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In 2019 we witnessed the emergence of a new pandemic that has made 
society, healthcare systems and economy to tremble worldwide, unveiling 
how unprepared we were in terms of readiness, knowledge and protocols to 
minimize its negative impact. The pandemic was caused by the Severe Acute 
Respiratory Syndrome Coronavirus 2 (SARS-CoV-2), a positive single stranded 
RNA betacoronavirus. During the pandemic, it was seen that the disease 
COVID-19 affected people differently, depending on health, socioeconomic, 
nutritional and other factors. In addition, the virus showed an elevated 
propensity to mutate, generating uncertainty about the efficacy of treatments to 
fight it. In this regard, this thesis uses Machine Learning models to analyze the 
main factors affecting COVID-19 mortality and predict SARS-CoV-2 recurrent 
mutations. The predictive model developed for COVID-19 mortality at the US 
county level integrates health, socioeconomic, and nutritional data, achieving 
a notable correlation of 0.715. The analysis of influential variables revealed that 
the proportion of primary care physicians and other health providers relative 
to the population, along with socioeconomic indicators such as median 
household income and rates of physical inactivity and poverty, significantly 
impact COVID-19 mortality rates. Surprisingly, metabolism or nutrition-related 
variables show little importance in predictive power, while hypertension-related 
deaths in specific age and gender groups emerge as significant predictors. 
In addition to predicting COVID-19 mortality, this thesis explores SARS-
CoV-2 mutations. Artificial Neural Network (ANN) models were developed to 
predict SARS-CoV-2 recurrent mutations. These models effectively predicted 
positions with recurrent mutations and their recurrence levels. Notably, 
model robustness was demonstrated by false positive mutations becoming 
true positives in an updated test set. Moreover, the exploration of the most 
influencial variables revealed that nucleotides in the central position within 
each evaluated window, as well as surrounding nucleotides and RNA reactivity 
data, play significant roles. These findings agrees with the prevalence in SARS-
CoV-2 of C>U mutations originated by host deaminases.
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En 2019 fuimos testigos del surgimiento de una nueva pandemia que ha hecho 
temblar a la sociedad, a los sistemas de salud y a la economía en todo el mundo, 
revelando cuán poco competentes estábamos en términos de preparación, 
conocimiento y protocolos para minimizar su impacto negativo. La pandemia 
fue causada por el coronavirus 2 del síndrome respiratorio agudo severo 
(SARS-CoV-2), un betacoronavirus de ARN monocatenario positivo. Durante 
la pandemia, se vio que la enfermedad COVID-19 afectaba a las personas 
de manera diferente, dependiendo de factores de salud, socioeconómicos, 
nutricionales y otros. Además, el virus mostró una elevada propensión a mutar, 
generando incertidumbre sobre la eficacia de los tratamientos para combatirlo. 
En este sentido, esta tesis utiliza modelos de Machine Learning para analizar 
los principales factores que afectan la mortalidad por COVID-19 y predecir 
mutaciones recurrentes del SARS-CoV-2. El modelo predictivo desarrollado 
para la mortalidad por COVID-19 a nivel de condados de EE. UU. integra datos 
de salud, socioeconómicos y nutricionales, logrando una notable correlación 
de 0,715. El análisis de variables más influyentes reveló que la proporción de 
médicos de atención primaria y otros proveedores de salud en relación con la 
población, junto con indicadores socioeconómicos como el ingreso familiar 
medio y las tasas de inactividad física y pobreza, impactan significativamente 
en las tasas de mortalidad por COVID-19. Sorprendentemente, las variables 
relacionadas con el metabolismo o la nutrición muestran poca importancia en el 
poder predictivo, mientras que las muertes relacionadas con la hipertensión en 
grupos específicos de edad y género emergen como predictores significativos.
Además de predecir la mortalidad por COVID-19, esta tesis explora las 
mutaciones del SARS-CoV-2. Se desarrollaron modelos de redes neuronales 
artificiales (ANN) para predecir mutaciones recurrentes del SARS-CoV-2. 
Estos modelos predijeron eficazmente posiciones del genoma del virus 
con mutaciones recurrentes y sus niveles de recurrencia. En particular, la 
fortaleza del modelo se demostró mediante mutaciones falsas positivas que 
se convirtieron en verdaderas positivas en un conjunto de datos actualizado. 
Además, la exploración de las variables más influyentes reveló que los 
nucleótidos en la posición central dentro de cada ventana evaluada, así como 
los nucleótidos circundantes y los datos de reactividad del ARN, desempeñan 
papeles importantes. Estos hallazgos concuerdan con la prevalencia en el 
SARS-CoV-2 de mutaciones C>U originadas por las desaminasas del huésped.
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El 2019 vam assistir a l’aparició d’una nova pandèmia que ha fet tremolar la 
societat, els sistemes sanitaris i l’economia a tot el món, revelant com de poc 
preparats estàvem en termes de coneixements i protocols per minimitzar 
el seu impacte negatiu. La pandèmia va ser causada pel coronavirus 2 de 
la síndrome respiratòria aguda severa (SARS-CoV-2), un betacoronavirus 
d’ARN monocatenari positiu. Durant la pandèmia, es va veure que la malaltia 
COVID-19 afectava a les persones de manera diferent, segons factors de salut, 
socioeconòmics, nutricionals i altres. A més, el virus va mostrar una elevada 
propensió a mutar, generant incertesa sobre l’eficàcia dels tractaments per 
combatre’l. En aquest sentit, aquesta tesi utilitza models d’aprenentatge 
automàtic per analitzar els principals factors que afecten la mortalitat per 
COVID-19 i predir mutacions recurrents del SARS-CoV-2. El model predictiu 
desenvolupat per a la mortalitat per COVID-19 a nivell de comtats dels EUA 
integra dades de salut, socioeconòmiques i nutricionals, aconseguint una 
correlació notable de 0,715. L’anàlisi de variables influents va revelar que la 
proporció de metges d’atenció primària i altres proveïdors de salut en relació 
a la població, juntament amb indicadors socioeconòmics com la renda mitjana 
de les llars i les taxes d’inactivitat física i pobresa, afecten significativament les 
taxes de mortalitat per COVID-19. Sorprenentment, les variables relacionades 
amb el metabolisme o la nutrició mostren poca importància en el poder 
predictiu, mentre que les morts relacionades amb la hipertensió en grups 
d’edat i gènere específics emergeixen com a predictors significatius. A més 
de predir la mortalitat per COVID-19, aquesta tesi explora les mutacions del 
SARS-CoV-2. Es van desenvolupar models de xarxa neuronal artificial (ANN) 
per predir mutacions recurrents del SARS-CoV-2. Aquests models van predir 
eficaçment les posicions amb mutacions recurrents i els seus nivells de 
recurrència. En particular, la robustesa del model es va demostrar quan alguns 
falsos positius es van convertir en veritables positius en un conjunt de proves 
més actualitzat. A més, l’exploració de les variables més influents va revelar 
que els nucleòtids en la posició central dins de cada finestra avaluada, així 
com els nucleòtids circumdants i les dades de reactivitat de l’ARN, tenen un 
paper important. Aquestes troballes coincideixen amb la prevalença en SARS-
CoV-2 de mutacions C>U originades per desaminases de l’hoste.
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1. Introduction to The SARS-CoV-2 and COVID-19 Pandemic:

1.1 Background and Global Impact

The emergence of SARS-CoV-2, the virus responsible for the COVID-19 pandemic [1], 
disrupted global public health due to the incomplete understanding of its pathogenicity 
[2]. Identified in late 2019 in Wuhan, China [3], the virus rapidly crossed borders, reaching 
43 thousand confirmed cases in 28 countries/regions by February 2020 [4]. The scale 
and severity of the pandemic have posed immense challenges to healthcare systems, 
economies, and societies worldwide [5,6], reaching by October 2023, 6.8 million 
fatalities and 676 million cases worldwide [7]. The virus, belonging to the coronavirus 
family, exhibited high transmissibility and the ability to cause severe respiratory illness 
[8,9]. It affected with higher intensity to vulnerable populations: people older than 65 
and with immunocompromising conditions [10] and people with cancer [11,12]. It has 
also highly affected to those with nutritional related diseases, such as obesity [13,14], 
diabetes [15], hypertension [16] and other comorbidities [17]. The non-stop spread of 
SARS-CoV-2 underline the need for heterogeneous approaches, including predictive 
modeling [18] and mutational analysis [19], to understand, mitigate, and manage the 
evolving challenges created by SARS-CoV-2.

1.2. SARS-CoV-2

SARS-CoV-2 is a beta-coronavirus that belongs to the Coronaviridae family [3]. This 
virus family infects avian and mammal species [3]. Among those that infect are HcoV-
229E, HcoV-OC43, HCoV-NL63 and HcoV-HKU1, which produce “common cold”-
like symptoms through seasonal and mild respiratory infections [20]. However, other 
coronaviruses such as Severe Acute Respiratory Syndrome Coronavirus (SARS-CoV), 
Middle East Respiratory Syndrome Coronavirus (MERS-CoV) and SARS-CoV-2 are more 
aggressive and produce life-threatening, severe lung injuries and respiratory pathologies 
[20]. SARS-CoV, in 2002, resulted in 8 thousand cases with a 10% mortality rate. 
Meanwhile, MERS-CoV, in 2012, generated 2.5 thousand cases and a 36% mortality 
rate [20].

SARS-CoV-2 genome is a positive single-stranded RNA (+ssRNA) [21]. This means that 
it can be transcribed directly into proteins by human cells’ ribosomes. SARS-CoV-2 
genome is about 29.9 kilobases long [3], making it one of the largest RNA viruses [22]. 
This genome encodes for 28 proteins [23], of which 4 are structural, 16 are nonstructural 
and 8 are accessory proteins [24] (the proteins and genes encoding for them are shown 
in Table 1). At the 5’ of the genome are present the Open Reading Frames (ORFs) 1a 
and 1b, occupying the first two thirds of the genome. They together encode the 16 
nonstructural proteins (nsp), from which 15 (nsp2 to nsp16) form the replication and 
transcription complex (RTC), which is in charge of RNA processing, modification and 
proof-reading [20]. Meanwhile, structural and accessory proteins are located in the last 
third part of the genome. After ORF1a and ORF1b, the S gene is found, followed by the 
ORF3a, ORF3b, E, M, ORF6, ORF7a,  ORF7b, ORF8, N (with ORF9b inside of it) and 
ORF10 genes [25]. The accessory proteins (ORF 3a, 3b, 6, 7a, 7b, 8, 9b and 10) have 
high variability, limited conservation and are thought to contribute to module the host 
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response to infection [26–29]. Even though they were not seen required for replication in 
cell cultures, ORF8 has been seen in cell cultures to bind to the Major Histocompatibility 
Complex (MHC) mediating its degradation [20]. Thus, suggesting a mechanism of 
immune evasion. In addition ORF3b, which was suggested as an effective interferon 
antagonist [20].
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SARS-CoV-2 infects bronchial epithelial cells and pneumocytes mainly in the upper 
respiratory tract, where the Angiotensin-Converting Enzyme 2 (ACE2) receptor, on the 
surface of human cells, is abundantly expressed [20]. For viral entry into the cell, the 
spike (S) protein, which is expressed on the surface of SARS-CoV-2, binds with ACE2. 
Also expressed on the surface of the virus are the envelope (E) and membrane (M) 
proteins which conform the virion envelope [24]. These three are SARS-CoV-2 structural 
proteins, in addition to the nucleocapsid (N) protein, which resides inside the virus, 
keeping the genetic material together [24]. The S protein, a homotrimer, is glycosylated 
on its surface, granting it evasion from the host immune system by protecting epitopes 
from neutralizing antibodies [20]. In addition, the S protein has two parts, S1 and S2. 
S1 is exposed on the surface of the S protein, where the Receptor Binding Domain 
(RBD) is present and makes contact with ACE2 [24]. On the other hand, S2 is the part 
closer to the virus envelope, it has the trans-membrane domain, which mediates fusion 
with the human cell membrane [20]. S1 and S2 are split apart at the boundary between 
them by the human Transmembrane Protease Serine 2 (TMPRSS2), which is present 
on the surface of the cell [20]. Nevertheless, the ease of separation at this boundary is 
because of a previously cleavage done by host cell-derived proteases, like the prototype 
proprotein convertase furin [24], which is located inside the cell, mainly in the Golgi 
apparatus. Once the S protein is freed from S1, S2 joins the host cell membrane and 
SARS-CoV-2’s for fusion and entrance of the N protein, carrying the viral genome.

