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ABSTRACT In this article, we introduce a novel methodology for characterizing viral genetic features:
the Unified Methodology of recombinant virus Identification (UMI). Our methodology converts genomic
sequences into spectrograms, applies transfer learning using a pre-trained Convolutional Neural Network
(CNN), and employs interpretability tools to identify the genomic regions relevant for characterizing a
viral sequence as recombinant. The UMI methodology does not necessitate multiple sequence alignment
or manual adjustments. As a result, it operates much faster, has low computational demands, and is capable
of handling substantial amounts of data. To validate this, we applied UMI to one extensively studied and
documented case: HIV-1 genetic recombination. We worked with all identified HIV-1 complete sequences
(13554 sequences up to 2020), searching for mathematical patterns, signatures, that characterize an HI'V-1
sequence as recombinant. CNN’s hit rate (test accuracy) is 94%, with consistent and differentiated decision
areas in each category. Using interpretability tools, we verified that the hot zones were similar for sequences
of the same subtype and phylogenetic proximity. The leading areas for classifying a sequence as recombinant
or non-recombinant are coincident with genomic regions that play a key role in genetic recombination
processes. By applying UMI methodology we found that there is indeed a genome mathematical pattern
that assesses an HIV-1 sequence as recombinant. In addition, we located its position. Considering expert
knowledge, our results showed a substantial, robust and biologically-consistent hit rate. This type of solution
can successfully guide the location and subsequent characterization of relevant areas, avoiding the heavy
analysis of multiple sequence alignment and manual adjustments.

INDEX TERMS Convolutional neural network, deep learning, genetic recombination, genome mathematical
pattern, genome mathematical signature, HI'V-1.

I. INTRODUCTION

The capacity of viruses to vary severely complicates health
care and prevention policies [1]. Mutation is one of the main
mechanisms underlying viral diversity. It consists of introduc-
ing random errors during the replication process. These errors
may result in differences in some viral characteristics [2].
Genetic recombination is another frequent phenomenon. This
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happens when two different strains of a virus, or two different
viruses, co-infect a cell at the same time and the result of this
replication is a new hybrid genome, called recombinant [3].
Recombinant viruses are usually life-incompatible. However,
in some cases, they can produce new pandemic viruses. This
is the case of SARS-CoV2, MERS-CoV, Influenza Virus or
Human Immunodeficiency Virus Type 1 (HIV-1) [4].
Recombination in RNA viruses is an exchange of genetic
information between genomic RNA molecules [5], which
occurs during viral replication usually by a mechanism
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TCAGCACT! ACCATG
CTCCTTGGGATATTGATGATCTGTAGTGCTACAGAAMAATTGTGGGTCACAGTCTATTAT
GGGGTACCTGTGTGGAAGGAAACAACCACCACTCTATTTTGTGCATCAGATGCTAAAGCA
TATGATACAGAGGTACATAATGTTTGGGCCACACATGCCTGTGTACCCACAGACCCCAAC
TAGTATTGGTAAATGTGACAGAAAAT

GTAGAACAGATGCATGAGGATATAATCAGTTTATGGGATCAAAGCCTAAAGCCATGTGTA
AAATTAACCCCACTCTGTGTTAGTTTAAAGTGCACTGATTTGAAGAATGATACTAATACC

\TAGT) TGCTCTTTCAAT
ATAGGCACAAGCATAAGAGATAAGGTGCAGAMGAATATGCATTCTTTTATAAACTGGAT
ATAGTACCAATAGATAATACCAGCTATAGGTTGATAAGTTGTAACACCTCAGTCATTACA
CAGGCCTGTCCAAAGGTAACCTTTGAGCCAATTCCCATACATTATTGTGCCCCGGCTGGT
TTTGCGATTCTAAMATGTAATAATAAGACGTTCAATGGAACAGGACCATGTACAAATGTC
AGCACAGTACAATGTACACATGGAATCAGGCCAGTAGTATCAACTCAACTGCTGTTAAAT|
GGCAGTCTAGCAGAAGAAGATGTAGTAATTAGATCTGCCAATTTCACAGACAATGCTAAA
ACCATAATAGTACAGCTGAACACATCTGTAGAAATTAATTGTACAAGACCCTACAACAAT
AAAAGAAAAAGTATCCGTATCCAGAGGGGACCAGGGAGAGCATTTGTTACAATAGGAAAA

ATAGGAAATATGAGACAAGCACATTGTAACATTAGTAGAGCAAMATGGAATGCCACTTTA
AAACAGATAGCTAGCAAATTAAGAGAACAAT TTGGAAATAATAAAACAATAATCTTTAAG
CAATCCTCAGGAGGGGACCCAGARATTGTAACGCACAGTTTTAATTGTGGAGGGGAATTT
TTCTACTGTAATTCAACACAACTGTTTAATAGTACTTGGTTTAATAGTACTTGGAGTACT
GAAGAGTCAAATAGCACTGAAGGAAGTGACACAATCACACTCCCATGCAGAATAAAACAA
TTTATAATATGTGGCAGAAAGTAGGAAAAGCAATGTATGCCCCTCCCATCAGTGGACAA
ATTAGATGTTCATCAAATATTATTGGGCTGCTATTAACAAGAGATGGTGGTAATAACAAC
AATGGGTCCGAGATCTTCAGACCTGGAGGAGGCGATATGAGGGACAATTGGAGAAGTGAA
TTATATAAATATAAAGTAGTAAAAATTGAACCATTAGGAGTAGCACCCACCAAGGCAAAG

T TTTGTTCCTTGEGTTC

TTGGGAGCAGCAGGAAGCACTATGGGCGCACGGTCAATGACGCTGACGGTACAGGCCAGA
CAATTATTGTCTGGTATAGTGCATCAGCAGAACAATTTGCTGAGGGCTATTGAGGCGCAA
CAGCATCTGTTGCAACTCACAGTCTGGGGCATCAAACAGCTCCAGGCAAGAATCCTGGCT
GTGGAAAGATACCTAAAGGATCAACAGC TCCTGGGGATTTGGGGTTGCTCTGGAAAACTC
ATTTGCACCACTGCTGTGCCTTGGAATGCTAGTTGGAGTAATAAATCTCTGGAACAGATT
TGGAATAACATGACCTGGATGGAGTGGGACAGAGAAATTAACAATTACACAAGCTTAATA
CACTCCTTAATTGAAGAATCGCAAAACCAGCAAGAAGAGAATGAACAAGAATTATTGGAA
TTAGATAMTGGGCAAGTTTGTGGAATTGGTTTAACATAACAAATTGGCTGTGGTATATA
AAATTATTCATAATAATAGTAGGAGGCTTGGTAGGTTTAAGAATAGTTTTTGCTGTAGTT
TCTATAGTGAATAGAGTCAGGCAGGGATATTCACTATTATCGTTTCAGACCCACCTCCCA
ATCCCGAGGGGACCCGACAGGCCCGAAGGAATAGAAGAAGAAGGTGGAGAGAGAGACAGA
GGCAGATCCATTCGATTAGTGAACGGATCCTTAGCACTTATCTGGGACGATCTGCGGAGC
CTGTGCCTCTTCAGCTACCACCGCTTGAGAGACTTACTCTTGATTGTAACGAGGATTGTG
GAACTTCTGGGACGCAGGGGGTGGGAAGCCCTCAAATATTGGTGGAACCTCCTACAATAT
TGGAGTCAGGAACTAMGAATAGTGCTGTTAACTTGCTCAATGCCACAGCCATAGCAGTA
GCTGAGGGGAAAGATAGGGTTATAGAAGTATTACAAGCAGCTTATAGAGCTATTCGCCAC
ATACCTAGAAGAATAAGACAGGGCTTGGAAAGGATTTTGCTATAA

(b) HIV-1 env gp160 FASTA File

(a) HIV-1 env gp160 3D Protein

FIGURE 1. 3D Graphical Representation of a Protein and its Coding
Genomic Sequence. Fig. 1a shows the three-dimensional structure of the
protein gp160 encoded by the env gene. Q79670 (ENV_HV1MV) Human
immunodeficiency virus type 1 group O (isolate MVP5180) (HIV-1)
Envelope glycoprotein gp160. See https://swissmodel.expasy.org/. Fig. 1b
shows the FASTA file containing the genomic sequence of the HIV-1 env
gene, complete cds (ID. L42371).

known as copy-choice which consists of a switch of the grow-
ing RNA from the genomic RNA template of a virus to the
genomic RNA of another, resulting in a hybrid viral genome
containing RNA fragments from both parental genomes [6].
Recombinant viruses have been detected with high frequency
in various RNA viruses, such as picornaviruses [7] and coro-
naviruses [8]. But until now, HIV-1 is one of the viruses with
the most recombinant sequences characterized, and a large
amount of information on whole genome sequences is found
in sequence databases.

