust performance; however, it also limits the generalization of our results to rare or underrepresented variants. 
For the Omicron variant, we adjusted the number of genomic spectrograms through random subsampling, with 
the aim of efficiently leveraging the available data for model training while maintaining biological plausibility.
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Future work
In light of the results obtained and from a computation-focused perspective, an important line of future research 
is to rigorously evaluate the contribution of the two-stage transfer learning approach. While pretraining the 
CNN on HIV-1 genetic recombination detection was designed to capture generalizable patterns in genomic 
spectrograms, HIV-1 recombination and SARS-CoV-2 variant classification are biologically unrelated. To assess 
the actual benefit of this pretraining, ablation experiments could be conducted comparing (i) a CNN trained 
directly on SARS-CoV-2 data, (ii) transfer learning from ImageNet only, and (iii) the proposed two-stage 
transfer learning. These studies would help determine whether pretraining on unrelated genomic data provides 
measurable improvements in model performance.

One of our future research directions involves seeking complementarities with other already successful 
methods, with the aim of moving toward the exact mathematical formulation of the patterns identified in 
this article. Of particular interest are DNA-based identification tools such as varKoder32 and varKoding33, 
as well as other genomic sequence-to-image conversions, especially the widely used Frequency Chaos Game 
Representation34–40.

Although it would be possible to apply synthetic oversampling techniques to address class imbalance, such as 
SMOTE41 and its variants (Borderline-SMOTE42 or ADASYN43), or weighted loss functions, we are concerned 
that generating synthetic examples for minority classes could compromise biological interpretability, given the 
current limited knowledge about genome structure. For this reason, in the present study we chose to remove very 
rare variants and adjust the number of spectrograms for the most abundant classes through subsampling, while 
ensuring the use of as much data as possible for model training. Future work could explore the incorporation of 
these techniques, carefully assessing their impact on the biological validity of the results.

We also consider it essential to develop methods, techniques, and/or new architectures that effectively enable 
the inclusion of minority variants in the learning process, with the aim of extending classification to a broader 
and more representative set of SARS-CoV-2 variants. This would allow for a more refined identification of 
variants, enhancing the applicability of the model in biosanitary settings.

Furthermore, validation across temporal and geographic dimensions constitutes an important line of 
our future research. These analyses are particularly relevant for establishing phylogenetic relationships 
complementary to our results, with greater clarity/precision in identifying such relationships and additional 
supporting information. Future work could explore more robust temporal and geographic holdout experiments, 
as well as training with sequences from early pandemic phases or specific regions and testing with later or 
geographically distinct samples, in order to evaluate the model’s ability to generalize to emerging variants over 
time and space.

Finally, although nucleotides encode in triplets (codons) that ultimately correspond to amino acids, the 
present analysis does not aim to establish direct links between the highlighted regions and specific effects at 
the protein level. Future work could explore these potential functional implications by investigating how the 
observed genomic patterns relate to protein structure and function, mutational hotspots, conserved motifs, or 
other genomic factors.

Methods
Equipment
All experiments were run in this equipment:

•	 Processing Unit: Intel(R) Core(TM) i7-4770K CPU. 3.5 GHz.
•	 Installed RAM: 32 GB usable.
•	 Operative System: Windows 10 Education. Version: 22H2.
•	 GPU: NVIDIA GeForce RTX 3090. Total memory: 40 GB.

Dataset of SARS–CoV-2 variants
The complete collection of 1,539,728 SARS-CoV-2 sequences, compiled from the NCBI Virus Database44 around 
March 2023, includes the number of sequences per variant listed in Table 3. Variants were organized according 
to their estimated emergence date, using data from the GISAID Initiative45. The ’Variant’ column represents the 
WHO-designated name for each SARS-CoV-2 variant46.

Notably, only pre-VOC, Alpha, Delta, and Omicron variants contributed each more than 10% of the total. 
None of the other variants individually accounted for more than 1.3% of the total complete sequences, most 
falling below 1%.