Once the viral genome is in the cell, it is translated into proteins using the cell ribosomes 
[20]. The first gene to be translated is the ORF1a, which encodes for the polyprotein 
1a (pp1a) [20]. Pp1a contains a chain of 11 proteins, from nsp1 to nsp11, that will be 
later separated. At the end of the translation process of ORF1a, the ribosome makes a 
-1 programmed frameshit (A change in the reading frame codon returning one position) 
and starts translating the pp1b, which contains another chain of proteins, from nsp12 
to nsp16 [20]. Once translated the pp1a, nsp3 (papain–like protease, PLpro) cleaves 
and releases nsp1 [26]. Nsp1 immediately leads towards ribosomes and binds, so they 
only translate viral RNA instead of the host’s [26]. This action also impacts the reduction 
of the expression of interferons type I and III and of other proteins in the innate immune 
system [20]. Later, PLpro cuts himself and other nsps including another protease, nsp5 
(chymotrypsin-like protease, 3C-like protease, 3CLpro, Mpro). Once Mpro is released 
from the poly-protein chain, it takes the lead in cleaving the majority of other nsps 
leveraged by a broader substrate specificity than PLpro [26]. Overall, nsps 2 to 11 
accommodate the RTC, modulate intracellular membranes, provide evasion against the 
immune system and participate in providing cofactors for replication [20]. Meanwhile, 
nsps 12 to 16, contain the main enzymatic functions required for RNA synthesis, 
proofreading and modification [20]. More specifically, RNA synthesis is performed by 
nsp12 (RNA-dependent RNA polymerase, RdRp) and two co-factors, nsp7 and nsp8. 
In addition, nsp14 (ExoN) provides proof-reading for genome stability and cuts out 
erroneous mutagenic nucleotides [20,26].  Other examples are nsp10, nsp13, nsp14 
and nsp16, which provide assistance in the capping process, catalize the removal of 
the 5’ phosphate group, methylate the N7 position of the guanine that is added at the 
5’ end during capping and methylate the 2’-OH group of the ribose sugar in the first 
nucleotide of the virus RNA, respectively [20,26].
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Figure 1. SARS-CoV-2 Entry, translation, replication, assembly and exit. Source: (Malone et al. 2022) [37].
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For replication, special compartments are created during the first replication cycles of 
the virus (Figure 1). This as consequence of interactions between cell factors and the 
nsps 3, 4, 12, 13 and 16 [20,26]. These compartments derive from the Endoplasmic 
Reticulum (ER) and were hypothesized to be double-membrane vesicles (DMVs) with 
the possibility of having nsp3 and nsp4 as pores for the passage of viral components 
[20]. These compartments provide a favorable environment with the proper 
concentrations of macromolecules required for RNA synthesis. They also protect virus 
replication intermediate products from exposure to cytosolic innate immune sensors 
[20]. Within these compartments, RNA synthesis and replication start with the synthesis 
of full-length negative sense RNAs, which behave as templates for the creation of 
complimentary positive-sense RNA [20]. The positive-sense RNAs are used later for 
translation to obtain more nsps or for getting packed in new virions. During the synthesis 
of the negative strand RNA, the RTC interrupts the transcription when encountering 
Transcription Regulatory Sequences (TRSs) located at different parts of the RNA [20]. 
At any of these TRS, the synthesis of the negative strand stops and is re-started at the 
TRS close to the leader sequence (TRS-L). At the re-initiation of RNA synthesis in the 
TRS-L region, a negative strand copy of the leader sequence is added to the nascent 
RNA to complete the generation of the negative strand sub genomic RNA (sgRNA). This 
discontinuous generation of sgRNAs produces the characteristic nested set of positive 
sense sgmRNAs that are translated into structural and accessory proteins [20].

A change in the structure of the resulted proteins, as an effect of mutations [38], impact 
us negatively because they could provide the virus higher infectivity [39] and decrease 
the efficacy of developed medicine and vaccines [40] against SARS-CoV-2. Until June 
2022, there were more than 10 million SARS-CoV-2 genomes collected in GISAID [41] 
accounting for up to 108 thousand mutations, from which 84 thousand were substitutions, 
22 thousand were deletions and 2 thousand were insertions [42]. In addition, mutations 
can also occur at the same genome gene and position in different hosts independently, 
therefore becoming recurrent mutations [43]. Moreover, when mutations make a virus 
vary from the others, it becomes a variant [44]. These variants are classified as Variants 
of Concern (VoC) if they show increased rates of transmissibility, virulence, change 
in disease symptoms and a decrease in the effectiveness of treatments, medicine, 
vaccines, and measurements against it  [45].

2. Machine Learning:

2.1 Algorithms

Machine learning (ML) is a subset of computational algorithms aimed at approximating 
human intelligence [46]. The key to their application lies in the improvement of these 
algorithms through experience/data [47]. ML algorithms can learn through tabular data 
[48], images/videos [49], text [50], interaction with an environment [51], among others 
[52,53]. The terminology of Artificial Intelligence (AI) is usually employed to address 
ML and the other way around [54]. Nevertheless, ML belongs in the broader category 
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of AI [54]. These ML algorithms can be classified into supervised, unsupervised and 
reinforcement learning [55]. The key difference between supervised and unsupervised 
methods is the presence of a label or a target in the data that is to be used [55]. An 
example of supervised learning is predicting if a patient will need an ICU [56]. This is 
possible if there is clinical data of patients, including variables (age, comorbidities, etc.) 
and a record whether they required an ICU (the label). On the other hand, unsupervised 
learning can be used for clustering data, such as computerized tomography scans [57], 
and to extract important features for later supervised applications [58]. This last method 
does not require a label/category for the clustering, just the data itself. If the goal is to 
predict a particular outcome, such as a mutation or number of fatalities, it is required 
to focus on supervised learning. Among the supervised algorithms, we can find Linear 
regression [59], K-nearest Neighbor [60], Naive Bayes [61], Support vector machines 
[62],  Decision Trees [63], Random Forest [64], XGBoost [65], Artificial Neural Networks 
[66] and a extension of the last one, deep learning [67]. All these algorithms have different 
possible configurations, which are called hyperparameters, specific values for them can 
transform the performance power for each. Table 2 shows some hyperparameters for 
these models.
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Some of these algorithms combine multiple models to create a more robust and 
stronger model, they are called ensemble models [68]. When heterogeneous models are 
combined and another model is trained with the predictions of these previous models 
as input, it is called stacking [68]. On the other hand, when a model is trained weakly, a 
similar instance of the model is trained, giving more importance to those samples with 
higher errors in the prediction in a consecutive manner; this is called boosting [68]. An 
example of this last type of XGBoost [65].

Inspired by how the brain works, the perceptron was introduced, aiming to imitate 
how neurons communicate for learning. The perceptron [66] placed the base for 
current Artificial Neural Networks (ANN) since they are the collection, arrangement, 
and improvement of them. The way these systems learn is by back propagation [69]. 
Data comes into the network and produces an output. This output is compared to the 
target (the value we want the network to predict), and the difference is computed as an 
error. Then the gradient of this error is propagated backwards towards the input of the 
network, and each part of the ANN (parameters) is adjusted proportionally to correct for 
their error contribution. There are many ways to optimize the learning process. Among 
those are the optimization algorithms Stochastic Gradient Descent [70], Adam [71], Ada 
Delta [72], etc.

The explosive incorporation of ANNs into current applications is owed to the fact that 
ANNs work with matrix multiplication, which can be done extremely quickly in GPUs, 
in comparison to CPUs. This is because GPUs, or Graphic Processing Units, were 
designed for parallel processing [73]. Many types of ANNs were created afterwards, 
including the present Large Language Models (LLMs), GPT-like systems, Automatic 
Image Segmentation tools, Diffusion models for image generation. A vast amount of them 
have incorporated a particular kind of module called transformers [74]. Transformers 
were introduced to improve learning sequences by varying the attention that each 
part of the sequence receive during processing. The attention block has three main 
components: the Key, Query and Value. The three of them are computed as shown in 
formula (1). When those three items come from the same source it is considered self-
attention [75]. On the other hand, if the Query comes from a different source than the 
other two, it is called cross-attention [75]. 

Given the myriad of ML algorithms and the abundance of possible configurations for 
each one, their applicability becomes an exhausting task. For this matter, another 
branch of AI/ML, Automatic Machine Learning (AutoML) [76,77], focuses on finding 
the right algorithm or combinations of them, reducing human workload. Among the 
frameworks that aim in this direction, we can find MLJAR [78], TabPFN [79], TPOT [80] 
and AutoGluon [81]. 

(1)
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2.2 Data management

Since ML methods get their power from data, how data is handled plays a crucial role 
in obtaining not only good results but also fair, comparable, reproducible, and valid. 
Before feeding data into a ML algorithm, it is required to split the available data into 
two sets, one to train the ML system and another set of data that was not used during 
the training phase for testing the model’s ability to generalize to unseen data. It is also 
often a common practice that this split is not done beforehand, but rather, there are two 
sources of data. One of them was used for training and the other, from another source, 
separated by its origin, for testing [87]. 

Many ML competitions and benchmarks add another layer of evaluation. They provide 
a dataset for training with labels, another set of data without labels, the testing set, but, 
for evaluating the real predictive power of the models, they use a subset of this testing 
set as a public result board that is shown during the validity of the competition. However, 
another subset of this testing set is used to qualify after all possible improvements 
are done. This is done to avoid tailoring the generalization ability of the system to the 
feedback of the scoring board. By doing this, this publicly visible testing set works as a 
validation set. 

The validation set is another data split used to evaluate progressively the generalization 
capacity of the model being trained. Therefore, getting three splits: training, validation, 
and testing sets. In addition to this setting, it is also common to use another data splitting 
technique called n-fold cross validation [87]. The objective is to split the data n-times, 
each time a different part of the data behaves as the validation set, without replacing. 
By validating the predictions of the model with different splits of data for training and 
validation, the probability of the ML model and its configuration to generalize to unseen 
data increases. A ML model can have multiple configurations and each performing 
differently.

In the case of an ANN, it can have different number of layers, number of neurons per 
layer,  activation functions, dropout layer probability, batch normalization layers, skip 
connections, learning rate, data batch size, number of epochs, etc. (Table 2). This group 
of variables used in the design of the training strategy are called hyperparameters. The 
n-fold cross validation technique, or just using a separate validation set is used to find 
the right set of hyperparameters for the ML algorithm being used. When there is a high 
discrepancy in the performance of the ML model between the training-validation and 
testing sets, and the performance with the training-validation set is higher, it is considered 
overfitting (Figure 2 C) [88]. On the other hand, when the model performance behaves 

Some ML algorithms are interpretable models (white box models) [82]. They are designed 
with the objective of providing information of how the decisions for the prediction were 
made and what the contribution of each variable is [82].  Nevertheless, many of the 
listed ML algorithms and AutoML frameworks behave like blackbox models [82]. They 
provide better prediction performance at the expense of a lack of understanding of the 
importance and behavior of the used variables. Despite it, some of them are explainable 
through the application of other methods [82] such as LIME [83], Saliency maps [84], 
SHAP values [85] and sensitivity analysis [86]. 
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Figure 2. An example for underfitting, a good fit and overfitting are shown in panels A, B and C respectively.

Data size plays an important role in the validation strategy. When the amount of data 
exceeds the computation capacity for a ML training task, it is not possible to perform 
a n-fold cross validation with high values for n, but rather keep the value of n as 1 and 
become the first case of having one split for training and one for validation. It is very 
common to find ML applications where the data is unbalanced. This means, there is 
more abundance of one type, kind, and range of values for the data, while another 
is scarce. As an example, in the medical field, if we would like to differentiate healthy 
patients from those with a disease, the collection of data for people without carrying 
the disease will provide more samples, and the number of cases with the disease will 
be lower  [89].  When this happens the data split strategy should change by doing an 
stratified sampling for the definition of the sets and if an n-fold, n>1, method is used, the 
value of n is higher than normal. A default value of n is 5 and with unbalanced data, the 
value goes higher, to 7 or 10.

In addition to controlling the data split for unbalanced scenarios, it is also required to 
control data leakage from one split to another [90]. It is possible that samples that are 
very similar or identical can be present in the training set and the validation or testing 
sets. If these similar samples are in the training and validation sets but not in the testing 
set, the performance evaluation would provide a false sense of generalization, since 
the evaluation is using data used for training the model. Following this scenario, when 
the model performance is to be measured on the testing set, the measurement of the 
capacity will drop, since it was overestimated. On the other hand, if the data leakage 
goes to the testing set, all reported metrics of performance would show an inaccurate 
reflection of reality.

Many ML applications also face a general data scarcity because of the cost of acquiring 
more samples or their nature of being sparse, infrequent, or in a  shortage. To deal 
with this scenario, there are data augmentation techniques that increase the amount 
of available data for training in a synthetic way [91]. An example in the computer vision 
realm (ML applied to images) would be to rotate the image, flip it, reflect it horizontally/

poorly for both sets, it is called underfitting (Figure 2 A) [88]. Therefore, the importance 
of the validation set to reduce these possible unwanted scenarios.