The genome contains all the genetic information of an
organism, coded in a sequence of four nucleotides (A, C, G,
and T). It includes protein coding regions, regulatory regions
and additional elements [9]. Fig. 1 shows an example of a
genomic sequence (HIV-1 env gene) and its encoded protein.

Viruses resulting from genetic recombination can cause
pandemics with new and potentially devastating effects [10],
[11], [12], [13]. The HIV-1 pandemic caused a dramatic social
impact in the 1980s and, consequently, high funding for the
development of the AIDS cure. Despite all the efforts, HIV-
1 variability severely affects the current lack of effective
treatments and vaccines (genetic recombination is one of the
determinant changeability factors). Therefore, it is necessary
to understand the process of genetic recombination and iden-
tify all the possible mechanisms that determine its occurrence
and its outcome. The importance of genetic recombination
in viral diversification [14] renders the development of new
methods to detect recombinant viruses very significant, and
the search for mathematical patterns (inherent mathematical
regularities and structures in the DNA sequence). Applying
emerging technologies, such as Deep Learning, can help
improve the current level of microbiological knowledge with
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B.USx.002203,02MT033127 |6 6 G c CACAGAGGGA G ccAfilacaaffic
B.US.x.002205,09.MT033876 |6 6 6 CCACAGAGGGAGCCAMACAATG
B.US x.054804,08MT033243|/G 6 G CCACAGAGGGAGCCATACAATG
B.USx.058301,11.MT033350 |G 6 G CCACAGAGGGAGCCAMACAATG
B.US.x.058305,08.MT033426 (6 6 G CCACAGAGGG . . . . . . ACAATG
B.US x.074602,01.MT033493|6 6 G CCACAGAGGGAACCAMACAATG
B.USx.112404,03MT033672|G 6 G CCACAGAGGGAGCCAMACAATG
B.US.x.119409,05MT033734 |6 6 G CCACAGAGGGAGCCAMACAATG
B.USx.121103,01.MT033761|6 6 G CCACAGAGGGAGCCAMACAATG
B.USx.121103,02.MT033776 |6 6 G CCACAGAGGGAGCCAMACAATG

B.US.x.12291.FJ469685/6 6 G CCACAGAGGGAGCCAMACAATG

FIGURE 2. HIV-1 Multiple Sequence Alignment. By introducing GAPS (-),
multiple sequence alignment algorithms search the better position for
each nucleotide of each sequence so a direct comparison is possible.
After applying these algorithms, experts usually must make manual
adjustments to reach the optimal alignment. This figure was generated
using MATLAB2021b Computational Biology Apps.

new approaches. HIV-1 is an excellent study model because
of its high number of identified and labelled recombinant
sequences.

Traditional methodologies for the analysis and comparison
of genome sequences are based on multiple sequence align-
ment. This requires introducing gaps to place each nucleotide,
letter by letter, in the same position and then make a direct
comparison of the aligned sequences (Fig. 2). There are
several multiple sequence alignment algorithms, including
Clustal [15], TCoffee [16], Probcons [17], MAFFT [18],
Muscle [19], MSAprobs [20], and GLProbs [21]. These algo-
rithms are complex, computationally expensive, and do not
allow the handling of large amounts of data; therefore, they
provide sub-optimal solutions [22].

There is still no efficient solution for the analysis of
large numbers of sequences and no objective method has
been approved by the entire scientific community. The best
approaches are to apply several algorithms, select their com-
mon results, and then perform manual adjustments based on
expert microbiological knowledge.

We propose a new methodology using a genomic represen-
tation independent of sequence length, and the implementa-
tion of Deep Learning algorithms to model the categorization
of recombinant sequences [23] with interpretability tools that
point to the genomic areas involved in genetic recombination.
The Unified Methodology of recombinant virus Identifica-
tion, UMI Methodology (see Section III-D), achieves excel-
lent and robust results, with the added complexity that both
recombinant and non-recombinant sequences also undergo
mutations. Thus, the complexity is even greater. We applied
several interpretability tools to identify where the CNN relies
on to determine the classification of each sample.

- This article outlines the detection of mathematical pat-
terns, mathematical signatures, embedded in the genome that
characterize the Human Immunodeficiency Virus Type 1
(HIV-1) as recombinant.

- UMI allows not only the detection of the recombinant fea-
ture of each sample but also targets the genome areas where
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FIGURE 3. Pre-trained Convolutional Neural Network VGG-16 Architecture
Schematic. Once the image “enters” the CNN, convolution phase begins.
This consists of taking groups of nearby pixels from the input image and
transforming them mathematically (scalar product) to filter different
features. Pooling phase emphasizes the most important features detected
by each convolutional filter. The output of pooling phase is the pooled
feature map (numerical matrix). Next step converts this feature matrix to
a vertical vector, which is the input to the fully connected layer. Its
neurons detect certain features, then communicate their values to
softmax neurons and they check out each feature and decide about its
relevancy. Finally, each output neuron gives a classification result and a
confidence score (how sure this neuron is about its decision). This figure
is based on the diagram drawn by Kenneth Leung, which illustrates
VGG-16 architecture [30].

this characterization is located. This will help to gain more
knowledge about the processes of genetic recombination in
HIV-1.

The remainder of this paper is organized as follows.
Section II describes the background of the UMI methodology.
Section III contains a complete description of the designed
method. Section IV details the results. Section V (Biological
Consistency Analysis) delves into the peculiarities of the
HIV-1 replication cycle and the microbiological meaning of
the obtained results, with multiple examples of coherence
between them and expert microbiological knowledge. This
document ends with Conclusions, summarizing the microbi-
ological consistency of our results, and Future Studies.

Il. BACKGROUND

Convolutional Neural Networks (CNN) have demonstrated
high efficacy in detecting patterns in images not visible to
the human eye [24], [25], [26], [27]. They are even applied in
the detection of HIV outbreaks using genetic data [28]. Fig. 3
depicts the architecture of one of the most widely used CNNss,
VGG-16 [29].

The optimal use of this potential requires biologi-
cally consistent graphical conversion of genomic sequences
[31]. Genome frequency-domain analysis is a promising
graphical representation for detecting biological patterns
[32], [33], [34].

The application of signal processing tools to genomic
sequences of different organisms has shed light on the rela-
tionship between nucleotide periodicity and various features
[35], such as the relationship between coding areas and
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sensitivity at frequency f = 1/3 [36], non-coding RNA
molecules location [37], GpC islands detection or micro-
satellites identification [38].

In addition, these tools have the advantage of not requiring
multiple sequence alignments to compare different genomes.
This reduces the computational resources needed and elimi-
nates the useless information of aligned sequences [39].

Specifically, spectrogram imaging, as a graphical represen-
tation of the Fast Fourier Transform (FFT), is increasingly
used to analyze genomic sequences [40]. The first step in
generating the spectrogram of a sequence was to convert that
sequence into four digital signals (U, Uy, U,, U,), which are
activated by the presence of a nucleotide type (A, G, C, T) at
each position.