This compilation reveals a significant number disparity between variants that did not persist, such as Beta, 
Gamma, Epsilon, Eta, Iota, Kappa, Lambda, Mu, Theta, and Zeta; and those that dominated, including pre-VOC, 
Alpha, Delta, and Omicron. The latter four exhibited evolutionary advantages that enabled them to outcompete 
the less successful variants (Table 4).

Omicron accounts for nearly half of the dataset, followed by Delta, while Alpha and pre-VOC (compendium 
of all lineages before the appearance of Alpha) have similar sequence counts. Minority variants (Beta, Gamma, 
Epsilon, Eta, Iota, Kappa, Lambda, Mu, Theta, and Zeta), total fewer than 50,000 sequences (3.18%). This group 
also exhibits high variability due to the diversity among its 10 variants.

Data imbalance can hinder Deep Learning models by causing biases toward majority classes, leading to 
several issues: - Overfitting to majority classes: the model may generalize poorly to minority classes due to 
insufficient data.

- Decreased accuracy: high overall accuracy may be misleading, as performance on minority classes remains 
low.

- Sensitivity to decision thresholds: imbalance can distort classification thresholds, affecting predictions.
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- Difficulty in identifying patterns: limited data for minority classes makes it harder to learn distinguishing 
features.

To reduce noise from minority classes, unrepresentative variants were removed, as shown in Table 5. This 
adjustment redistributes the dataset, with Omicron comprising 50%, Delta 20%, and pre-VOC and Alpha under 
15%.

Omicron is clearly the most widespread variant. Initially detected in Botswana in November 202147, it quickly 
became the dominant circulating variant. As of September 2022, it accounts for 100% of sequenced cases48, 
effectively eliminating all other variants from the epidemic phase.

The Omicron dataset is more than twice the size of Delta’s and 3.5 times larger than pre-VOC and Alpha. To 
address this imbalance, we split Omicron into two equally sized random subsamples, ensuring no overlap between 
them. Each subsample included all samples from Alpha, Delta, and pre-VOC, plus half of Omicron, creating a 
more balanced dataset as shown in Table 6. This approach helped reduce bias and improved generalization.

Although Delta and Omicron still predominated over Alpha and pre-VOC, the large number of samples 
across all categories provided enough data for effective model learning, minimizing the impact of sample 
variability.

Variant Number of sequences Percentage

pre-VOC 218,198 14.64%

Alpha 198,722 13.33%

Delta 325,285 21.82%

Omicron 748,635 50.22%

Total subsample 1,490,840 100.00%

Table 5.  Clustering of complete SARS-CoV-2 sequences by variant after excluding minority variants. 
Excluding the sequences corresponding to the underrepresented variants, the resulting distribution of 
sequences among the four most abundant variants is shown.

 

Variant Number of sequences Percentage

pre-VOC 218,198 14.17%

Alpha 198,722 12.91%

Delta 325,285 21.13%

Omicron 748,635 48.62%

Minor variants 48,888 3.18%

Total 1,539,728 100.00%

Table 4.  Clustering of complete SARS-CoV-2 sequences by variant. The underrepresented variants are 
grouped under the category “Minor Variants”.

 

Variant No. Percentage

pre-VOC 218,198 14.17%

Alpha 198,722 12.91%

Beta 856 0.06%

Gamma 11,937 0.78%

Delta 325,285 21.13%

Epsilon 14,781 0.96%

Eta 738 0.05%

Iota 19,361 1.26%

Kappa 145 0.01%

Lambda 456 0.03%

Mu 49 0.00%

Theta 12 0.00%

Zeta 553 0.04%

Omicron 748,635 48.62%

Total 1,539,728 100%

Table 3.  Compendium of SARS-CoV-2 sequences by variant. Number of sequences available as of March 2023 
in the NCBI Virus Database44 for each of the variants.
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For dataset organization, 60% of the total sequences were allocated to the Training Set, while the Validation 
Set and Test Set each accounted for 20%.