UNIVERSITAT ROVIRA I VIRGILI 
APPLICATION OF MACHINE LEARNING METHODS ON SARS-COV-2: MORTALITY PREDICTION BY USING 
HEALTH AND NUTRITIONAL FACTORS AND PREDICTION OF RECURRENT MUTATIONS 
Bryan Percy Saldivar Espinoza 



U N I V E R S I T A T  R O V I R A  I  V I R G I L I

APPLICATION OF MACHINE LEARNING METHODS ON SARS-COV-2: MORTALITY PREDICTION BY USING HEALTH AND NUTRITIONAL FACTORS AND PREDICTION OF RECURRENT MUTATIONS

Bryan Percy Saldivar Espinoza

31

2.3 Data cleaning and processing

Data rarely comes in the right format to be used directly with a ML model or framework. 
There could be missing values or outliers; values could be numerical, categorical, or 
textual. ML models can only be fed with numerical values, thus, any other types of 
value should be handled and transformed before their utilization. The first step would 
be to separate variables by type, numerical, categorical,  text, or others. Categorical 
variables are those that do not reflect a magnitude, like sex (male or female). The most 
common transformation of categorical variables is one-hot encoding [92]. This method 
transforms categories into binary vectors that have as many columns as categories are 
present in the data but without redundancy. If we were to categorize if a drug binds to a 
specific protein, we would mark it with 1 if there is binding or 0 otherwise. In the same 
way, if we were to move the variable sex to a vector, it could be 1 for females and 0 
for males. If our dataset is tabular and one of the columns is to which set of proteins 
the samples bind, we would create a vector of as many columns as the total amount 
of registered proteins present in the table. If a sample binds to 3 proteins, from 10 
possible proteins, the vector will have 7 zeros and 3 ones. Text values, on the other 
hand, might require a more advanced transformation. In Natural Language Processing 
(NLP), sentences are split into tokens, groups of characters, or chunks of the sentence 
and assigned an integer number. This number will correspond to an index in a dictionary 
of vectors. These vectors are called embeddings and were optimized to better represent 
the before-mentioned tokens for later being placed together [93]. Numerical values, on 
the other hand, already come in a format ready to be used, nonetheless, there could be 
missing values that affect the direct employment of this set of variables. Missing values 
can be handled by being replaced with zeros, the mean value for that variable, the most 
frequent value, or a more sophisticated imputation technique [94,95]. Missing values 
can also be replaced by predictions of uni-variate and multi-variate models that use the 
existing values and predict what values should be present in those missing positions. 
Despite these techniques, depending on the data size and importance of the variables, 
samples with many missing values can be discarded, or also variables that possess a 
high abundance of missing values.

Variables can be present in a suboptimal representation; for instance, we could have 
weight and volume to describe a compound, but a combination of both (density) could 
not only represent the samples better but also decrease the number of used variables, 
decreasing computation and the possibility of overfitting. Other variables for which we 
do not know their relationships to physical properties, might also benefit from such 
change of representation. Feature engineering [96] deals with these combinations, the 

vertically, add noise to it, increase or decrease brightness or contrast, crop subsections 
of the image and use combinations of all of them. Nevertheless, these techniques 
demand care in how and when they are used, a modification of a medical image for 
data augmentation could damage what the ML model is learning. For instance, for an 
X-ray image, it would make no sense if the image were reflected vertically and if done 
horizontally, it could provide a bad judgment by moving the heart to the other side. 
Moreover, data augmentation should be done after data splitting, since if it is done 
before, it could lead to data leakage by having pairs representing the same sample in 
different data splits.

UNIVERSITAT ROVIRA I VIRGILI 
APPLICATION OF MACHINE LEARNING METHODS ON SARS-COV-2: MORTALITY PREDICTION BY USING 
HEALTH AND NUTRITIONAL FACTORS AND PREDICTION OF RECURRENT MUTATIONS 
Bryan Percy Saldivar Espinoza 



U N I V E R S I T A T  R O V I R A  I  V I R G I L I

APPLICATION OF MACHINE LEARNING METHODS ON SARS-COV-2: MORTALITY PREDICTION BY USING HEALTH AND NUTRITIONAL FACTORS AND PREDICTION OF RECURRENT MUTATIONS

Bryan Percy Saldivar Espinoza

32

Figure 3. Outlier detection using the IQR method.

AutoML frameworks described above , incorporate such steps to create new features 
from combinations of the existing ones.

In addition to these transformations, it is still required to analyze the values of each 
variable regarding how they are distributed. Some values could be outside normal 
ranges, outliers, modifying the general perception of how the variable behaves from an 
analytical point of view and for the processing of some ML algorithms. Nevertheless, 
when the amount of data is large enough some ML methods are not affected by these 
outliers. Therefore, it is only important to identify them for interpretation at the end 
of the training stage. The most common method for outlier detection is Interquartile 
Range (IQR) [97]. The IQR method considers outliers to those values outside the range 
between Q1-IQR and Q3+IQR [where Q1 and Q3 are the values of the first and third 
quartiles, while IQR corresponds to 1.5x(Q3-Q1)] (Figure 3). With this method, the 
identified outliers are removed for training if the ML method could be sensitive to them 
or after training to evaluate them separately.
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2.4 Machine Learning Evaluation

ML models require to be evaluated with metrics that could show how they perform and 
thus reflect their relevance, enabling them to be compared with other models dealing 
with the same task, problem, or application. The most common types of supervised 
tasks that a ML model can aim for are classification and regression. In a regression 
task, the output of the ML model is a continuous variable or variables. In the case of a 
classification task, the output is trained to predict categories, therefore being discrete. 
Nevertheless, the output is also continuous, representing the probability of each category 
being present. For regression, the most common metrics to evaluate the performance 
of a ML model are Mean Average Error (MAE) [98], Mean Squared Error (MSE) [98], 
Root Mean Squared Error (RMSE) [98] and Pearson correlation (r), as shown in formulas 
(2), (3), (4) and (5). Lower values for MAE, MSE and RMSE are indicative of a good 
performance. Meanwhile, for r bing closer to 1 indicates better performance.

(2)

(3)

(4)

(5)

Meanwhile, for a classification task, such as prediciting if a position in a genome 
will mutate or not, we can evaluate the performance of a ML model by its accuracy, 
sensitivity, specificity and Receiver Operating Characteristic – Area Under the Curve 
(ROC-AUC). The real labels/categories are considered the ground truth. When the real 
and predicted labels have the value of 1, positive, it is called a true positive (TP). When 
the real and predicted labels have a value of 0, it is considered a true negative (TN). 
Nevertheless, if the real value is 1 and the predicted value is 0, it is a false negative (FN). 
In addition, if the real value is 0 and the predicted value is 1, it is a false positive (FP). 
With these definitions, we can define accuracy, sensitivity (also called True Positive Rate 
TPR), specificity, false positive rate (FPR) as shown in formulas (6), (7), (8) and (9).

UNIVERSITAT ROVIRA I VIRGILI 
APPLICATION OF MACHINE LEARNING METHODS ON SARS-COV-2: MORTALITY PREDICTION BY USING 
HEALTH AND NUTRITIONAL FACTORS AND PREDICTION OF RECURRENT MUTATIONS 
Bryan Percy Saldivar Espinoza 



U N I V E R S I T A T  R O V I R A  I  V I R G I L I

APPLICATION OF MACHINE LEARNING METHODS ON SARS-COV-2: MORTALITY PREDICTION BY USING HEALTH AND NUTRITIONAL FACTORS AND PREDICTION OF RECURRENT MUTATIONS

Bryan Percy Saldivar Espinoza

34

2.5 Hyperparameter search

As mentioned before, a ML algorithm has hyperparameters, each with a specific  resulting 
performance. AutoML frameworks take care of finding the right set of hyperparameters, 
but for some tasks, it is required to have a ML model that  is not included in the AutoML 
framework or that the framework does not allow modification. In this scenario, the 
hyperparameter search should be done manually. Some techniques for reaching these 
goal are Grid Search, Bayesian Optimization and Genetic-evolutionary algorithms, 
among others [99]. Grid search consist of trying all combinations of hyperparameters 
and at the end, keeping the mixture with the best result. An example would be to search 
among the hyperparameters learning rate and batch size, giving two possible values for 
each one as shown in Table 3.

The ROC curve is obtained by changing the decision threshold to consider a prediction 
positive (value of 1). Since the predictions are probabilities, the threshold changes and a 
new value for TPR and FPR is obtained. With these values for TPR and FPR at different 
thresholds, it is possible to have a plot with one on the horizontal axis and the other on 
the vertical axis. In addition, the ROC-AUC is the area under this curve.
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2.6 Feature importance with SHAP values

When simple models, like linear models, are used to predict an outcome, the model itself 
shows the importance given to each variable. Nevertheless, for more complex models, 
such as ensemble models and deep learning models, this is not possible. Therefore, 
the way to determine the importance of each variable comes from an interpretable 
approximation of the original model. In this regard, SHapley Additive exPlanation values 
[85] obtain this result by taking each prediction of an input as a model to be interpreted, 
providing a feature importance interpretation with a strong consistency with human 
understanding, and by including three theoretical properties: Local accuracy, Missingness 
and Consistency. Local accuracy implies that the output of a model approximation given 
a simplified input (instead of the original input) equals the output of the original complex 
model given the original input (Formula 10). The property of missingness requires that 
variables that are missing in the original input have no impact in the variable interpretation 
(Formula 11). Finally, Consistency demands that if a modified model makes the simplified 
input increase its contribution or keep it as it was, then the attribution of that input should 
not decrease (Formula 12).  

In practice, a python library [100] can be used to determine the importance of each 
feature and obtain a plot, as shown in Figure 4. This type of plot places the most 
important variables at the top. The horizontal axis and the color go together. If the 
samples are in the negative part of the horizontal axis and they have a red color, it 
means that when that variable has negative values, the output of the model increases. 
For instance, in Figure 4, the three variables correlate negatively with the target variable 
(all with random values). This observation comes from seeing red values on the left and 
blue values on the right. This means, when the value of the variable decreases, so does 
the target.
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3. Machine Learning for SARS-CoV-2

ML has been applied for COVID-19 diagnosis, discriminating positive from negative 
samples. These negative samples might include other pathogens that produce 
respiratory infections like SARS-CoV, MERS-Cov or influenza. However, the diagnosis is 
no novelty, since it is possible to diagnose COVID-19 through Real Time – Polymerase 
Chain Reaction (RT-PCR). The advantage arrives by overcoming lack of this kind of data 
(RT-PCR), because it is expensive or because they try to make faster methods more 
reliable, like standardized blood tests. Thus, these studies leverage on ML for taming 
this limitations.

An example for applying ML for small amounts of genomic data, is the introduction 
of Neurochaos Learning for classifying SARS-CoV-2 from other viruses [101]. The 
application of this ML model comes handy since traditional ML models thrive from 
abundant data and their proposed approach deals with this scarcity. They [101] also 
have benchmarked this ML method with other classical models like K-Nearest Neighbors 
(KNN), Logistic Regression, Random Forest (RF), Support Sector Machines (SVM) and 
Naive Bayes classifiers. 

In another case, ML is used to improve the reliability of faster methods for COVID-19 
diagnosis. They aim to diagnose COVID-19 using an ultra-fast COVID-19 diagnostic 
sensor (UFC-19) [102]. Their negative samples include other virus like SARS-CoV, MERS-
CoV, Human CoV and influenza. They [102] also benchmark traditional ML classifiers 
(AdaBoost, Decision Trees, Multilayer Perceptron and SVM) against Convolutional 
Neural Networks (CNN) [103]. A CNN is a modern deep learning method that extracts 
positional invariant patterns through the optimization of filters that utilize the convolution 
operation against the data. The CNN showed better performance over the other 
evaluated algorithms using UFC-19 data. 

Figure 4. SHAP values summary plot of three variables with random values.
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Moreover, in the line of bettering the applicability of standardized methods for COVID-19 
diagnosis, ML has been used using common laboratory markers [104]. They evaluated 
the performance of Categorical gradient Boosting (CatBoost), SVM and LR. The best 
performing model was CatBoost, with which the rest of the evaluation was performed. 
These markers include white blood cells count, lymphocytes count, C-reactive protein 
levels and lactate dehydrogenase (LDH) levels. They [104] also include, for the evaluation 
of the diagnosis, a chest radiography for a medical doctor interpretation. They compared 
the results of the ML method alone, results evaluated from a radiologist and a radiologist 
helped with the ML method. They [104] include in the evaluation of the performance of 
these approaches, a temporal split. There is a testing set in the sample collection cohort 
when the model was made. In addition, there are other data collection cohorts after, that 
are used for testing. Something remarkable in the importance of these following cohorts 
is the elimination of the seasonal flu as a co-factor influencing the tests. 