1, ifxi=«a
Ualxi) = { 0, otherwise M
The next step was to calculate the spectrogram for each of
the four binary signals obtained from this decomposition.
The Fast Fourier Transform (FFT) corresponding to each
of these signals was performed, and this is a computationally
efficient method for the calculation of the Discrete Fourier
Transform (DFT) [41].

N-—1
X(k) = Z Ug )W 0 <k <N —1 )
n=0

where:
Wy = e 2N 3)

FFT algorithms decompose an N-point DFT into smaller
DFTs [42] using sliding windows.

Although the application of Deep Learning Tools in health
is still controversial [43], multiple studies have demonstrated
that the performance of Deep Learning Tools using spectro-
grams renders good results in the interpretation of medical
results [44], [45], [46], [47], [48], [49].

Calculation of the spectrogram of a genomic sequence
makes it possible to obtain a graphic representation of the
significance of each periodicity (frequency) at each position
(assimilating the concept of time to position) of the genome.

The x-axis represents the position of each nucleotide. The
y-axis is the frequency range and the z-axis is the value of
the FFT. The spectrogram is a two dimensional representation
obtained by replacing the z-axis with a color palette according
to the amplitude of the FFT of the position of a nucleotide (x-
axis) at a given frequency (y-axis) [50].

Applying Transfer Learning on a pre-trained CNN allows
extending its potential to new types of images and new
domains such as medical diagnostics: prediction of multi-
ple diseases from chest X-ray images [51], classification
of abdominal ultrasound images [52], diabetic retinopathy
images [53], cellular morphological changes to identify cel-
lular phenotypes (incipient cancer process and so on) [54] or
detection of Major Depressive Disorder (MDD) by observing

VOLUME 11, 2023



A. Guerrero-Tamayo et al.: Discovering Mathematical Patterns Behind HIV-1 Genetic Recombination

IEEE Access

electroencephalogram (EEG) signals transformed to spectro-
grams [55].

Therefore, the application of pre-trained CNNs as a tool
for the classification of genomic sequence spectrograms can
yield interesting and positive results. In this case, the HIV-1
compete sequences were classified as recombinant or non-
recombinant.

The spectrogram is a visual tool that represents the spectral
composition of a signal as a function of time using the Fast
Fourier Transform (FFT). This image contains a significant
mathematical component.

The identification of invisible mathematical patterns that
determine the recombination of a sequence can potentially
offer increased robustness compared to traditional algo-
rithms used for detecting genetic recombination events in
nucleotide sequences. These traditional methods rely on sta-
tistical approaches, which may raise concerns regarding their
performance and reliability [56].

Interpretability tools can provide information on areas that
are determinants of subsequent classification [57], [58], [59].
The results of the interpretability analysis make it possible to
evaluate which factors determine whether an HIV-1 sequence
is recombinant or not.

Three different interpretability tools can identify different
areas of interest, and the results can be combined to obtain
the maximum information:

1) Grad-CAM (Gradient-weighted Class Activation Map-
ping). It uses gradients of the classification score with respect
to the final convolutional feature map [60]. Grad-CAM is
intuitive, but its resolution is low.

2) LIME (Local Interpretable Model-agnostic Explana-
tions). It computes feature importance by segmenting an
image into several features and generating ‘““artificial”” obser-
vations by randomly including or excluding these features
[61], [62]. Its accuracy can vary but it exhibits good visual
interpretability.

3) Gradient Attribution. It accurately identifies the specific
pixels in the image that are crucial for the decision-making
process of the Deep Learning tool. It returns a pixel map
that highlights the most influential pixels on the class score
when changed [63], [64]. Its accuracy is very high; however,
visually, it is very noisy.

In terms of accuracy and ease of use for the human eye, the
advantages and disadvantages of these three tools make them
particularly interesting to work with simultaneously, enabling
the comparison of results and obtaining complementary data
on features and patterns.

lIl. MATERIALS AND METHODS

All experiments ran in this equipment:

- Processing Unit: Intel(R) Xeon(R) Gold 5220R CPU @
2.20 GHz.

- Installed RAM: 256 GB usable.

- Operative System: Windows 10 Education. Version: 21H]1.

- GPU: NVIDIA RTX A6000. Total memory: 179.451 GB.
VRAM: 48.571 GB.
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TABLE 1. Dataset Structure. Non-Recombinants account for 82.36% of
the total (13554 complete HIV-1 sequences until 2020). Recombinants are
the 17.64%. Percentages in parentheses are calculated with respect to the
total number of sequences of training, validation and test sets (11267,
1987 and 300 sequences).

Dataset | Recombinant | Non-Recombinant | TOTAL
Train | 1903 (16.80%) | 9364 (83.11%) | 11267
Validation | 338 (17.01%) 1649 (82.99%) 1987
Test 150 (50.00%) 150 (50.00%) 300
TOTAL 2391 11163 13554

A. HIV-1 COMPLETE GENOMIC SEQUENCES
COMPENDIUM

HIV-1 genome sequences were downloaded from the Los
Alamos National Laboratory HIV Database (https://www.
hiv.lanl.gov/), all subtypes, complete genome. Recombinant
sequences are named as Circulating Recombinant Forms
(CRFs). The entire genome of these viruses has been demon-
strated to exhibit genetic recombination. This means that cer-
tain regions of the genome cluster with one subtype, whereas
other regions cluster with a different subtype. To facilitate the
quick identification of subtypes, CRF expression is omitted,
referring to recombinants only by acronyms after the hyphen
symbol. Therefore, CRF29-BF1 is referred to as BF1.

To construct the dataset, we labelled all CRF sequences
as recombinant and non-CRFs as non-recombinant. Subse-
quently, we randomly distributed these sequences into train-
ing, validation, and test folders according to the guidelines
outlined in Table 1.

As shown in Table 1, the test dataset ponderation (50 % /
50 %) deliberately differs from that corresponding to train
and validation sets (17 % / 83 %) to detect under-fitting biases
during the training phases [65].

B. SPECTROGRAM GENERATION

Working with two different graphical representations of the
spectrogram of a sequence allows us to obtain complementary
information that may clarify the possible pattern that deter-
mines whether an HIV-1 genome is recombinant.

The first one, called Concatenated Spectrogram, displays
the concatenation of the spectrogram for each of the four
types of nucleotides on the x-axis. A schematic is shown in
Fig. 4a.

This representation system can determine the most influ-
ential nucleotide types for the characterization of a virus as
recombinant. However, it is difficult to determine accurately
the involved area of the genome.

The second one is 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=8,+Sg+Sc+5 4)

Fig. 4b shows the graphical concept of this type of rep-
resentation, which allows us to more effectively specify the
influential zones of the genome.
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§=5_a+S5 g+8 c+5_t

S_a S g Sc S t

Total Length = 40000 nts. approx. Total Length = 10000 nts. approx.

(a) Concatenated (b) Superposed

FIGURE 4. Spectrograms Schemes. The x-axis represents the position of
each nucleotide. Therefore, in Fig. 4a the length is four times the
sequence length owing to the concatenation of the four spectrograms.
In Fig. 4b the length of x-axis matches the genome length. In both cases,
the y-axis represents a frequency range from 0 to 0.5. The z-axis is the
spectrogram calculation.

et I - .

FIGURE 5. Jet Color Map. Blue color corresponds to lowest sensitivities
and red to the highest ones. See jet colormap at https://matplotlib.org.

To work with two-dimensional spectrograms, the z-axis is
assimilated to a ““jet” color palette. See Fig. 5. Using the mat-
plotlib.pyplot.pcolormesh function, we mapped the minimum
value of the FFT to deep blue (0) and the maximum value to
deep red (1), automatically generating color assignments for
each intermediate value of the FFT. By default, the data range
is mapped to the colorbar range using linear scaling.

Each spectrogram is identified by the reference of the
corresponding sequence.

We generated spectrograms of both datasets using Python,
the Scipy library, scipy.signal.spectrogram. To avoid biases
and bad practices during CNN training, we omitted axes,
margins and any other elements that may distort the operation
of the network. Therefore, the image is limited to the spec-
trogram only [66], [67]. We performed all the experiments
by splitting the entire dataset into training, validation and test
folders. The complete dataset is available in the Supplemen-
tary Information - Dataset folder. CNNs trained with the same
information in concatenated and superposed. This improves
the comparability of results by eliminating GAPs related to
different learning data.