The composition of the dataset for each of the two subsamples is shown in Table 7.

Spectrogram generation
The initial step in generating the spectrogram of a sequence involved converting the sequence into four digital 
signals (Ua, Ug , Uc, Ut), each corresponding to the presence of a specific nucleotide (A, G, C, T) at every 
position.

	
Uα(xi) =

{ 1, if xi = α
0, otherwise � (1)

The following step involved calculating the spectrogram for each of the four binary signals derived from this 
decomposition.

The FFT was applied to each signal, which is an efficient computational method for performing the Discrete 
Fourier Transform (DFT)49.

	
X(k) =

N−1∑
n=0

Uα(xi)W kn
N 0 ≤ k ≤ N − 1� (2)

Where:

	 WN = e−j2π/N � (3)

FFT algorithms break down an N-point DFT into smaller DFTs50 by utilizing sliding windows.
Calculating the spectrogram of a genomic sequence provides a graphical representation of the importance of 

each periodicity (frequency) at every position within the genome, treating position as analogous to time.
The x-axis represents the position of each nucleotide, the y-axis indicates the frequency range, so the range 

of the x-axis corresponds to the full genome length of SARS-CoV-2. The maximum value of the y-axis range 
(frequency) corresponds to 0.5 Hz. The z-axis shows the FFT value. The spectrogram is a two-dimensional 
representation created by replacing the z-axis with a color palette that corresponds to the amplitude of the FFT 
at each nucleotide position (x-axis) for a specific frequency (y-axis)51.

In this research, we used the representation called Superposed Spectrogram. In this representation, the z-axis 
is the arithmetic sum of the values along the z-axis for each of the four nucleotide types:

	 S = Sa + Sg + Sc + St� (4)

This spectrogram representation helps to more clearly define the influential regions of the genome.
For two-dimensional spectrograms, the z-axis is represented by a “jet” color palette (Fig. 5). Blue color 

corresponds to lowest sensitivities and red to the highest ones52.

Variant Training set (60%) Validation set (20%) Test set (20%) Total

Pre-VOC 130,919 43,640 43,640 218,198

Alpha 119,233 39,744 39,744 198,722

Delta 195,171 65,057 65,057 325,285

Omicron 224,591 74,864 74,864 374,318

Total Subsample 669,914 223,305 223,305 1,116,523

Table 7.  Dataset composition per subsampling. Distribution of the total sequences in each of the subsamplings 
among the training (60%), validation (20%), and test (20%) sets.

 

Variant Number of sequences Percentage

Pre-VOC 218,198 19.54%

Alpha 198,722 17.80%

Delta 325,285 29.13%

Omicron 374,318 33.53%

Total Subsample 1,116,523 100.00%

Table 6.  Number of sequences per category per subsampling. Number of sequences per category in each of the 
two subsamplings resulting from randomly splitting the Omicron sequences into two subsets of equal size.
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Using the matplotlib.pyplot.pcolormesh function, we assigned the minimum FFT value to deep blue (0) and 
the maximum value to deep red (1), with intermediate values automatically mapped to corresponding colors. By 
default, the data range is scaled linearly to the colorbar range.

Each spectrogram is labeled with the reference of its corresponding sequence.
We generated spectrograms for both datasets using Python and the Scipy library’s scipy.signal.spectrogram 

function. To prevent biases and ensure proper CNN training, we removed axes, margins, and any other elements 
that could interfere with the network’s performance. As a result, the image focuses solely on the spectrogram53,54.

The parameters used to generate the genomic spectrograms were set to their default values55.

Two-stage transfer learning
We conducted a two-stage transfer learning using MATLAB 2021b App Deep Learning Designer.

We used the HIV-1 case study as the first Transfer Learning phase for genetic recombination21. Figure 6 
illustrates the Transfer Learning methodology applied for the classification of SARS-CoV-2 variants.