Furthermore, ML has been foreseen helpful to diagnose COVID-19 using hemograms. 
They start by the hypothesis that monocytes’ and neutrophils’ conformation and function 
will change on presence of SARS-CoV-2 [105]. They aim to capture this patter of changes 
with SVM as the ML method. They [105] fine tune their model and hyperparameters 
using a 10-fold cross validation to finally evaluate the generalization capabilities in a 
separate testing set. They [105] compare the predictions using hemogram data as input 
to the SVM ML model against RT-PCR.

Sharing this data split style of using a 10-fold cross validation plus an additional testing 
set for evaluating the model performance, in other study they benchmark Artificial Neural 
Networks (ANN), KNN plus SVMs to diagnose COVID-19 using laboratory data [106]. 
The data was collected from 18 laboratories, including variables such as C-reactive 
protein, lymphocytes and white blood cells as used before [104]. In addition, they have 
also analyzed hemoglobin, red blood cells, hematocrit, urea, potassium, sodium, age 
plus other 15 variables.

A similar study also applies ML on routine blood tests for COVID-19 diagnosis [107]. 
In the blood analysis they include LDH as before [104], in addition to hemoglobin, red 
blood cells, hematocrit, urea, potassium, sodium and age as the last mentioned study 
[106]  plus other 20 variables. In contrast with the last two studies [105,106], in this 
study [107] they have used 5-fold cross validation with no mention of a separate testing 
set. The ML method they [107] used was RF.

In addition to the previous studies that diagnose COVID-19 from blood samples, 
other study aims to predict the same by using symptomatic information from an early 
stage instead of using blood samples [108]. They evaluate different ML models and 
configurations, including bagging and stacking. Among the models they used are 
XGBoost, RF, AdaBoost, ANN-Multi Layer Perceptron (MLP), KNN, Gradient Boosting 
Machine, Naive Bayes and LR. For the data split they used 10-fold cross validation, but 
did not include a separate testing set. Their best performing model was the stacking of 
other models. 
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The application of ML for diagnosis goes beyond and focus on predicting the possibility 
that a patient on hemodialysis (blood filtering for a person whose kidneys are not working 
properly) has a SARS-CoV-2 infection that was undetected [109]. They use XGBoost as 
ML model and their data was split into training, validation and testing, what would be 
equivalent to a 1-fold cross validation plus a separate testing set. They also utilize SHAP 
values to explain the most important features that the model take into account for its 
predictions. They found that the most important variable is the interdialytic weight gain 
comparing with the previous month. At higher values, the probability of having COVID-19 
goes lower. The second most important variable they find was the temperature before 
the hemodialysis. Higher values correlate with higher probability of having COVID-19. 

After the diagnosing stage, researchers have also found application for ML. They 
employed ML for predicting safe discharge from the emergency department, disease 
severity and mortality during hospitalization [110]. They evaluated the performance of RF, 
Gradient Boosting Machine and Decision Trees using a separate test split in addition to 
a 10-fold cross validation strategy. Their data included patients’ LDH levels as previous 
studies [104,107], but they attribute more predictive power to the ROX index, which is 
the ratio of oxygen saturation (measured with a pulse oximeter) to oxygen fraction (FiO2) 
and the ratio of Partial Pressure of oxygen (PaO2) to FiO2.

In addition to this example, there is another study that use historical electronic  health 
records from patients, to predict COVID-19 mortality within a 12-week period since 
the first positive test [111]. They also apply SHAP values to understand what factors 
increase the mortality probability. They show that at higher values for age and count 
of medicines that were taken previously, the mortality increases. On the other hand, at 
higher values of body mass index (BMI), the lower the risk.

Extending prognosis prediction, another group worked on predicting COVID-19 
mortality, need for an ICU or ventilator and need for hospitalization [56]. For this, they 
used data from 91 thousand patients, including, demographic variables (age, gender, 
location, nationality), previous medical conditions and current COVID-19 diagnosis. The 
algorithms they used were LR, SVM, RF and gradient boosted decision trees (XGBoost). 
They took a 30% of the data randomly, for the test set, and for the hyperparameter 
tuning they used a stratified 10-fold cross-validation including a process of recursive 
feature elimination to keep only the most important variables. From the used models, 
they found that SVM and LR performed better than RF and XGBoost. When analyzing 
the most important variables for predicting hospitalization they found that age (Older 
than 65), pregnancy, diabetes, chronic renal insufficiency and immunosuppression were 
the most important variables. Meanwhile, when predicting mortality, age was also the 
most important variable, followed by immunosuppression, chronic renal insufficiency, 
obesity and diabetes. Moreover, for the prediction of ICU or ventilator need, if the 
development of pneumonia was known, this was the most predictive variable, followed 
by age, obesity, diabetes and hypertension.

Also aiming to predict the need of ICU or mechanical ventilation, mortality and 
hospitalization, in other study [112] they used variables such as dyspnea, past medical 
history, SpO2, social determinants of health, respiratory rate, age, BMI, diastolic blood 
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pressure, among others. Similar to [56], in this study they use LR, SVM, RF, and XGBoost. 
However, they included LSTM-Transformer neural networks, which performed as well as 
the others, but outperformed them for longer evaluation time windows (using data from 
36 hours ago). The data split strategy included a separate test set, which was picked 
randomly. They also used a 5-fold cross validation for hyperparameter tuning. They 
repeated these two steps 5 times, thus, 5 randomly picked test sets, separated from 
the 5-fold cross validation splits. Similar to [56], in this study they also use a recursive 
feature elimination method, but besides, they eliminate variables that are not statistically 
significant and in addition remove variables that are highly correlated (>0.8) with each 
other. For mortality prediction, vital signs evolution was the most predictive set of factors 
through the usage of the LSTM-Transformer. The most important variables for predicting 
ICU need were history of having renal disease, cardiac arrest, C-reactive protein (similar 
to [105,107]), ferritin and LDH (similar to [105,108,111]). For hospitalization, they report 
as the top predictive features food insecurity and need for transportation, from a set of 
social determinants of health. In addition they also show that this kind of model has a 
racial-bias, having most false positives as a result of predicting that Black people will be 
hospitalized. 

Among other applications during the pandemic, ML was used for predicting high-risk 
variants analyzing genomes of SARS-CoV-2 from GISAID [113]. They obtained features 
from a Haplotype network, used for tracing and visualizing SARS-CoV genealogies. 
They account for node size, network centrality, sequence growth ratio, geographic 
information entropy and mutation score in the spike protein. They trained the LightGBM 
ML model and have a testing split to validate their results. Other study aims towards the 
same objective but use incremental/online ML [114]. Incremental ML is a set of ML that 
is trained as samples are introduced, in contrast with traditional batch ML where when 
new samples wants to be included, it is required to include all previous samples plus 
the new one [115]. They [114] used the amino acid sequences to obtain k-mers (small 
sequences of amino acids) from the spike protein as features for training the Logistic 
Regression Incremental Learner. In a similar manner, other methods used for detecting 
variants of interest and concern, include the usage of Convolutional Neural Networks 
and Long Short Term Memory with genome sequences of the Spike protein [116].

Moreover, in the realm of drug discovery against SARS-CoV-2, ML has been used to 
prioritize FDA-approved compounds for in vitro testing [117]. They have trained several 
ML models (Bernoulli Naive Bayes, Adaboost, RF,SVM, KNN and deep learning) using 
5-fold cross validation. They [117] have used as training data in vitro essays that measure 
the inhibition produced by compounds against SARS-CoV-2. On the other hand, for the 
same purpose, other study has used about 9.5 thousand compounds’ docking scores 
(in silico) and tested the performance on a separate testing set (ZINC in vivo set) [118]. 
This later study, is focused on the inhibition of SARS-CoV-2 Main Protease applying 
XGBoost, decision trees and Artificial Neural Networks. Additionally, ML has been used 
to predict what medicinal plants from traditional Chinese medicine could be used to 
treat COVID-19 [119]. They first used bioactivity data from the ChEMBL database 
obtaining information about compounds that could target SARS-CoV-2 and build two 
ML models, RF and SVM. Afterwards, they [119] use the trained models to predict 
what compounds from a traditional Chinese medicine compounds database could be 
considered active (high affinity)  against SARS-CoV-2. They obtain 1011 compounds, 
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from which 24 are very similar to FDA-approved drugs. Then they identify 74 plants from 
traditional Chinese medicine that carry these found compounds.

Through all these studies for diagnosing COVID-19, the ML models used were 
Neurochaos Learning [101], K-Nearest Neighbors [101,106,117], Logistic Regression 
[56,101,104,112,114], Random Forest [56,101,107,112,117,119], Support Vector 
Machines [56,101,102,104,105,112,117,119], Naive Bayes Classifier [101,117],  
Decision Trees [102,118], Multilayer Perceptron [102,106,118], Categorical gradient 
Boosting [104], XGBoost [56,112,118], LightGBM [113] , Adaboost [102,108,117] and 
deep learning (LSTM [112,116], Convolutional Neural Networks [102,116], Transformers 
[112]). These studies focused on improving alternative faster and cheaper diagnosis 
methods to the Real Time Polymerase Chain reaction in order to facilitate and increment 
the access to a reliable source for diagnosis. In addition, ML was used for predicting 
prognosis, variants of interest/variants of concern and identification of potential inhibitors 
against SARS-CoV-2.
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Despite the original focus of our research program on Nutrigenomics and personalized 
nutrition, the emergence of the COVID-19 pandemic prompted a shift in our research 
priorities. Consequently, our research group collaboratively redirected our efforts towards 
gaining a better understanding of the SARS-CoV-2 virus and its societal impact. Based 
on my experience applying machine learning and in alignment with this shift, we outlined 
the following objectives for this PhD thesis:

To develop a predictive model for COVID-19 mortality. We aim to utilize health, 
socioeconomic, and nutritional data from United States at a county level from 2019, to 
predict COVID-19 fatality rates in these counties until September 2023. This objective 
will be achieved by employing Automatic Machine Learning (AutoML) frameworks to 
derive the predictive model (Manuscript 1).

To identify the most influential health, socioeconomic, and nutritional factors 
that have a significant impact on COVID-19 mortality. Using the machine learning 
model for predicting COVID-19 fatalities developed in the previous objective, our aim is 
to assess the significance of each variable used by the model, using SHapley Additive 
exPlanation (SHAP) values (Manuscript 1). 

To characterize SARS-CoV-2 mutations and identify recurrent mutations. For 
this purpose we will utilize the SARS-CoV-2 genome sequences available in the Global 
Initiative on Sharing All Influenza Data (GISAID) database to identify and characterize 
Single Nucleotide Variants (SNV), deletions, and insertions, and analyze their frequency 
(Manuscript 2). The analysis of SNV present in distantly-related lineages will allow us to 
identify recurrent mutations, i.e. mutations that occur independently and many times 
throughout the virus’ evolution (Manuscript 3).

To predict recurrent mutations in SARS-CoV-2 using a machine learning model. 
We will use the characterized SARS-CoV-2 mutations from the previous objective, plus 
RNA reactivity values and RNA secondary structure information, to train a machine 
learning model for predicting SARS-CoV-2 recurrent mutations. We will validate the 
effectiveness of the model using more recent data, extending beyond the dataset 
utilized for training (Manuscript 3).

To identify the most important factors for predicting recurrent mutations in 
SARS-CoV-2. We will use the machine learning model developed in the previous 
objective, to obtain its SHapley Additive exPlanation (SHAP) values to pinpoint the most 
relevant variables for predicting recurrent mutations in SARS-CoV-2 (Manuscript 3).
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ABSTRACT

The COVID-19 pandemic has caused more than 6.8 thousand million deaths worldwide, 
understanding better the society factors that increase the mortality rate could have 
reduced the number of fatalities. In this regard, we analyze retrospectively diverse 
aspects such as demographics, economic factors, healthcare access, behavioral health 
and nutrition related variables and its relationship with the number of COVID-19 deaths 
at a US county level. To find how they are linked, we used Automatic the Machine 
Learning (AutoML) frameworks MLJAR, TPOT, and TabPFN for predicting the number of 
COVID-19 fatalities registered until November 2022, using county data from 2019. After 
data cleansing we employed 50 variables to train the models. We obtained a Pearson 
correlation of 0.715 between the real and predicted number of COVID-19 deaths in 
the testing set. Through Shapley Additive exPlanation (SHAP) values we find as the 
most important predictors: the proportion of primary care physicians and providers, 
the median household income, physical inactivity, children in poverty, long commutes/
driving alone and diabetes. In addition, opposite to previous studies we do not find 
the proportion of African-Americans as a highly predictive factor. We expect that the 
provided results will contribute to policy makers by providing insights that were overseen 
during the pandemic and that could be used for a better pandemic preparedness and 
management strategies in the future.
Keywords: COVID-19 pandemic, Mortality rate, AutoML, Machine learning, pandemic 
preparedness.