C. PRE-TRAINED CNN SELECTION CRITERIA
Once both spectrogram datasets were generated, the next step
was to perform a test bench to select not only the CNN with
the best performance, but also the set of hyperparameters that
achieved the best and most balanced accuracy levels between
non-recombinant and recombinant viral genomes.

CNNss of choice were:
- VGG16 [68].
- ResNET - 101 [69].
- Inception V3 [70].

The experiments were performed using the MAT-
LAB2021b App Deep Learning Designer. These CNNs are
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TABLE 2. Test Bench. It was applied under the same conditions to all the
selected CNNss. It consists of different combinations of Learning Rate
(0.0001 and 0.0100), Batchsize (52 and 128) and Epochs (10 and 30).

Test | Learning Rate | Batchsize | Epochs
1) 0.0001 52 10
2) 0.0100 52 10
3) 0.0001 52 30
1) 0.0100 52 30
5) 0.0001 128 10
6) 0.0100 128 10
7) 0.0001 128 30
8) 0.0100 128 30

pre-trained with millions of images from the ImageNet
database, and they can classify images into 1000 cate-
gories. More information about the pre-trained convolutional
neural networks in MATLAB is available at https://www.
mathworks.com.

Through Transfer Learning, the CNN learns the specific
features of both datasets. Freezing the weights of all inter-
mediate layers intact, we replaced the last fully connected
layer, specifying the new number of categories to analyze.
We also replaced the classification layer of the pre-trained
model. In this way, we extract all previous knowledge from
the other datasets and adapt it to our new problem.

As demonstrated by preliminary tests, Data Augmentation
degraded the performance significantly, probably because it
altered the biological meaning of the sequence. Applying this
technique would be counterproductive, particularly if rota-
tions are generated. This is because the biological meaning
of the image is determined by its exact orientation. Therefore,
we did not apply this technique.

The following test bench was performed to standardize the
tests on concatenated and superposed spectrogram datasets
with the most direct comparability possible between different
CNNs (Table 2).

1) BEST PERFORMANCE BASED DECISION CRITERIA

The criteria for determining the best results should not be
solely based on the total number of hits. The four selected
performance metrics of the CNN are as follows:

- Validation Accuracy.

- Training Time.

- Confusion Matrix Results.
- AUC.

Training Time is a measure of the required computation.
For similar Validation Accuracy and AUC values, the decisive
criterion was the maximum Test Accuracy in both recom-
binant and non-recombinant categories (Confusion Matrix
Results). The best performance was achieved when these hit
rates in both categories were balanced and optimal.

According to this criterion, the CNN that performs best
in both datasets (concatenated and superposed) was the one
selected. The balance should not only exist in both categories,
but also in both datasets.
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The results of all experiments and training curves are
available at the Supplementary Information - Training Curves
folder.

2) ROBUSTNESS CRITERIA

To determine the robustness of the results, the same optimized
training with exactly the same dataset was repeated three
times. If the results of these three attempts are similar, the
system is considered to be robust.

3) INTERPRETABILITY TOOLS' RESULT GENERATION

To locate the positions of these mathematical patterns that
enable the CNN to classify a genomic spectrogram as recom-
binant, we applied MATLAB functions such as gradCAM,
imageLIME, and gradientMap.

These three functions generate a scoremap, which is a
numerical matrix highlighting the relevant areas that con-
tribute to the classification task.

These hot zones are output in image format. To achieve
this, they overlaid a color map onto the original image, mak-
ing the hot regions clearly visible.

In the case of Grad-CAM and LIME, a 256-color Jet Color
Map is applied (see Fig. 5), from O (deep blue) to 1 (deep red).
Gradient Attribution provides a pixel-resolution map that
shows the most relevant pixels to the network’s classification.
This map is scaled with 255 colors from O (white) to 1 (black).

The hot maps of the complete dataset are available at the
Supplementary Information - Hot Zones folder.

4) PHYLOGENETIC TREE AND COMPARISON WITH
INTERPRETABILITY TOOLS’ PATTERNS

A comparison was made between sequences with simi-
lar interpretability patterns and the phylogenetic tree of
the 13554 HIV-1 complete sequences [71], [72]. First,
we downloaded the HIV-1 complete consensus multiple
sequence alignment from the Los Alamos National Labora-
tory HIV-1 Database (until 2020). These alignments contain
a single sequence per patient [73]. Thus, we avoid biases due
to comprehensive data from a few sources and to make the
resultant phylogenetic tree more user-friendly.

An analysis was then performed between the similarity
level of the patterns indicated by the interpretability tools,
and the position of the sequences in the phylogenetic tree
(the closeness between them). A phylogenetic tree of these
multiple sequence alignments and phylogenetic distances
between two sequences (Path Length), were calculated using
MATLAB2021b - Computational Biology Apps.

When the analyzed sequence did not appear in the HIV-1
consensus multialignment, the representative sequence from
the same patient was taken as a reference. Sometimes, it was
not possible to locate the position of some sequences in
the phylogenetic tree, because alignments lacked either the
sequence itself or the patient’s reference sequence. The
patient was not identified in some sequences.
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1. DATASET GENERATION: GENOMIC SEQUENCE TO SPECTROGRAM CONVERSION
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FIGURE 6. UMI Methodology Block Diagram. The first phase is a
conversion of genomic sequences to biologically-coherent images, this is,
genomic spectrograms. The second phase is applying transfer learning to
a pre-trained Convolutional Neural Network (CNN) with this dataset of
frequency-domain images, so the CNN can detect features in this type of
images. Once the CNN is trained, interpretability tools allow to identify
which areas the CNN looks at to classify each image. The result of the
third and final phase is the location of mathematical signatures related
with a viral feature.

The traceability of intra-patient sequences (virus sequences
produced in the same patient’s organism) was determined by
the Patient Code (ID) field.

We loaded the HIV-1 complete consensus multiple
sequence alignment into the Sequence Alignment Tool.
We automatically generated the phylogenetic tree using the
“View Tree”” option. The phylogenetic path and distance are
displayed by selecting two sequences on the tree itself.

This phylogenetic tree is available at the Supplementary
Information - Phylogenetic Tree folder.

D. UMI METHODOLODY BLOCK DIAGRAM

Our new methodology, the Unified Methodology of recom-
binant virus Identification (UMI), consists of three phases,
as described in Fig. 6.

IV. RESULTS

A. CNN SELECTION

To improve the reading and understanding of Confusion
Matrix Results in the following sections, only the number of
hits and failures are shown, according to Fig. 7).
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TABLE 3. Best Results Abstract. Once all test combinations were performed, and considering the selection criteria, the best performance and the best

hyperparameters for each of the pre-trained CNNs are shown.