A pre-trained VGG-16 model was used with the ImageNET dataset. In Phase 1, we applied Transfer 
Learning to the genomic spectrogram dataset of complete HIV-1 sequences to detect the recombinant feature. 
In Phase 2, we applied Transfer Learning to the resulting network from Step 1 (VGG-16 HIV-1 GENETIC 
RECOMBINATION) using a genomic spectrogram dataset of complete SARS-CoV-2 sequences to detect the 
variant to which each SARS-CoV-2 sequence belongs (VGG-16 SARS-CoV-2 VARIANTS).

As shown in Fig. 6, the first phase of Transfer Learning remained the same. However, in the second phase, 
the goal shifted from detecting the recombinant feature in SARS-CoV-2 to classifying complete SARS-CoV-2 
sequences into one of the following four variants: pre-VOC, Alpha, Delta, or Omicron.

Performance metrics
The performance metrics used in this study were:

- Validation accuracy: this metric was used to assess the model’s performance during the validation phase, 
helping to adjust hyperparameters and optimize performance during training.

- Training time: this metric measured the computational cost associated with training the model.
- Confusion matrix: a 4x4 confusion matrix was used for this classification problem with four distinct classes. 

Each row represented the true class of instances from the dataset, while each column represented the predicted 
class. Diagonal elements indicated true positives (correctly classified instances), while off-diagonal elements 
showed classification errors.

- Test accuracy: this metric was used to evaluate the model’s real-world performance on previously unseen 
data. It was computed both for each individual class and overall.

Explainability results generation
We used Grad-CAM (grad-CAM MATLAB function) to pinpoint the critical regions of high activation for 
classifying a SARS-CoV-2 sequence into its respective variant. In addition, image processing techniques were 
employed to calculate the total regions of high activation for each variant.

Fig. 6.  Two-stage transfer learning methodology variant detection. The first stage trains a pre-trained VGG-16 
network, initially trained on ImageNet, to detect patterns in genomic spectrograms, in this case classifying 
complete HIV-1 sequences as recombinant or non-recombinant. In the second stage, this specialized VGG-16 
is retrained, this time to recognize patterns related to the variant to which a complete SARS-CoV-2 sequence 
belongs.

 

Fig. 5.  Jet color map. Commonly employed color scale in scientific visualization, encoding low values in dark 
blue, progressing through cyan, green, and yellow, and representing high values in bright red.
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The explainability score maps were processed in two steps. A schematic summary of the explainability 
processing methodology is shown in Fig. 7.

The first step consisted of 223,305 images, corresponding to the total number of data points in the Test Set. 
The second step involved eight images, with four categories divided into two subsamples.

In the first step, we calculated the score maps for each sequence from the four categories in the Test Set and 
generated the corresponding Grad-CAM images using a jetmap color scale (Fig. 5). This process was repeated 
for each of the two subsamples.

The second step of the explainability process involved computing the total score maps for each of the four 
categories. Each total score map was obtained by summing the individual score maps for each category (matrix 
summation).

	
H(ST EP 2) =

n∑
i=1

H(ST EP 1)i� (5)

After obtaining the total score map matrix, we generated the Grad-CAM image depicting the overall regions of 
high activation using the jet map color scale.

This process was applied to both subsamples, resulting in eight images, each representing the four categories 
across the two generated subsamplings.

With the aim of facilitating the localization of relevant genomic areas throughout the entire SARS-CoV-2 
genome, we drew a to-scale representation of it (Fig. 8).

Fig. 7.  Two-step explainability. In the first step, individual Grad-CAM activation maps are computed for each 
sequence. Once calculated, in the second step, the activation maps for each category are summed, obtaining the 
total activation map and, consequently, the regions of high activation for the four analyzed categories.
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Data availability
The datasets used and/or analysed during the current study are available from the corresponding author on 
reasonable request.

Code availability
The codes developed and used in this study are provided as a supplementary document to this article. The 
datasets and pre-trained models generated and/or analyzed during the current study are available from the 
corresponding author upon reasonable request.
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