I. INTRODUCTION

COVID-19, the respiratory disease caused by the Severe Acute Respiratory Syndrome 
Coronavirus 2 (SARS-CoV-2) [1], has caused more than 6.8 thousand million deaths 
and infected 676.6 thousand individuals around the world, as reported by Johns 
Hopkins University and the World Health Organization in September 2023 [2,3]. Since its 
emergence in China in 2019 [4], it has affected all aspects of society [5], global economy 
[6], mental health [7,8], education [9] and the management of other diseases [10–14]. 
Despite reaching all the globe, the outcome of the infection, cases and vaccination 
coverage has varied geographically [15–17], reflecting socio-demographic inequalities 
and disparities [18–21]. Several studies have aimed at uncovering these socioeconomic 
factors that influence the incidence of COVID-19 hospitalizations [22,23], death rates 
[24–29] and cases [26,28,30]. In order to identify the main drivers of the named 
outcomes at a county level in the United States, these studies have considered factors 
such as comorbidity (e.g. hypertension, diabetes, heart, kidney and respiratory diseases) 
[24,25,27,29–34], age [24,25,28–34], ethnicity [24,25,27–29,31,32,34], education level 
[25,31], household income [22,24,27,30,31], air pollution [24,34] and other variables 
such as  insurance coverage and incarceration rates [24]. Some other studies have 
included unconventional sources and information, taking it from Facebook and using 
political party preferences [24] and gender-related factors [33]. Many of these studies 
coincide in the unavoidable role of demographics in shaping COVID-19 outcomes. Thus, 
the proportion of African-Americans in a US county’s population is a major predictor of 
both COVID-19 cases and deaths [24,25,27,28,31,32,34]. Nonetheless, the importance 
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of other variables varies between studies. For instance, during the pandemic it was 
found that lower education levels, a greater percentage of black residents and a higher 
population older than 65 years had the greatest association with COVID-19 cases [31]. 
In terms of socioeconomic evaluation, the proportion of black residents and household 
income were considered important predictive factors [31,32]. In another study [34], a 
vulnerability index to categorize each county based on their susceptibility to COVID-19 
was introduced. They found population size, proportion of black residents, air quality 
indicator (fine particulate matter less than or equal to 2.5 micrometers in diameter 
PM2.5), insurance percentage coverage and proportion of hispanic residents were the 
most important predictive factors [34]. Furthermore, despite obesity being accounted 
for more COVID-19 hospitalizations [17] and a higher number of obesity hospitalizations 
showed more COVID-19 risk [16], it was not found as a predictive factor [24,27]. 
Therefore, there is no concluding linkage between obesity and COVID-19 outcomes 
and it requires further study [31].
Most of the studies mentioned above commonly used data from the US Census 
[24,25,27–29,31,32,34] and the Centers for Disease Control and Prevention (CDC) 
[24,25,27,29,31,32,34]. Meanwhile, they have used regression analyses with statistical 
and machine learning models such as Ensemble models [27], Neural Networks [30], 
Bayesian models [29], transformers (Neural Networks) [22], and other custom algorithms 
[23,26] to identify the most important variables.
This aforementioned research corpus, highlights the diversity of factors that are linked to 
COVID-19 and how they influence the outcomes. In this study, we leverage on Automated 
Machine Learning (AutoML) models [35] to analyze these underlying socio-economical 
factors influencing COVID-19 deaths in the United States. By taking advantage of 
AutoML models, we harness their robustness to human error, technical power and 
ease to use [36]. In addition, by doing it retrospectively, we examine a more abundant 
coverage of data regarding COVID-19 deaths, from January 2020 to November 2022. 
This enable us to discard misconceptions originated during the pandemic, such as the 
importance given to the proportion of black residents in a county and to unveil factors 
that were overlooked when data was scarce, like the ratio of population to primary care 
physicians/providers in a county. We expect to contribute to a better understanding of 
these factors and, as a result, to be better prepared to fight future pandemics.

II. RESULTS AND DISCUSSION

Among the features of our dataset we had county health data from 2019 [37] and 
hypertension-related cardiovascular disease death rates from 2019 [38], making 
together 102 features (Figure 1). 
Our target variable corresponds to the number of COVID-19 Deaths by County, 
reported until November 13th 2022 [39],  normalized by county population. In order 
to reduce misinterpretation while analyzing the most important variables that the 
machine learning model captures, we excluded those variables that have a correlation 
(absolute value) lower than 0.15, against the target. In addition, to avoid multicolinearity 
we removed those variables with a correlation (absolute value) higher than 0.8 against 
other variables. We prioritized those variables with higher correlation against the target. 
After this filtering process we ended up with 50 variables. We have grouped them from 
most connected to nutrition to least related, starting form the categories present at the 
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County health Rankings Model [40]. These variables can be summarized as follows: 
Nutrition:  Food environment index (Access to healthy foods), food insecurity (A 
household-level economic and social condition of limited access to adequate food [41]), 
% low birthweight, % adult obesity, % diabetic, number of hypertension-related deaths 
by sex and age. Healthcare Access and Providers: Primary care physicians ratio 
(Population to Primary Care Physicians ratio), primary care physicians rate (Primary Care 
Physicians per 100,000 population), other primary care providers ratio (primary care 
providers other than physicians, such as nurse practitioners, physician assistants  and 
clinical nurse specialists [42]), other primary care providers rate, % uninsured children, 
% uninsured adults. Behavioral Health: % Frequent mental distress, % insufficient 
sleep, % adult smokers, % Alcohol-impaired driving deaths, % excessive drinking. 
Physical Health: % Physically Inactive. Community and Environment: % Driving 
alone to work, % long commute – driving  alone, residential segregation – non-white/
white, % with access to exercise opportunities, % flu vaccinated. Social and Safety 
Indicators: Social associations rate (Number of membership associations per 10,000 
population [43]), violent crime rate, teen births rate, preventable hospital stays rate, 
motor vehicle crash deaths, injury deaths rate, age-adjusted mortality, life expectancy. 
Economic Factors: Median household income, % unemployed, income inequality 
ratio (Household income of the 80th percentile to income at the 20th percentile [44]),  % 
homeowners. Demographics: % African American, % female, % 65 years old and over, 
% native Hawaiian/Other Pacific Islander, % Asian, % children in poverty,  % not proficient 
in English, % single-parent households. From this list, a percentage % indicates the 
percentage of the county population. In Figure 1 we can see the variables that correlate 
the most against COVID-19 deaths by county’s population (target). At the top left is the 
median household income, which has the highest magnitude of negative correlation 
against the target (-0.444). Meanwhile, at the top right, premature age-adjusted 
mortality hast the highest positive correlation (0.428). These two corresponding to the 
variables’ groups Economic Factors and Social and Safety Indicators. From the 
group  Healthcare Access and Providers, the variable Other primary care providers 
rate, has the highest correlation (0.410).  One position below (0.407) is the percentage 
of people who are physically inactive from the Physical Health group. Immediately 
next, it is the percentage of children in poverty from the Demographics group (0.404). 
This last one followed by the percentage of people with diabetes (prevalence), with the 
highest correlation (0.380) among the Nutrition variables. With a negative correlation 
(-0.367), is the percentage of people that takes a long commute and drive alone with 
the highest magnitude among the  Community and Environment variables. Finally, the 
variable with the highest magnitude of correlation (0.349) from Behavioral Health 
variables is the percentage of people with frequent mental distress (The value of the 
correlations is in Table S1). In Figure 1, the hypertension (ht) variable that ends with 
Overall Overall means that accounts for all ethnicities and genders;  MV Mortality Rate, 
stands for the mortality rate caused by Motor Vehicles; % Limited Access, stands for the 
percentage of a county’s population with limited access to healthy foods. All variables 
used, kept and their correlations are present in Table S1.
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II.1 Prediction of COVID-19 deaths

After examining the correlations between our dataset variables and the COVID-19 
deaths per population in US counties, we take a close look at predictive modeling. While 
correlations provide valuable insights into the relationships among variables, they offer a 
limited perspective on the predictive capacity of our dataset. The next logical step in our 
analysis is to explore predictive models, aiming to discern patterns and dependencies 
that may not be immediately apparent through correlation alone. By employing predictive 
models, we seek to answer a critical question: Can the COVID-19 deaths per population 
be reliably predicted based on the information gleaned from the correlated variables? 
This shift in focus from correlation to prediction promises a richer understanding of 
our dataset, unraveling nuanced relationships and unveiling hidden dynamics that may 
elude traditional correlation analysis. In our predictive models, we split the data into a 
training and testing set. We used the training set to train and a part of it, the validation 
set, was used by the AutoML frameworks to fine tune their configuration. At the end 
we evaluated the performance, predictions and feature importance on the testing set, 
which was not used during training. We tried the AutoML methods TabPFN, TPOT and 
MLJAR (using explain, compete and optuna modes) obtaining the performance shown 
in Table 1. In this table we show the comparison between the real and predicted values 
using the metrics: Pearson correlation and its p-value, R2, Mean Absolute Error (MAE) 
and Mean Squared Error (MSE) [45]. Despite having good values for the coefficient of 
determination R2 in the training set, some models have a negative value in the testing 

Figure 1. Correlation of all variables against the number of COVID-19 deaths by county’s 
population (target). Only correlations that are statistically significant are shown. On the 
right (B) in red variables that correlate positively with the number of deaths and on the 
left (A) in blue, variables that correlate negatively with it. A vertical line | is placed before 
some variables’ names to indicate the category where they were originally grouped in. 
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Figure 2. Prediction of XGBoost. Panel A shows the prediction on the training set and 
on panel B prediction on the testing set. The horizontal axis corresponds to the real 
number of COVID-19 caused deaths by county population and the vertical axis to the 
predicted values.
Table 1. Regression metrics of the used methods and model. The results are sorted 
from top to bottom based on the method with the highest correlation in the testing set. 
Natively explainable indicates if the method has a direct way to see how important is 
each feature without additional processing.

set. This indicates that regardless of a high correlation they are not a good fit to the 
testing data and perform worse than the average line [46]. We also have included if 
the method allows a straightforward way to see the importance of the used variables. 
MLJAR in explain mode is the only one from the group of AutoML frameworks that 
provides an easy way to understand directly the features’ importance. Nonetheless, 
as a result of using TPOT, that searched among different machine learning models, 
configurations and combinations, the pipeline that provided the best result, lowest MSE, 
was XGBoost [47] . Since the best configuration found was purely XGBoost and the 
performance is equivalent to the other best performing methods, we picked XGBoost 
for its simplicity. With XGBoost we obtained a correlation of 0.715 in the testing set 
between the real number of COVID-19 caused deaths by county population against 
the predicted values, as shown in Figure 2. TabPFN did not have a better prediction 
power despite using transformers [48], a modern machine learning architecture with 
great success in Natural Language Processing and Computer Vision [49,50]. 
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II.2 Feature importance

XGBoost allows to obtain, in a straight forward manner, the importance of the used 
variables through Shapley Additive exPlanation (SHAP) [51]. We gathered the SHAP 
values and displayed them in Figure 3, where they are listed from most important 
variable at the top, to least important at the bottom.  In addition we applied a Sensitivity 
Analysis [52,53] to know by how much the number of COVID-19 deaths will change 
based on changes to values of the variables. These values are present in Table S3 
(More detail in Materials and methods. All the variables with their respective feature 
importance are present in Table S2). 