Concatenated Spectrogram Dataset
. Validation L . Training Time Test, Confusion Matrix
CNN Hyperparameters Accuracy Training Time per Epoch Accuracy Results AUC
o Learning thtel: lEJ.O()UI . e . o . 145 -5 -
VGG-16 Batchsize: 52 94.92% 17 min 36 sec 1 min 45.60 sec 94.00% 13137 0.9772
Epochs: 10 B
Learning Rate: 0.0100 149 - 1
Resnet-101 Batchsize: 52 94.82% 41 min 7 sec 4 min 6.70 sec 94.33% 16 - 134 0.9928
Epochs: 10 -
Learning Rate: 0.0100 146 - 4
Inception-V3 Batchsize: 52 94.82% 148 min 1 sec 4 min 56.03 sec 96.33% 7143 0.9943
Epochs: 30 o
Superposed Spectrogram Dataset
. . . Validation L . Training Time Test Confusion Matrix .
CNN Hy}?erpdrdmeters Accuracy Training Time per Epoch Accuracy Results AUC
] Learning R,fite: 0.0001 . o o 143 - 7
VGG-16 Batchsize: 52 92.90% 15 min 59 sec | 1 min 35.90 sec 94.00% 11139 0.9888
Epochs: 10 B
Learning Rate: 0.0100 143 -7
Resnet-101 Batchsize: 52 96.83% 136 min 24 sec | 4 min 32.80 sec 92.67% = 1a= 0.9899
Epochs: 30 15135
Learning Rate: 0.0100 149 - 1
Inception-V3 Batchsize: 52 96.48% 149 min 6 sec 4 min 58.20 sec 95.00% 14 i 136 0.9879
Epochs: 30 )

SUCCESS FAIL

(2o VT4 NOT RECOMBINANT SEQUENCES NOT RECOMBINANT SEQUENCES
NOT JEASZIS (o) el VLI LINE CLASSIFIED AS RECOMBINANT
(FALSE POSITIVE)

TRUE CLASS

FAIL SUCCESS
RECOMBINANT RECOMBINANT SEQUENCES RECOMBINANT SEQUENCES

YES | CLASSIFIED AS NOT RECOMBINANT (NSRSl
(FALSE NEGATIVE)

RECOMBINANT NOT

RECOMBINANT YES
PREDICTED CLASS

FIGURE 7. Confusion Matrix Scheme. The top row refers to
non-recombinants. Hits are on the left and misses area on the right. The
bottom row refers to recombinants. Failures are on the left and hits area
on the right.

As shown in Table 3, both for concatenated and superposed
spectrograms:

VGG-16 achieved better performances with a Learning
Rate = 0.0001. The optimal Learning Rate of ResNET-101
and Inception V3 is 0.0100.

All the three CNNs improved with Batchsize = 52 vs.
Batchsize = 128.

These three CNNs exhibited the same behavior as the
number of Epochs increased. The success rate increased
directly proportional to the number of Epochs classifying
non-recombinant sequences, achieving 100%. However, for
recombinant sequences, the success rate increased until it
reaches its maximum, after which it began to decrease.

VGG-16 yielded better results with Epochs = 10 vs.
Epochs = 30. ResNET-101 performed better with Epochs =
10 when working with concatenated spectrograms. However,
if it worked with superposed spectrograms, Epochs = 30 was
a better choice. For both datasets, Inception V3 slightly
improved its performance for Epochs = 30.

VGG-16 training time was the lowest. Inception V3 devel-
oped the slowest learning process.

Because Res-NET 101 obtained the lowest accuracy for
both datasets, it was discarded. Inception V3 provided better
results for concatenated spectrograms but its accuracy was
slightly lower for superposed recombinant spectrograms.

Therefore, in accordance with the performance measure-
ment parameters defined in Section III-C1, VGG-16 was the
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CNN selected for this research. It yielded more balanced hit
rates on the test dataset between non-recombinant and recom-
binant categories, and its training times were substantially
lower. The best success rate and the most balanced results
were achieved with 10 Epochs.

The best VGG-16 configuration for both concatenated and
superposed spectrograms was:

- Learning Rate = 0.0001
- Batchsize = 52
- Epochs = 10

B. ROBUSTNESS
We performed the robustness test in accordance with the
specifications described in Section III-C2. The same experi-
ment, which was performed three times, achieved very similar
results. Thus, the robustness of the method was demonstrated.
The results were similar in all three cases for both datasets
(Tables 4 and 5); thus, the performance was robust. The
most successful training was selected according to the criteria
outlined in Section III-C1. In both datasets, Test 1 achieved
the best hit rates and moreover the best balance between
recombinants and non-recombinants.

C. HOT ZONES DETERMINATION

Interpretability tools allow us to identify where a CNN
determines the recombinant character of a sequence. These
spectrogram areas are called hot zones (where the CNN looks
at to classify a sequence).

Figs. 8 and 9 represent the most repeated interpretability
hot zones. In order to extract the most recurrent hot zones with
the highest level of accuracy, we analyzed the interpretability
results of each sequence in the test set individually (a total of
300 sequences). For the test set sequences that the network
correctly predicted, we identified the most frequently occur-
ring hot areas as well as the secondary ones. For the sequences
where the network failed, we determined the most frequently
occurring erroneous hot zones as well as the secondary ones.

The Grad-CAM and LIME results, although less accurate,
easily render hot zones to the naked eye. So, they are more
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TABLE 4. VGG-16 Concatenated Spectrograms Three Identical Test Results. These tests were performed with the best resulting configuration: Learning

Rate= 0.0001, Batchsize=52 and N2Epochs=10.

Concatenated Spectrogram Dataset
Validation . . Test Confusion Matrix
Accuracy Training Time Accuracy Results AUC
Test 1| 94.92% | 17 min 36 sec | 94.00% 1134§ 1357 0.9772
. 144 - 6
Test 2| 95.82% | 15 min 51 sec | 92.67% 16 — 134 0.9828
Test 3| 95.02% | 17 min 36 sec | 90.33% 2114% 1289 0.9714

TABLE 5. VGG-16 Superposed Spectrograms Three Identical Test Results. These tests were performed with the best resulting configuration (same as

concatenated): Learning Rate= 0.0001, Batchsize=52 and N2Epochs=10.

Superposed Spectrogram Dataset
Validation .. . Test Confusion Matrix
Accuracy Training Time Accuracy Results AUC
Test 1 92.90% 15 min 59 sec 94.00% 1114§ 132 0.9888
Test 2 92.25% 16 min 9 sec 93.33% 144 -6 0.9904
’ ’ 14 - 136 ’
. 144 - 6
Test 3 94.46% 16 min 39 sec 93.33% 14 — 136 0.9872
Grad-CAM Grad-CAM hot zones were analyzed, as shown in Fig. 8a.,
-— the low-frequency range of the four nucleotides plays
an important role in determining a sequence as non-
Py = —— recombinant, as well as the frequencies close to the one-third
for the T nucleotide. In recombinant concatenated spectro-
grams (Fig. 8b.), the leading Grad-CAM hot zone pivots
around the left border (A nucleotide area) and in the lower
- third of the right border (T nucleotide area). There is a zone
B EE S B ) B S of interest common to non-recombinants and recombinants,

(a) Non-Recombinant (b) Recombinant (c) Error Zones

LIME
f=1/3 f=1/3 .f=1/3
] ™
Sa ] sg[sc] st Sa]sg[sc] st Sa|sg[Sc] st

(d) Non-Recombinant (e) Recombinant (f) Error Zones

FIGURE 8. Concatenated Hot Zones. The most common hot areas are
color-filled. The not filled ones represent hot areas with lower
repeatability. In the case of Grad-CAM,(a) shows the hot areas where the
CNN looked at to classify a sequence as non-recombinant. (b) shows
those corresponding to the recombinant category. (c) indicates where did
the CNN look at in misclassification cases. “Recombinant classified as
non-recombinant” hot zones are purple-colored and “Non-recombinant
classified as recombinant” hot zones are red-colored. In the case of LIME,
(d) shows the hot areas where the CNN looked at to classify a sequence
as non-recombinant. (e) shows those corresponding to the recombinant
category. When the CNN fails, the LIME hot zones are indicated in (f) in
brown.

suitable for the first approximation to the zones of interest.
By contrast, Gradient Attribution provides a difficult visual
interpretation.
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located on the right border at the height of one-third of the
T-nucleotide area. In the misclassification cases, the CNN
looked at areas corresponding to the opposite category. The
most common error zones are as shown in Fig. 8c.

In the case of LIME applied to concatenated spectrograms
(8d. and 8e.), LIME targets the left corners (A nucleotide
high and low frequencies) both for non-recombinant and
recombinant. In several failure cases, the CNN was fixed
in places that did not coincide with hot zones. This error
zone is located around the middle of the left axis (average
A nucleotide frequencies), as shown in 8f.

For non-recombinant superposed spectrograms, Grad-
CAM hot zones are shown in Fig. 9a. The leading one
corresponds to the high and low-frequency areas, correspond-
ing mainly to 5°’LTR and 3’LTR (the four corners). Secondary
hot zones are concentrated at the upper and lower edges and
at high and low frequencies.