Figure 3. SHAP summary plot of the 25 most important variables sorted from most to 
least important, top to bottom. If the colors go from blue to red, left to right, it indicates 
that if the variable increases its value, also the amount of deaths by COVID-19.
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II.2.1 Most important variables

In contrast with previous studies [24,25,27,28,31,32,34] which found the proportion 
of African-American in a county as one of the most important variables to predcit 
COVID-19 deaths, this  variable was accounted as the 15th most important factor in 
our results, showing a lower contribution to the number of COVID-19 deaths in a county 
(Figure 3). We identified the proportion of primary care physicians and other primary 
care providers within a county as a crucial set of variables, as shown in Figure 3. These 
variables have been previously associated with population mortality in the United States 
[54]. Notably, an increase in the number of primary care providers historically correlated 
with improved life expectancy between 2005 and 2015 [54]. However, contrary to our 
expectations, our analysis revealed an inverse correlation (Figure 3). Surprisingly, an 
elevated rate of other primary care providers (Other primary care providers per 100,000 
population) was linked to an increase in deaths caused by COVID-19. Simultaneously, 
a reduction in the ratio of primary care physicians and providers (Population to Primary 
Care Physicians ratio) was associated with a rise in the predicted number of COVID-19 
deaths, given that the ratio is the inverse of the rate. Importantly, it is worth noting that 
this observed relationship is not an artifact of the predictive method. The same inverse 
correlation is evident in the correlation of these variables with the COVID-19 death 
variable by county, as illustrated in Figure 1. This consistency across analyses reinforces 
the unexpected nature of the findings and suggests a robust association between the 
primary care provider variables and COVID-19 mortality. It is important to note that while 
these correlations are observed, they do not imply causation. One possible explanation 
may lie in the regional variation of healthcare accessibility. In some scenarios, a higher 
ratio of other primary care providers may be associated with lower population density, 
particularly in rural areas. Conversely, densely populated urban areas may exhibit a lower 
ratio due to a higher concentration of people and potentially more healthcare facilities. 
Notably, our study lacks variables directly related to population density, which could play 
a significant role in virus transmission and mortality. Further investigation is warranted to 
fully understand the intricate factors influencing these unexpected correlations. After the 
amount of primary care providers and physicians, we found that the median household 
income posses a high predictive power. This magnitude of importance was also found 
in other studies [31,32]. A decrease in the median household income increases the 
predicted number of deaths by COVID-19 (Figure 3). A possible explanation for this is that 
high income counties will have more possibilities to have remote jobs [24], therefore less 
transmission. Nonetheless, lower median household income could also represent lower 
medical services taken. High median household income values, specially when there is 
a high income inequalities, have been associated with a higher COVID-19 incidence [30], 
opposite to our findings.  We did not include the variable “Income inequality Ratio” for 
training our models, however, we show in Figure 4A, that without including a predictive 
model, there is a negative correlation between the Income inequality Ratio (Higher 
values, more inequalities) and the median household income (-0.33). However, it is seen 
that higher numbers of COVID-19 deaths are present where the income inequality index 
(Higher values more inequality) is between 4 and 5 and the median household income is 
between 40,000 and 60,000. Meanwhile, in other research [31], tthey also find that high 
income values are associated with a higher COVID-19 incidence. Nevertheless, they 
specify that this happens when a county has high median income and low education 
levels. Despite of this report, we observe in Figure 4B that the percentage of people 
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Figure 4. Relationships between median household income, COVID-19 deaths/
population, income inequality ratio and percentage of county with some college. Darker 
colors mean more COVID-19 deaths. The correlation shown on top is between the x 
and y variables. Target stands for number of COVID-19 deaths/population.

II.2.2 Nutritional variables

The nutritional variables present in the predictive model are: the percentage of people 
with diabetes, number of deaths caused by hypertension in men over 65 and women 
between 35 to 64, index of factors that contribute to a healthy food environment (food 
environment index) [55], percentage of adults with obesity, percentage of population 
who lack adequate access to food (% food insecurity) [56], percentage of population 
who are low-income and do not live close to a grocery store (% Limited access) [57] 
and percentage of live births with low birthweight (< 2,500 grams) [58]. The importance 
of these listed variables, in respective order are 3%, 1.7%, 1.4%, 1.1%, 1.1%, 0.8%, 
0.6% and 0.2% as can be seen in Table S2. To put these values in the right scale for 
comparison, the rate of other primary care providers, the most important variable, has 
8.8% of importance, as attributed by the model. The top 10 variables, which include 
the percentage of people with diabetes (in the 9th position), sum up to 52% of all 
the importance captured by the predictive model (Table S2). However, the number 

with some college education correlates positively with the median household income 
(0.65) and both correlate negatively with the number of COVID-19 deaths. Therefore, 
this scenario of low education and high household income is unlikely. Among other 
variables related to education, the percentage of the county population that has some 
college education has the highest magnitude of correlation (-0.26) against the number 
of COVID-19 deaths.
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III. CONCLUSIONS

In this study, we aimed to predict the number of COVID-19 deaths by county, normalized 
by population, using a dataset with 102 features, including county health data, 
socioeconomic data and hypertension-related cardiovascular disease death rates from 
2019. The dataset was processed by filtering out variables with low correlation to the 
target and addressing multicollinearity issues, resulting in a reduced set of 50 variables. 
We employed three AutoML methods (TabPFN, TPOT, and MLJAR) to develop predictive 
models and found that XGBoost (result of TPOT), performed the best, achieving a 
correlation of 0.715 on the testing set between predicted and actual COVID-19 deaths 
normalized by population size. Through the usage Shapley Additive exPlanation (SHAP) 
values in the predictive model we found that the most leading important factor was 
the ratio of primary care physicians and providers, contradicting previous studies that 
emphasized the proportion of African-Americans as a crucial factor. Additionally, the 
median household income emerged as a significant predictor, with lower income levels 
linked to higher predicted COVID-19 deaths. However, it was previously reported that 
in counties with high median household and high income inequality there were more 
COVID-19 fatalities. This was not ratified. In addition, it was also previously suggested 
that high median household income values were associated with a higher COVID-19 
incidence when a county had low education levels. We showed that this scenario is 
unlikely, since education and median household income levels correlated positively and 
the number of COVID-19 deaths correlated negatively with both. We also highlighted 
the relevance of nutritional factors, including diabetes prevalence and deaths caused by 
hypertension, in predicting COVID-19 deaths. We showed that as the amount of people 
with diabetes and hypertension related deaths increase, also COVID-19 fatalities. 
Overall, the findings underscore the complex nature of the determinants of COVID-19 
outcomes and emphasize the need for a comprehensive understanding of healthcare, 
socioeconomic, and nutritional factors in predicting and managing pandemic outcomes 
at the county level.

of deaths caused by hypertension in men and women, the following most important 
nutrition related variables, are in the 18th and 21th position of importance. An increase 
of any of these three variables also increases also the number of COVID-19 deaths 
(Figure 3). The same behavior is shown in Figure 1 since all of them correlate positively 
with COVID-19 mortality. In previous studies [24,25,31,33], diabetes and cardiovascular 
diseases were also found as predictive variables for COVID-19 deaths. The index of 
factors that contribute to a healthy food environment (food environment index, higher 
better environment) correlates negatively with the percentage of people with diabetes 
and deaths caused by hypertension (Figure S1). Meanwhile, the limited access to 
healthy foods, adult obesity and food insecurity correlate positively with them (Figure 
S1).  These factors have been reported as connected to diabetes and heart disease 
from a dietary point of view [59]. 
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IV. MATERIALS AND METHODS

IV.1 Primary sources of data acquisition

We used US county health data [37] and hypertension related cardiovascular disease 
death rates [38] from 2019. The US county health data was obtained from the University 
of Wisconsin, that joined data from different sources, such as Census Population 
Estimates [60], USDA Food Environment Atlas [61], National Center For Health Statistics 
[62], Behavioral Risk Factor Surveillance System [63], Stanford Education data Archive 
[64] and others. Meanwhile the hypertension related cardiovascular disease death rates 
were obtained from the Centers for Disease Control And Prevention (CDC) [38]. The 
number of counties in these data sources were 3142, corresponding to 50 US states 
plus the federal District of Columbia.

IV.2 Data cleaning and normalization

In the data pre-processing step, we defined the number of deaths caused by COVID-19 
at a US county level as our target variable. This data was obtained from the CDC [39]. 
Our dataset had originally 269 variables, including confidence intervals and quartiles for 
each variable. After removing the statistical information and those variables with more 
than 20% missing values we obtained 120 variables. Consequently we also removed 
variables that were expressed in a quantity when there was also a percentage of the 
population, keeping the percentage format. This resulting in 103 variables. Afterwards, 
we used Scikit-learn [65] for multivariate imputation [66,67] to address missing values 
[68]. To avoid the confounding effect of the number of inhabitants on the results, 
we divided the target variable by the county population. Without this approach, any 
trained model’s predictions had a correlation larger than 0.9, but this was attributable 
to the population component. With this normalization we tried to find more meaningful 
connections with the other county variables. Therefore, we also removed the population 
variable, obtaining 102 variables. We also removed highly correlated (>0.8) variables to 
mitigate multicollinearity. Additionally, we removed variables with a low correlation (<0.15) 
to the target variable to avoid inconsistent interpretations (positive or negative sign) with 
the models to be trained. Finally ending with 50 variables in total. Then we performed 
the removal of outliers, using the IQR technique [69] applied on the target variable. 
This means that we removed those counties with COVID-19 death counts considered 
outliers by the IQR method. From 1168 US counties, we removed 51 considered. The 
IQR method considers outliers to those values outside the range between Q1-IQR 
and Q3+IQR [where Q1 and Q3 are the values of the first and third quartile, while IQR 
corresponds to 1.5x(Q3-Q1)].
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IV.3 Automated Machine Learning (AutoML) models generation

For the machine learning training we used three AutoML python packages to find 
the best model, MLJar [70], TPOT [71] and TabPFN [72]. The last one only supports 
classification tasks, so it was required to discretize the target into 10 intervals/bins. 
The data was divided into a training and testing set, allocating randomly 20% for the 
testing set and the remaining 80% for the training set. Afterwards, for each machine 
learning model, the training set was split into training and validation, following a n-fold 
cross validation process. The MLJar [70] method used a 10-fold cross validation 
automatically, for TPOT we used 5-fold cross validation and for TabPFN there was no 
option for specifying it since it does not use any cross validation [72]. We trained MLJAR 
in the explain, compete and optuna modes to obtain different levels of performance. 
The configuration for TPOT was set to work for 3 generations and a population size 
of 50, leaving all other parameters as default. We also trained TabPFN with the default 
parameters shown in their github respository.

IV.4 Feature Importance

To obtain the importance given to each variable we obtained the Shapley Additive 
exPlanation (SHAP) [51] values from the resulting XGBoost [47] model (product of TPOT). 
We also applied Sensitivity Analysis [52,53] on XGBoost to see how the predicted values 
change when a variable changes its value. This is present in Table S3.
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SUPPLEMENTARY MATERIAL

Table S1. Used variables sorted by feature importance
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Table S2. Sensitivity Analysis. Variation of COVID-19 deaths/population by changing 
each variable’s values. Impact of changing the values of the most important variables 
on the number of COVID-19 caused deaths by county population. On the vertical axis 
are the most important variables sorted top to bottom by feature importance. On the 
horizontal axis is how much each feature was changed.  The values are the effect of 
increasing/decreasing , in percentages.
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Fig S1. Correlations between nutritional variables and COVID-19 deaths.
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Predictive modeling can be used to understand better the transmission dynamics of 
SARS-CoV-2, specially when diagnostic testing practices change over time [1] and to 
evaluate the effects of public health interventions [2]. It can also be useful to predict 
demand for healthcare resources, among intensive care unit beds [3], renal replacement 
therapy [4], ventilators [3,4], COVID-19 diagnosis [5–12] and  prognosis [3,4,13,14], 
SARS-CoV-2 variants of interest/variants of concern [15–17] and identification of 
potential inhibitors against SARS-CoV-2 [18–20]. All these applications contribute in 
public health planning, by helping policy makers to define better strategies [21], and as 
a result stop epidemic growth [22]. Among these strategies (public policies), predictive 
modeling also helps by finding optimal ways to prioritize vaccine distribution [23,24]. 

These studies use a plethora of machine learning methods. Some of them benchmark 
the performance across several methods and in others use just one or a few on 
which they leverage to reach their objectives.  We have included the usage of AutoML 
frameworks to simplify and accelerate this benchmarking process of traditional machine 
learning algorithms for predicting COVID-19 mortality (Manuscript 1) and SARS-CoV-2 
recurrent mutations (Manuscript 3). Nevertheless, for predicting the recurrent mutations, 
besides the usage of an AutoML framework we opted for a custom Artificial Neural 
Network (ANN) because it provided us more flexibility in how the model is trained to 
achieve our goal. Nevertheless, before predicting SARS-CoV-2 mutations we needed 
to characterize its mutational landscape (Manuscript 2) in order to know the coverage 
and limitations of such tasks. With this information, we were able to build a ground 
truth dataset against which we can validate our predictions and provide context and 
relevance. After characterizing the mutational landscape of SARS-CoV-2 (Manuscript 
2) we observed that almost every nucleotide in the SARS-CoV-2 genome has mutated 
at some time. The impact of this information lies on the low feasibility to predict all 
mutations. Nonetheless, recurrent mutations, because of their independent origin, 
could be predicted.

For predicting the number of COVID-19 fatalities (Manuscript 1), we used socioeconomic, 
health and nutritional data from United States counties as possible predictive variables. 
In addition, we used the number of COVID-19 fatalities updated until September 
2023 as the variable to predict. Nevertheless, the number of COVID-19 fatalities has 
incorporated the population factor. We noticed this when we performed correlations 
between the predictive variables and the number of fatalities. Many correlations had a 
value above 0.9, including the population variable. After applying any machine learning 
model for predicting this number of fatalities, the predictions from all the models had a 
correlation above 0.95 against the real number of COVID-19 deaths. This result made 
us notice that we needed to remove the population component from the target variable, 
COVID-19 fatalities. Therefore we normalized the number of COVID-19 fatalities by the 
population of each county. As a result we observed more modest correlations reaching 
0.4 and -0.4 between the predictive variables and the target variable. In addition to 
this processing step, we also removed variables with more than 10% missing values, 
filled the missing values with an iterative multivariate imputation method and removed 
outliers. We expected that these steps were all required to perform the analyses, but 
there was one more pending action. After training the AutoML frameworks, we analyzed 
the importance of each variable applying the method of sensitivity analysis [25]. With 
this method, we modified one variable at a time, keeping the others with their original 
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values in order to know the quantity of variation in the predicted values as we vary one 
variable. With this information we knew that increasing some variables will also lead 
to an increase in the number of COVID-19 fatalities. Nevertheless, we compared this 
values with the correlations we first calculated. We observed that some variables had a 
contradictory behavior between the importance taken by the model and the correlation 
sign. This observation lead us into hypothesizing a problem of multicolinearity between 
variables and that variables with low values of magnitude in the correlation could 
be giving us a wrong idea of the real relationship against the target variable. In this 
regard, we went back to remove variables that correlate highly between each other, 
keeping only those with the highest correlation against the target variable. In addition 
we also removed those variables with a correlation magnitude lower than 0.15. Finally, 
we repeated the processing and training and obtained values of feature importance 
that agreed with the correlation sign (positive, negative). We originally planned on 
using sensitivity analysis [25] since the result of an AutoML framework is a collection 
of stacking, bagging and featuring engineering and this can not be integrated with the 
standard SHAP values  [26] procedure for obtaining feature importance. Nonetheless, 
the best performing AutoML framework obtained as the best performing solution the 
XGBoost model, with no additional steps, just a custom configuration for the same. As 
a consequence, we picked XGBoost with the found optimal configuration as the final 
ML method for prediction, because its simplicity, equivalent predictive power as the best 
AutoML framework and its compatibility with the standard SHAP values procedure. The 
optimization process for all ML methods were done targeting the reduction of the Mean 
Squared Error (MSE) between the real and predicted values of the models. Once the 
training and validation steps were done, we obtained a correlation of 0.715 between the 
real and predicted number of COVID-19 fatalities. We consider the correlation instead of 
the MSE because it provides a more practical understanding of how all predictions are 
aligned with the real values. With this metric of performance in mind, we dove into the 
importance of the 50 used variables for training the ML method.

We found that the proportion in a population of primary care physicians (PCP) and 
providers (others different than physicians) were the most predictive variables. These 
variables included the ratio (population/PCP) and the rate (amount per 100,000 
population) of these two types. Contrary to our intuition, when the amount of physicians 
or providers increases respect to the population size, the COVID-19 fatalities increases. 
This apparently contradictory relationship is also visible by just correlating these variables 
against the target variable (COVID-19 fatalities/Population). As is evident, correlation 
does not imply causation. We hypothesize that this effect is the product of population 
density, which will exhibit more primary care providers and physicians per population, 
but more concentrated and therefore promoting contagion. After these variables, we 
found as most important variables the median household income, the percentage of 
people that are physically inactive, the percentage of children in poverty, the percentage 
of people that drive long commutes alone and the percentage of people with diabetes. 
Taking into account all these variables, the accumulated importance attributed by the 
model adds up to 50%, from a total of 50 used variables. Besides the percentage of 
people with diabetes (10th position sorted by importance), among the variables related 
to nutrition we can find in the 18th and 22th position of importance the number of 
hypertension deaths of males older than 65 and the number of hypertension deaths 
of females between 35 and 64 years old. These two variables have an importance of 
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1.7% and 1.4%. An increment of any of these three variables also increase the number 
of COVID-19 fatalities. This behavior also agrees with the positive correlation between 
those variables and the target variable. The relevance of these 3 nutritional related 
variables also match the behavior and importance given to them for predicting COVID-19 
hospitalization, need for ICU and mortality in previous research [3]. Thus, showing the 
value they carry for understanding disease impact, in contrast with the other nutrition 
related variables that we included, which have an importance lower than 1.1% after the 
30th position of importance in our analysis. Previous studies that have analyzed a similar 
dataset for analyzing COVID-19 mortality found that a higher proportion of African-
Americans in a population is a predictor of more fatalities [27–33]. Nevertheless, we 
took into account this variable and it is as not as predictive as previously suggested. This 
variable, with a correlation of 0.157 against the target, has 2% of importance (the most 
important variable has 8.8%) and occupies the 16th position sorted by importance. A 
limitation of this study is that we did not account for population density. This information 
could have given us a better understanding of the behavior of the proportion of primary 
care providers and physicians in densely populated counties. In addition, a possible 
extension of this study would have been how our findings could be taken into account 
for better epidemiological policies for populations with different characteristics. As a 
result of that, a better control over the propagation of the disease and its impact in the 
population. Another possible exercise with the employed data is to use non-supervised 
machine learning algorithms to create clusters and see if neighboring clusters have 
similar number of registered fatalities. This could provide a readiness characterization of 
populations against a pandemic.

Even though we have studied this pandemic through the analysis of society factors, we 
still needed to include in this investigation the main component of it, the virus. It is known, 
but required to emphasize, that a virus can change through mutations and consequently 
the generation of variants of it, such is the case of SARS-CoV-2 [34]. These changes 
belong to a mutational profile of the virus, a mutational landscape [35]. We care about 
this landscape of changes because some mutations might lead to higher infectivity [36] 
(higher affinity with host receptors), resistance against antibodies, failures in diagnostic 
tests and lower anti-viral response with newly identified anti-viral candidates [37]. 
During the pandemic we have observed these described cases embodied in Variants 
of Concern (VoCs), such as Alpha, Delta and Omicron [38,39]. Some VoCs like Alpha, 
were more transmissible than previous versions and quickly spread globally [40]. In this 
regard, researchers have worked on predicting amino acid mutations in SARS-CoV-2 
that might contribute to future VoCs [41]. Other work was centered in predicting the 
impact of possible variants in the binding with the host cell receptor ACE2 and escape 
from antibodies [42].   To join these efforts we have analyzed the mutational landscape 
of SARS-CoV-2 (Manuscript 2) and incorporated this information to predict recurrent 
mutations (Manuscript 3). Both actions including also an analysis on VoCs. 

To characterize SARS-CoV-2 mutations, we obtained around 10.4 million complete 
genomes of SARS-CoV-2 from the Global Initiative on Sharing All Influenza Data (GISAID) 
database [43], collected during more than two years of the pandemic. These genome 
sequences were aligned using as a reference the NC_045512.2 sequence, which was 
isolated from Wuhan and submitted to the GenBank database on 17 January 2020. 
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From these 10.4 million genomes we used only 5.3 million. The remaining part were 
excluded because they have low coverage. 51.9% of the high coverage genomes had 
as their origin USA or United Kingdom. Meanwhile, at a broader scope, all Europe 
accounted for 55.1% of the 5.3 million genomes. Together with North America they 
reached 89.2% of the total high coverage genomes. Single nucleotide variants (SNV) 
were the most common type of mutation, in comparison to insertions and deletions. 
Moreover, synonymous mutations were more frequent than non-synonymous mutations. 
The total number of unique SNV, unique deletions and unique insertions were 
approximately 73.4 thousand, 21.7 thousand and 1.8 thousand, respectively. The 
amount of unique SNVs, deletions and insertions that fell into untranslated regions were 
1842, 248 and 120, respectively. From the SNV, 51,467 were non-synonymous, 18,413 
were synonymous and 1742 were mutations that were only observed simultaneously 
with another mutation in the same codon. The most frequent SNV was C>U, which 
was found in most variants, pangolin lineages and countries. The prevalence of C>U 
mutations at the beginning of the pandemic suggest that host deaminases were behind 
an important percentage of these observed mutations. Afterwards, the leading role of host 
deaminases on the virus evolution has been demonstrated experimentally. Additionally, 
the genes that showed the highest number of mutations were the accessory genes 
ORF7a, 8, 6, 10, 3a and leader. From them, the gene ORF7a has the most amount 
of mutations, being most of them deletions. After these accessory genes, the genes 
encoding for the S and N proteins, showed the highest amount of non-synonymous 
SNVs. We expected that the S gene will have more non-synonymous mutations, since 
they might enhance its interaction with the Angiotensin-converting enzyme 2 (ACE2), 
help it to escape from the immune system, or improve furin cleavage [44–47]. On the 
other hand, the elevated mutation rate of the N gene could be attributed to its higher 
G+C proportion [48]. This high mutation rate for the N gene was far from trivial, since 
this gene was frequently used as a target for RT-qPCR diagnostic tests. We examined 
the regions that are being used by 15 of these tests, from which 9 were examining 
zones in the N gene. In average, there were 373 mutations in the hybridization zones 
used by the forward and reverse primers and probe in these 9 kits. Even though the 
frequency of mutations was usually low for these zones, some N gene mutations, such 
as the SNVs G29140U, G29179U, and C29200U, and deletions have been reported to 
affect RT-qPCR results [49–56]. Therefore, using primers and probes that hybridize to a 
region of the N gene is not an optimal choice [57]. Given these reasons, we considered 
tracking SARS-CoV-2 mutations as a must. In that line, we implemented the SARS-
CoV-2 Mutation Portal (http://sarscov2-mutation-portal.urv.cat/, accessed on 10 May 
2023) where we have registered all mutations (including point mutations, insertions, and 
deletions) that have been analyzed in our study.

The mutations that we have reported can be the result of errors by the RNA polymerase 
during virus replication or as product of host deaminases that deaminate unpaired 
nitrogenous bases [58–61]. Predicting those mutations produced during virus replication 
turns difficult because of its random-like nature. Nonetheless, predicting non-random 
mutations, like those caused by host deaminases [62] is feasible. Some of these non-
random mutations might be recurrent mutations (RM), which are mutations that occur 
independently and many times throughout a virus’ evolution. RMs could be the result of 
host RNA-editing mechanisms, like deamination, or ongoing selection [63,64]. To identify 
RMs, it is required to use multiple sequence alignment and a maximum likelihood tree 
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[63,64]. Nonetheless, this procedure is computational expensive and since our number 
of sequences was numerous, we used the Pango nomenclature. This nomenclature is 
a hierarchical and dynamic classification system based on phylogenetic evidence, that 
assigns each SARS-CoV-2 genome to a lineage through the usage of machine learning 
[65,66]. We used this nomenclature to localize and quantify the lineages where each 
mutation was present. Once this was done, we needed to count for each mutation in 
how many distantly-related lineages (DRL) they were present to quantify how recurrent 
they were. We developed an algorithm that counts the number of distant-related lineages 
(NDRL) to assign a recurrence level to mutations that emerged independently.

With this ground truth information we decided to train machine learning models that 
predict the position of the genome that will have a recurrent mutation and also predict 
how recurrent a mutation will be (Manuscript 3). First, we split the genome in two parts, 
a testing set formed by very important genes that were the focus in ongoing literature 
(M-pro, spike, PLpro, and RNA polymerase) and a training set integrated by all the 
other genes. The training set was futher subdivided into a training and a validation set 
(formed by the endoRNAse, nsp6, M and helicase genes), ensuring that the validation 
set comprised a comparable number of genes and had similar lengths to the testing set. 
The testing set was isolated during the whole training process and only used at the very 
end to evaluate the generalization capacity of the trained models and for evaluating the 
importance given to each used variable. To train the ML models, we used windows of 
13 positions of the genome. We numbered the positions from -6 to +6, corresponding 
to the 5’ to 3’ direction of the genome. Each window had at the center (position 0) the 
position being evaluated for become recurrent. For each position in these windows, 
we used the corresponding nucleotide, the prediction of the secondary structure of the 
SARS-CoV-2 genome, the RNA normalized 2′-hydroxyl acylation analyzed by primer 
extension (SHAPE) reactivity [67], and the translated AA sequences of the coding parts 
of the genome. 

For predicting the position that will have a recurrent mutation, we trained 4 models. 
One model for predicting if a position will have a mutation with at least a NDRL of 1 
(non-recurrent mutations), and three more models for predicting a NDRL of 5, 10 and 
15. In addition, three more models for predicting if a mutation will have a NDRL of 
5, 10 and 15. We used different NDRL thresholds to overcome potential sequencing 
errors, artefactual biases, and other causes, such as recombination, which may lead 
to homoplasies [64,68]. During the evaluation of the models in the validation set, we 
observed that increasing the NDRL improved performance, particularly in specificity 
(true negative rate). Consequently, we developed a custom loss function to maintain 
a sensitivity (true positive rate) close to 0.8 while optimizing for the highest possible 
specificity under this constrain. We implemented this approach because we anticipated 
having false positives in our predictions, as some mutations we predicted as recurrent 
had not yet been observed in the population. Therefore, we believed it was more prudent 
not to optimize based on sensitivity and instead enhance specificity. Subsequently, 
the use of an updated test set validated our hypothesis, revealing that a significant 
portion of the initial false positives transformed into true positives with more current 
data. We tried the MLJAR [69] AutoML framework in the compete mode (optimized 
for a better performance disregarding interpretability), Convolutional Neural Networks 
(CNN) [70], transformers (self-attention) [71] and an Artificial Neural Network (ANN). The 
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performance between the CNN, transformers and the ANN was similar. Nevertheless, 
MLJAR had a considerable lower performance for low values of NDRL in comparison 
to the others, for higher values (NDRL>=10) it was more close, but still lower. It did 
not provide any advantage with the additional cost of low interpretability. We opted 
for the ANN method since it provided more information for feature interpretation than 
a CNN and it was faster to train in comparison with a transformer. For searching the 
best architecture, we tried a Gaussian Optimization process and a random search. 
Theoretically the Gaussian Optimization was expected to provide better results but we 
found the better performance with the random search. Since the predictions made by 
the resulting ANN and MLJAR for higher NDRLs was apparently similar, we performed 
a McNemar’s test [72] to compare two classifiers, showing that the differences are 
significant (p<0.05). 