Analyzing recombinant superposed spectrograms, Grad-
CAM main influential areas (Fig. 9b.) are located in low
frequencies and one-third frequency of 5’LTR.

In non-recombinant superposed spectrograms, LIME is
overwhelmingly fixed in the lower-left corner (low-frequency
area at the beginning of the sequence, 5’LTR primarily).
To a lesser extent, in the upper-left corner (high frequency at
the beginning of the sequence) and in the lower-right corner
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FIGURE 9. Superposed Hot Zones. The most common hot areas are
color-filled. The not filled ones represent hot areas with lower
repeatability. (a) shows the hot areas where the CNN looked at to
classify a sequence as non-recombinant, and (d) presents the
corresponding ones to LIME. (b) and (e) shows those corresponding to
the recombinant category of Grad-CAM and LIME, respectively. (c) and
(f) indicate where did the CNN look at in misclassification cases.
“Recombinant classified as non-recombinant” hot zones are
purple-colored and “Non-recombinant classified as recombinant” hot
zones are red-colored. Brown-colored area refers to the common error
zone between the two types of misclassification.

(low-frequency zone at the end of the sequence, 3’LTR). See
Fig. 9d.

The significant regions in the superposed spectrograms
of recombinant sequences are located at approximately
one-third of the frequency range at the beginning of the
sequence and some areas that approximate the gag and env
genes. See Fig. 9e.

In superposed spectrograms, Grad-CAM and LIME indi-
cate that the CNN misclassified looking at the hot zones of
the opposite category. See Fig. 9c. and 9f.

The behaviors of the three interpretability tools are similar
in concatenated and superposed spectrograms. Both methods
obtain robust results and similar zones of interest in the
nearby sequences.

V. BIOLOGICAL CONSISTENCY ANALYSIS

As explained in Section III-C4, after confirming that
the CNN could differentiate between recombinant and
non-recombinant sequences based on distinct decision pat-
terns, the next step was to deepen the biological interpretation
of this behavior. We generated the phylogenetic tree of all
the complete HIV-1 sequences up to 2020. Next, we com-
pared the similarity level of the hot zones with phylogenetic
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distance. We also compared hot zones with microbiological
expert knowledge to validate the biological coherence or our
results.

To facilitate the biological meaning of the hot areas,
we provide a set of all the figures in Tables 6 to 11 with their
scaled reference. See Supplementary Information -Hot Zones
Reference Information.

A. HIV-1 MICROBIOLOGICAL CONSIDERATIONS

HIV-1 is a retrovirus, the genome of which contains two
copies of single stranded RNA. The hallmark of retrovi-
ral replication is reverse transcription [74], that generates
a linear DNA duplex from single stranded genomic RNA.
Reverse transcription occurs via a series of steps, including
two switches of nascent DNA, from one end to the opposite
end of the RNA template [75]. As a result, two identical
sequences called Long Terminal Repeats (LTRs), are formed
at each end of DNA. After reverse transcription, the viral
DNA is integrated into the genome of the host cell.

LTRs play a vital role in the initiation and regulation of
viral transcription. Despite the identity of the sequence, each
one has different functions. 5’LTR contains the signals for
the initiation and regulation of viral transcription. 3’LTR
performs in post-transcriptional processes. 3’LTR has an effi-
cient polyadenylation site (adding a polyA tail to messenger
RNA), and it is fundamental in the editing of viral transcripts
[76], [77].

The two copies of contained RNA, as well as the switches
occurring during reverse transcription, may be related to the
high level of genetic recombination that occurs in an HIV
infectious process [78]. Reverse transcriptase indistinctly
uses portions of these two RNA molecules contained in each
virion as a template [79].

HIV-1 is classified into four groups named M, N, O and P.
Group M, which is the most widespread in the world,
is divided into nine subtypes: A, B, C, D, F, G, H, J and K.
Multiple recombinants between subtypes are currently cir-
culating; they are called Circulating Recombinant Forms
(CRF) [80].

B. ANALYSIS OF SUCCESSFUL CLASSIFICATIONS

The hot areas of sequences belonging to the same subtype
are usually similar. In most cases, the closer the phyloge-
netic distance, the greater the similarity of the hot zones.
A representative example is subtype 22-01A1 AY371165 and
KF716462 (considering its reference sequence JN864058).
See Table 6. The phylogenetic closeness between the two
sequences is proven in Fig. 10. This path is highlighted in
red.

The similarity level is higher for intra-patient sequences
[81]. Therefore, interpretability tools are expected to yield
even more similar results. As an example, Table 7 shows that
there is a high similarity between the hot zones of concate-
nated and superposed spectrograms at sequences KR820306
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Path length: 0.077251

FIGURE 10. Phylogenetic Tree AY371165 and JN864058. These sequences
are included in the recombinant subtype 22-01A1, which contains

21 sequences. As shown, both are phylogenetically close sequences, with
a path distance of 0.077251. Their last common node results in a clade of
seven sequences.

I

TABLE 6. Comparison of Interpretability Recombinant Concatenated
Spectrograms - Subtype 22-01A1. AY371165 and KF716462 have close
phylogenetic positions and their hot zones are similar. Grad-CAM points
to low and one-sixth frequencies of A. Another hot zone is at high
frequencies of A and the beginning of G. LIME basically points to low
frequencies of A. Gradient Attribution is noisy but visually centered in A
nucleotide area and T (low frequencies).

Gradient

Sequence ID Attribution

Grad-CAM

AY371165

KF716462
Reference [ [

and KR820312, both belonging to subtype C and intra-patient
(Patient ID ZM331F).

In some cases of recombinant spectrograms, hot areas are
slightly more volatile, particularly in the concatenated graph-
ical representation. In the case of AY371129 and AY371130,
both from subtype 02-AG, their concatenated spectrograms
(Table 8) show divergences between the interpretability hot
zones despite being phylogenetically close sequences. Their
path length is 0.085774. However, in the case of superposed
spectrograms, their hot zones are similar. Given the phylo-
genetic closeness between both sequences, a higher level of
similarity between hot zones in concatenated spectrograms
is expected. Consistency occurs in the case of superposed
spectrograms. This fact requires further research.
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TABLE 7. Similar Hot Zones in Phylogenetically Close Non-Recombinant
Sequences. KR820306 and KR820312 are intra-patient subtype C
sequences. As expected, their decision areas are absolutely similar.

In concatenated spectrograms, Grad-CAM highlights low and one-third
frequencies of T nucleotide, with certain importance of one-third in C
spectrogram. Another hot area is located at low frequencies of A and
maybe G. LIME centers in high frequencies of A. Gradient Attribution
shows more activity at A and T spectrograms. In superposed
spectrograms, Grad-CAM fixes in high frequencies of 5'LTR in both cases.
KR820312 has a secondary area at low frequencies of 3'LTR. A very
peripheral area can be perceived at pol gene. LIME highlights low
frequencies of 5'LTR, followed by high frequencies of this area. Gradient
Attribution seems to emphasize high and low frequencies of 5'LTR and
gag, and low frequencies of some area near vif, env and, specially, 3'LTR.

Similar hot zones in phylogenetically close sequences
Non-Recombinant
Concatenated Spectrograms
Gradient
Sequence ID Grad-CAM LIME Attribution
KR820306
KR820312
Reference [
S a S g S c St
s
0 [ 40000
Superposed Spectrograms
Gradient
Sequence ID Grad-CAM LIME Attribution
KR820306
KR&820312
Reference . o u
] VPR VPU NEF
| sLTR GAG L POL E,L ! v [ sLTR
TAT <> REV
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

In general, there is a high similarity level of the hot zones
as a function of phylogenetic closeness in concatenated and
superposed spectrograms. In some cases, this match is even
slightly higher in the superposed case.

An additional example is the case of intra-patient recom-
binant sequences MW443219 and MW443225 (Patient Code
40503), belonging to subtype 01-AE (Table 9).