The prediction whether a position will undergo a mutation in at least 1 NDRL (non-
recurrent mutation) yielded an area under the curve (AUC) of the receiver operating 
characteristic (ROC) of 0.74. Meanwhile, for NDRL values of 5, 10 and 15, the ROC-
AUC were 0.78, 0.78 and 0.81, respectively. The corresponding specificity for those 
NDRL were 0.46, 0.6, 0.66 and 0.69. These results showed that mutations which are 
more recurrent are easier to predict. On the other hand, mutations with a more random-
like nature (NDRL of 1) are more difficult to predict. Moreover, predicting if a specific 
mutation (e.g. C1764U), not just the position, will have a NDRL of 15, is much easier 
and has 5% higher performance than predicting if that position will have any RM with 
that NDRL. This is reflected in the ROC-AUC of 0.79, 0.81 and 0.84 that we obtained 
for the NDRLs of 5, 10 and 15, respectively. All the reported metrics are for the testing 
set (M-pro, spike, PLpro, and RNA polymerase genes). 

We hypothesized that some of the false positives in our predictions would become true 
positives later. Thus, we evaluated the model predictions from April 2021 (training date) 
against data updated after 9 months (january 2022). Nevertheless, first we needed to 
calibrate the equivalence of NDRLs between both dates and we saw that mutations 
that had a NDRL of 15 in April 2021, had in average a NDRL of 45 in January 2022. 
Therefore, we evaluated the predictions of the model trained with a NDRL of 15 against 
the updated ground truth with a NDRL of 45. The ROC-AUC for predicting positions with 
a NDRL of 45 was 0.8, and the number of false positives that turned into true positives 
were 557, confirming our speculation. In addition, we also evaluated our predictions in 
the VoCs Alpha, Beta, Delta, Gamma and Omicron, using the ground truth of January 
2022. This means, evaluating if our predictions could hold in the future for anticipating 
VoCs. We obtained a sensitivity of 0.776 and a specificity of 0.667, considering all 
mutations that all mentioned VoC have joined together. These metrics correspond to 
how well we predicted the positions that define each variant for a NDRL of 45. On 
the other hand, for the same value of NDRL, we obtained a sensitivity of 0.5 and a 
specificity of 0.842 for predicting the precise nucleotide changes (e.g  C14408U). The 
mutation C14408U, present in all VoCs and that codes for the RNA polymerase P323L 
shift, is a RM. This mutation was found in the early stages of the pandemic and was 
spread and found in more than 99% of SARS-CoV-2 genomes available until January 
2022. We predicted this mutation as a RM. Nevertheless, since this mutation is present 
in all Pango lineages, it is not categorized as a RM. 
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Some challenging examples are the A23063U and U22917G mutations, that were 
present in more than 1 million and 2 million of SARS-CoV-2 genomes (by January 
2022) and in more than 280 pangolin lineages. None of our models was able to predict 
them correctly. This kind of mutations, that strengthen SARS-CoV-2 infection and 
transmission, are the most difficult to predict because they could not be caused by host 
deaminases and we did not tailor our prediction models to detect them.

After these evaluations, we were interested in finding out what variables were taken 
into account for making a prediction. We analyzed with more attention mutations with 
a NDRL of 15, since they deviate further from a random-like nature. We obtained 
how important is each variable for the models through the usage of SHapley Additive 
exPlanation (SHAP) values. When predicting the positions that will have a RM, at all 
levels of NDRL, the models gave more importance to the nucleotide in the center 
position. It is important to mention that there was no hard-coded information, in the 
data used for training, about which of the nucleotides in the window was the one that 
might have the mutation. All models learned this through the training process. The main 
difference across models trained for different NDRLs lies on the magnitude attributed to 
this center position. For low values of NDRL, the importance given to other variables is 
more homogeneous and closer to the importance given to the nucleotide in the middle. 
On the other hand, as the NDRL increases, the total importance is more concentrated 
on the nucleotide in the central position and the difference against other variables is 
higher and far from subtle.
Analyzing the predictions for positions with a NDRL of 15, we saw that true positives 
have in the central position a cytosine and with a lower degree a guanine. Meanwhile 
uracils and adenines in this position are uncommon. The nucleotide in the central 
position in false positives are guanine (35%) or a cytosine (25%), and in true negatives 
are adenine (46%) or uracil (45%). Nucleotides in other positions are less relevant, but 
those in the upstream and downstream positions (P-1 and P1, respectively), from the 
position holding the RM, are the most relevant. It has been reported that cytosines of 
the UC and AC motifs of the SARS-CoV-2 genome are preferentially deaminated by the 
APOBEC3A and APOBEC1 enzymes [62]. This matches our findings, since  44% and 
27% of the true positives have an adenine or an uracil at P-1, and in 37% of the cases, 
we find an uracil at P1. 

After nucleotides, across all levels of NDRL, the most important type of variable is the 
SHAPE-Seq reactivity. Even though, it has about a fifth of nucleotide’s importance. At 
most positions, low values of this variable do not promote mutagenesis. Nevertheless, 
higher values do. The importance given to  nucleotides in the central position and 
reactivity values match with a model that mainly predicts cytosines in a ACU motif as 
a RM in zones of the RNA structure that makes the cytosine more reactive. These 
predictions, patterns and attributed importance given by the model agrees with the 
SARS-CoV-2 mutational bias pattern and the predilection of some host deaminases for 
particular sequences and RNA secondary structures [62,68,73].
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From this thesis and in alignment with the objective 1, to develop a predictive model for 
COVID-19 mortality, we can conclude:
    • It is possible to predict the COVID-19 mortality at the US county level  through 
the integration of health, socioeconomic and nutritional data. Our developed predictive 
model, utilizing XGBoost, exhibits a notable correlation of 0.715 with the actual count 
of COVID-19 deaths. 
    • Alternative AutoML predictive models, such as MLJAR, TabPFN, and TPOT, 
demonstrated comparable or slightly superior performances compared to XGBoost 
alone. Nevertheless, XGBoost was chosen for its simplicity and the straightforward 
ability to obtain the importance of the variables utilized.

In addition, regarding the objective 2, to to identify the most influential health, socioeconomic, and 
nutritional factors that have a significant impact on COVID-19 mortality, we can draw the following 
conclusions:
    • The SHAP values of the selected predictive model enable us to pinpoint the most 
influencial variables. The trends in variable importance and their impact were consistent 
with the correlation of these variables with COVID-19 mortality rates.
    • The variables with the most predictive power were those related to the proportion 
of primary care physicians and other health providers (nurse practitioners, physician 
assistants and clinical nurse specialists) relative to the population. The variables ‘primary 
care providers ratio’ and ‘other primary care providers rate/ratio’ together contribute to 
21% of the overall importance, captured from a total of 50 variables. Surprisingly, an 
elevated rate of other primary care providers (other primary care providers per 100,000 
population) was linked to an increase in deaths caused by COVID-19. 
    • 50% of the overall importance of the predictive model is captured with the addition 
of the following variables: ‘median household income’, ‘percentage of people that are 
physically inactive’, ‘percentage of children in poverty’, ‘percentage of people that drives 
alone and have long commute time’ and ‘percentage of people with diabetes’. 
    • Variables related to metabolism or nutrition showed little importance in influencing 
the predictive power. Notably, the ‘percentage of people with diabetes’ ranked as 
the 10th most influential variable in predicting US county COVID-19 fatalities, with an 
importance of 3%, compared to the most critical variable at 8.8%. Additionally, the 
‘number of hypertension-related deaths in males older than 65’ and ‘females between 
35 and 64 years old’ claimed the 18th and 22nd positions in importance, respectively. 
Importantly, an increase in these three variables correlates with a corresponding rise in 
the number of COVID-19 fatalities.
    • In comparison to previous studies that found the proportion of African-Americans 
in the population as one of the most predictive variables for COVID-19 fatalities, we did 
not find it but until the 16th position, sorted by importance.

Furthermore, considering the goal of objective 3, to characterize SARS-CoV-2 mutations and 
identify recurrent mutations, we arrive to these conclusions:
    • From the analysis of more than 5.3 million complete and high-coverage SARS-
CoV-2 genomes from the GISAID database available on June 2022, we found 73,464 
single nucleotide variants (SNV). 51,467 of them were non-synonymous and 18,413 
were synonymous mutations. However, synonymous mutations in SARS-CoV-2 were 
the most frequent.
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    • The most frequent SARS-CoV-2 mutation was C>U. These mutations are present 
in the largest number of variants, pangolin lineages, and countries. The prominence of 
C>U mutations during the initial phases of the COVID-19 pandemic suggests that host 
deaminases played a substantial role in generating a considerable percentage of these 
mutations.
    • Not all SARS-CoV-2 genes have accumulated the same number of mutations. 
There are fewer non-synonymous SNV in genes that encode proteins that play critical 
roles in virus replication, e.g., helicase, RdRp, and main protease (M-pro), than in genes 
with accessory functions (e.g., ORF7a, ORF8, and ORF6).  Genes encoding S and N 
proteins have more non-synonymous SNVs than other genes.
    • Although the prevalence of mutations in the target regions of COVID-19 diagnostic 
RT-qPCR tests is generally low, it is significant in some cases, such as for some primers 
that bind to the N gene.
    • We developed an algorithm that identify recurrent mutations as mutations that are 
in distant-related lineages. The mutations with higher degree of recurrence where C>U 
followed by G>U.

Additionally, turning attention to the objective 4, to predict SARS-CoV-2 recurrent mutations 
using a machine learning model, we conclude that:
    • It is possible to predict some of the SARS-CoV-2 recurrent mutations. We built an 
Artificial Neural Network (ANN) that predicts positions that will have a recurrent mutation 
in the SARS-CoV-2 genome. In addition, we also developed an ANN for predicting 
the recurrence level (presence in a Number of Distantly-Related Lineages, NDRL) of a 
particular mutation. Both models use a window of 13 positions of the genome, where 
its center is the position being evaluated for a recurrent mutation.
    • Both models perform better as the degree of recurrence increases. When predicting 
positions that will have a mutation in at least 1 NDRL (non-recurrent mutations) the 
ROC-AUC was 0.74. In contrast, predicting positions that will have a mutation in at 
least 15 NDRL results in an improved ROC-AUC of 0.81. Moreover, when predicting the 
recurrence level of a mutation, the model achieves a ROC-AUC of 0.84 for predicting 
mutations in at least 15 NDRL. These metrics were consistently observed across the 
testing set.
    • We additionally evaluated the model performance with an updated test set, collected 
nine 9 months after the initial evaluation. Notably, some false positive mutations from 
the initial model, become true positives, demonstrating the robustness of the model. 
The ROC-AUC for predicting positions that will hold a recurrent mutation in at least 45 
NDRL and 90 NDRL were 0.8 and 0.88, respectively. These results validate the choice 
to employ a custom loss function during the model construction, aimed at maintaining 
a sensitivity (true positive rate) close to 0.8 while optimizing for the highest possible 
specificity  (true negative rate) under this constraint.
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Moreover, delving into objective 5, to identify the most important factors for predicting recurrent 
mutations in SARS-CoV-2, we draw these conclusions:
    • Using SHapley Additive exPlanation (SHAP) values, we observed that the nucleotide 
in the central position (P0) within each evaluated window of 13 positions is the most 
important variable in predicting the position of recurrent mutations in the SARS-CoV-2 
genome. Other important variables include the nucleotides surrounding the mutating 
nucleotide (P-1 and P1), as well as the in vivo and in vitro RNA SHAPE-Seq reactivity 
data. With an NDRL threshold of 15, 44% and 27% of the true positives exhibit either 
adenine or uracil at position P-1. This finding is consistent with evidence that cytosines 
in the UC and AC motifs of the SARS-CoV-2 genome are preferentially deaminated 
by the APOBEC3A and APOBEC1 enzymes. When predicting the recurrence level of 
a mutation, lower recurrence levels prioritize the importance of in vitro RNA reactivity. 
Conversely, for higher degrees of recurrence, the  importance shifts towards when a 
cytosine or adenyne mutates to a uracil or adenine. Once again this observation agrees 
with the prevalence of C>U mutations originated by host deaminases. 
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