As shown in Table 9, intra-patient (Patient ID 40503)
MW443219 and MW443225 sequences (subtype 01-AE)
develop the same high concordance in concatenated and
superposed spectrograms.

Thus, based on the findings of the interpretability tools,
the CNN exhibits consistent behavior for both datasets. This

95805



IEEE Access

A. Guerrero-Tamayo et al.: Discovering Mathematical Patterns Behind HIV-1 Genetic Recombination

TABLE 8. Comparison of Interpretability Recombinant Spectrograms -
Subtype 02-AG. Grad-CAM hot zones are different in concatenated
spectrograms. Hot zones in AY371129 are around high frequencies of A
and one-ninth and high frequencies in T. However, AY371130 most
relevant zones are one-sixth and high frequencies of A. LIME has no
deviations. The most determinant areas are high and low frequencies in
A. In Gradient Attribution, the most important region seems to be the
high frequency range of A. In superposed, Grad-CAM relevant zone is
located around one-third frequency of 5'LTR. Secondary areas are
surrounding low frequencies of 5'LTR. LIME results are more dispersed.
In AY371129, a zone close to one-ninth frequency at 5°LTR outlines. Less
relevant sites are identified at low frequencies and one-third frequency at
gag. In AY371130, the most determinant zone is one-third of 5°'LTR. There
is a secondary area in the low frequency range of the central part of the
genome. Gradient Attribution point clouds are visually different, more
noisy in the case of AY371129. In AY371129, the most relevant areas are
low frequencies in 5'LTR and the first half of gag, vif and surroundings
and 3’LTR. Another remarkable zone is between one-third and high
frequencies of 5'LTR and gag. In AY371130, Gradient Attribution shows
low activity, highlighting low frequencies of gag and maybe 5’LTR, around
vif and, very weak, 3'LTR.

Concatenated Spectrograms
Gradient
Sequence ID Grad—CA LIME Attribution
AY371129
AY371130
Reference [ [ [
Sa Sg Sc St
| | | | |
0 ‘ ‘ " 40000
Superposed Spectrograms
Gradient
Sequence ID Grad-CAM LIME Attribution
AY371129
AY371130
Reference o - "
~ VPR VPU NEF
[sLR eac || POL ve [ ewv [ Tow
TAT «——— > REV
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

is particularly true for non-recombinant sequences, as hot
zones tend to be more similar the closer the sequences are
phylogenetically. In the case of recombinants there is greater
volatility. Sometimes, a greater phylogenetic closeness does
not correlate with a greater similarity in decision patterns.
Compared to concatenated spectrograms, superposed spec-
trograms reflect the relationship between phylogenetic close-
ness and the level of similarity in interpretability tool results
more accurately.
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TABLE 9. Similar Hot Zones in Phylogenetically Close Recombinant
Sequences. MW443219 and MW443225 are intra-patient recombinant
sequences of subtype 01-AE. The most remarkable feature of Grad-CAM is
the high similarity level of the hot zones in concatenated spectrograms.
The main key areas are one-third, one-sixth and one-ninth frequencies in
A, one-ninth frequency in G, some points near one-third, one-sixth and
one-ninth in C, and one-sixth, one third and high frequencies of T.
However, LIME fixes in high frequencies of A. Noisy results of Gradient
Attribution seem to enhance low and high frequencies of A, some areas
of low frequency range in G and C and low and one-third frequencies of T.
In superposed spectrograms, Grad-CAM points to one-third and low
frequencies of 5'LTR. LIME focuses at frequencies near one-ninth of 5'LTR
and, low frequencies of gag. One minor zone is one-third in 5°'LTR. Hot
points in Gradient Attribution are grouped in one-third and high
frequencies of 5°LTR, low frequencies in the central area of the genome
and low frequencies around 3'LTR.

Similar hot zones in phylogenetically close sequences
Recombinant
Concatenated Spectrograms
Gradient
Sequence ID Grad-CAM LIME Attribution
MW443219
MW443225
Reference s s [
' Sa Sg Sc St
| | | | |
0 ‘ ‘ ' 40000
Superposed Spectrograms
Gradient
Sequence ID Grad-CAM LIME Attribution
MW443219
MW443225
Reference - - "
—_VPR VPU NEF
[ 5LTR cAG [ POL EL[ I ENV 3LTR
TAT «——— > REV
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

C. ANALYSIS OF FAILED CLASSIFICATIONS

A failed sequence is considered a sequence of the test
dataset misclassified by the CNN. That is, a non-recombinant
sequence is classified as recombinant and vice versa.

In several cases, the CNN fails the same sequence in
both datasets. Specifically, non-recombinant FJ389363 and
recombinant GU230127, HQ385479, IN864058, JX390977,
MN172223 and MT559132 are double misclassified. These
phenomena suggest that these sequences are biologically
interesting, and have distinct features compared with the
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TABLE 10. Failed Classification Analysis Example 1. F}389363 (subtype G)
is misclassified as recombinant. Comparing its hot areas with those of
AJ508596 (recombinant sequence of subtype 30-0206) shows a high level
of concordance between them, even in Gradient Attribution. Incorrect
patterns are similar to those of the recombinant determinant areas.

In concatenated spectrograms, Grad-CAM focuses on A spectrogram,
LIME at low frequencies of A and Gradient Attribution at high frequencies
of A and low frequencies of T and C. In superposed spectrograms, the
Grad-CAM hot zones are low frequencies of 5°LTR. LIME is more dispersed
throughout the low-frequency range, locating the main zones between
5°LTR and gag and at some points near vif. Gradient Attribution hot areas
seem to focus on low and high frequencies.

TABLE 11. Failed Classification Analysis Example 2. JN864049

(subtype 22-01A1) is misclassified as non-recombinant. Comparing its hot
areas with those of DQ164119 (non-recombinant sequence of subtype C)
shows again a high level of concordance between them, even in Gradient
Attribution. In concatenated spectrograms, Grad-CAM highlights low
frequencies between A and G and some zones near one-sixth, one-third
and low frequencies in C and T. LIME focuses on high frequencies of A
and Gradient Attribution is most active in the whole frequency range of A
(specially high frequencies), followed by T (mostly one-third and low
frequencies). In superposed spectrograms, Grad-CAM hot zones are high
frequencies of 5'LTR and low frequencies of 3’LTR. LIME results are more
scattered, but the determinant zone of LIME is low frequency range of
5'LTR. Additional areas are detected in low frequencies of the central part
of the genome (end of pol and vif) and 3’LTR. Gradient Attribution
determinant points are along the low frequency range and high

fr ies of 5'LTR.

Decision Patterns Comparison
Non-Recombinant: failed classification as Recombinant
Concatenated Spectrograms
Gradient
Sequence ID Grad-CAM LIME Attribution
FJ389363
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[sLTR eac || POL ve [l ewv [ Touw
TAT «——— > REV
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rest of the sequences. Therefore, a deep analysis is required
regarding genome integrity and their correct classification in
their subtypes. It is possible that these double misclassifi-
cations are not random, and that these sequences may have
issues with their classification into their respective subtypes.

Analyzing non-recombinant sequences incorrectly classi-
fied as recombinant, the CNN seems to make a decision based
on recombinant hot zones. Two representative examples are
presented in Table 10.

The CNN incorrectly classifies the concatenated spec-
trogram of the non-recombinant sequence FJ389363 (sub-
type G) as a recombinant. Analyzing the Grad-CAM hot
zones, we observe a high resemblance to AJ508596 hot zones
(recombinant sequence of subtype 30-0206). To a lesser
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extent, the LIME hot points are also similar and Gradient
Attribution is the most different, although they are still alike.

Similarly, the CNN also misclassifies the superposed
spectrogram of the sequence FJ389363. In this case, the
Grad-CAM and LIME hot zones in the two study sequences
are very similar. In contrast, those of Gradient Attribution
show appreciable differences to the naked eye. In any case,
there is a direct link between the misclassification and hot
zones of the incorrect category.

The same phenomenon occurs in the reverse direction.
When the CNN fails to classify a recombinant sequence
as non-recombinant, the decision zones look like those
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associated with non-recombinants. Table 11 presents two
graphical examples.

In Table 11, for concatenated spectrograms, recombinant
JIN864049 (subtype 22-01A1) is incorrectly classified as non-
recombinant. Comparing the hot zones of its spectrograms
with those of the non-recombinant sequence DQ164119 (sub-
type C), we observe that the decision patterns of the CNN
when making the wrong decision are similar to those cor-
responding to DQ164119, both in concatenated and super-
posed. Even Gradient Attribution shows a higher degree of
resemblance, which is greater than that seen in the previous
example.

Similarly, the hot zones of the recombinant sequence
KX907417 (subtype 41-CD), incorrectly classified as non-
recombinant, are compared for the superposed spectrograms.
High similarity is observed in the Grad-CAM hot zones
corresponding to the non-recombinant MN090373 sequence
(subtype B). In the case of LIME, the KX907417 hot zones
are less specific than those in the case of MN090373. Simi-
larities in the Gradient Attribution hot zones can be observed
with the naked eye.

VI. CONCLUSION

Our methodology allows a rapid, robust and coherent identifi-
cation of genomic areas that are determinant in the character-
ization of genetic recombination in HIV-1. This localization
can significantly reduce genomic research timelines, and help
microbiological experts to focus on the genomic areas. Our
methodology allows for a complementary representation of
genomic sequences, in addition to the traditional nucleotide
sequence format. The conversion of genomic sequences to
biologically consistent images such as spectrograms, enables
the application of powerful deep learning and machine learn-
ing tools to the field of genomics, thus taking advantage of
their full potential. The high hit rates on genomic spectro-
grams, despite their distinct nature from ImageNet images,
demonstrate the transferability and applicability of the pat-
tern detection capability from these tools to new domains.
Therefore, we can efficiently identify areas of interest within
the sequences through massive information comparison. This
type of analysis is much more arduous to perform using the
traditional system.

The CNN’s total hit rate (test accuracy) for classifying viral
sequences as recombinants or non-recombinants is 94% in
both concatenated and superposed spectrograms. The deci-
sion areas in each category are consistent and differentiated.
The hot zones are similar for sequences of the same subtype
and phylogenetic proximity. When the CNN misclassifies,
both Grad-CAM and LIME target the hot zones of the incor-
rect category.

The importance of the 5’ and 3’ LTR zones and their U3,
R and US regions as hot zones for classifying a sequence
as recombinant may be related to the role played by these
terminal sections of the genome during viral transcription
[82], [83], [84]. The neighboring gag, nef and env genes may
also be involved in HIV-1 genetic recombination.
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The importance of A and T nucleotides in recombinant
feature correlates with the high content of polyA and polyT
stretches in the HIV-1 sequence. These regions are suscepti-
ble to polymerase skipping and thus, genetic recombination.
The key role of A nucleotide could be related to the high
adenine content in lentivirus, especially in HIV-1 [85].

As Olabode et al. [86] suggested, the fact that sequences
of different subtypes present very similar hot zones may be
due to the existence of more cases of recombination than is
currently described. It is possible that some viruses that are
considered pure subtypes may exhibit hidden recombination
phenomena.

In addition, the detected recombinant sequences are those
which have prevailed because the resulting viruses have
some selective advantages. Although numerous recombina-
tion phenomena can occur, they will not be selected if the
resulting virus is non-viable or has lower fitness than the
parental viruses. Through this research, we can gain insights
into those genome regions that are more receptive to recombi-
nation and may confer a selective advantage for the virus [87].

Some sequences are misclassified in both concatenated
and superposed spectrograms. The integrity and coherence
of these published genomes must be verified. In addition, the
criteria for classifying these sequences into their respective
subtypes should be revised. This phenomenon may reinforce
the correct operation of the CNN. If the subtypes of these
sequences are incorrectly assessed or their genomes contain
errors, it is biologically coherent that the CNN fails in both
datasets.

In conclusion, 5’LTR and 3’LTR, and nucleotides A,
followed by T, stand out as the leading hot zones for determin-
ing whether a sequence is recombinant or non-recombinant.
These results seem biologically coherent with the genome
structure and retrotranscription function. These facts validate
that the CNN detects frequency-domain mathematical pat-
terns that characterize a genomic sequence as recombinant
or non-recombinant, including the location of these patterns
within the sequence.

VII. FUTURE STUDIES

The application of methods based on multiple sequence align-
ment and manual adjustments did not allow for the discovery
of patterns determining genetic recombination in viruses.
Notwithstanding the information loss incurred through the
conversion of sequences into spectrograms, it is possible to
uncover previously unknown data embedded in the genome,
thereby revealing patterns that are not visible in the nucleotide
sequence itself.

The capacity of Deep Learning algorithms to find hid-
den patterns could greatly enhance research on this topic.
To achieve this, it is necessary to delve into understanding
the operation of these networks and how they detect these
patterns. Detailed studies of existing pre-trained architectures
and the development of interpretability tools are essential at
this juncture. As more accurate neural networks are devel-
oped and applied to genomics, researchers will be able to

VOLUME 11, 2023



A. Guerrero-Tamayo et al.: Discovering Mathematical Patterns Behind HIV-1 Genetic Recombination

IEEE Access

detect the specific regions of the genome that contribute to
sequence characterization with enhanced precision and cer-
tainty. Consequently, the time required for sequence analysis
and comparison will be significantly reduced. This holds
particular significance for larger organisms with genomes
spanning millions of nucleotides. Traditional analysis meth-
ods for such sequences are computationally intensive and
extremely time-consuming (letter-by-letter manual adjust-
ments). In such scenarios, it becomes crucial to possess a
tool capable of pinpointing the genomic regions pertinent to
the specific study feature. Our methodology can pave the
way to address this need by offering precise identification,
thereby greatly enhancing the efficiency of microbiological
analyses.

Furthermore, it is necessary to feed these algorithms
with curated datasets to help them identify these patterns.
We needed to employ the entire dataset of available HIV-1
complete sequences for training and testing the neural net-
work, which requires thousands of data samples to perform
robustly. It is necessary to intensify the sequencing of diverse
organisms to enhance the availability of the datasets.

This is the first time that a pre-trained CNN is applied to
spectrogram datasets to detect and classify HIV-1 sequences
as recombinant, with notable success rates and biologically
supported results. Moreover, leveraging interpretability tools
enabled us to identify specific genomic regions implicated
in this feature. Our methodology contributes to the advance-
ment of knowledge on genetic recombination in HIV-1, even
though it may not have direct clinical application at present.
Understanding the specific regions that play a key role in
the selection of viable recombinant viruses can be useful for
the search for new HIV-1 antiretroviral drugs. For example,
the development of new antiretroviral treatments targeting
specific genomic regions.

The UMI methodology is much faster and has lower com-
puting costs than the traditional methods. This approach
obviates the need for multiple sequence alignments and man-
ual adjustments. These results indicate that there are probably
mathematical patterns embedded in the genome that charac-
terize a virus with different features. This encourages us to
deepen their search and try to establish their mathematical
formulations. Given its high accuracy, Gradient Attribution
appears to be the most appropriate method for accurately
locating these signatures.

We know where the CNN detects the recombinant feature.
Our next step is to search for a signature or unique genetic
identifier that allows to find similar variants or sequences in
a much less computationally expensive manner.

Initiatives such as the one described, can successfully guide
and reduce the heavy task of characterizing determining
areas, which is probably applicable to more complex living
organisms and their characteristics.

This research opens up new fields of application for
biology.

Many exciting questions and fields emerge from this
research.
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VIIl. DATA AVAILABILITY

All databases, codes and generated results are available from
the corresponding author upon request. Supplementary Infor-
mation is available at IEEE Dataport (Discovering Math-
ematical Patterns Behind HIV-1 Genetic Recombination: a
new methodology to identify viral features - Supplementary
Information).
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