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Abstract
The clinical manifestations of COVID-19, caused by the SARS-CoV-2, define a large spectrum of symptoms that are mainly 
dependent on the human host conditions. In Costa Rica, more than 169,000 cases and 2185 deaths were reported during the 
year 2020, the pre-vaccination period. To describe the clinical presentations at the time of diagnosis of SARS-CoV-2 infec-
tion in Costa Rica during the pre-vaccination period, we implemented a symptom-based clustering using machine learning 
to identify clusters or clinical profiles at the population level among 18,974 records of positive cases. Profiles were compared 
based on symptoms, risk factors, viral load, and genomic features of the SARS-CoV-2 sequence. A total of 18 symptoms 
at time of diagnosis of SARS-CoV-2 infection were reported with a frequency > 1%, and those were used to identify seven 
clinical profiles with a specific composition of clinical manifestations. In the comparison between clusters, a lower viral load 
was found for the asymptomatic group, while the risk factors and the SARS-CoV-2 genomic features were distributed among 
all the clusters. No other distribution patterns were found for age, sex, vital status, and hospitalization. In conclusion, during 
the pre-vaccination time in Costa Rica, the symptoms at the time of diagnosis of SARS-CoV-2 infection were described in 
clinical profiles. The host co-morbidities and the SARS-CoV-2 genotypes are not specific of a particular profile, rather they 
are present in all the groups, including asymptomatic cases. In addition, this information can be used for decision-making by 
the local healthcare institutions (first point of contact with health professionals, case definition, or infrastructure). In further 
analyses, these results will be compared against the profiles of cases during the vaccination period.
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Introduction

The Coronavirus Disease 2019 (COVID-19) caused 
by Severe Acute Respiratory Syndrome Coronavirus 
2 (SARS-CoV-2) was declared as a pandemic and has 
impacted the public health systems around the world, even 
though a new hope was established with the beginning of 
the vaccination program at the end of 2020. In Costa Rica, 
more than 169,000 cases and 2185 deaths were reported 
during 2020, a pre-vaccination period (https:// www. minis 
terio desal ud. go. cr/). In our previous work, we focused 
on the analysis of the genomic diversity of SARS-CoV-2 
sequences from Costa Rica during 2020 (Molina-Mora 
et al. 2021; Molina-Mora 2022), and we now studied the 
symptoms at the time of diagnosis of SARS-CoV-2 infec-
tion as clinical profiles.

As an infectious disease, the spread and manifesta-
tions  of COVID-19 depend on the agent (the SARS-
CoV-2), the human host (comorbidities and genetic 
factors), and the environment (physical environmental 
conditions, social interactions, containment measures, 
etc.) (Tsui et al. 2020). In addition, COVID-19 diagnosis—
apart from the place’s epidemiological rates—requires 
both medical history and clinical manifestations, as well 
as radiologic and laboratory data (Mouliou et al. 2022a).

Apart from sole SARS-CoV-2 pre-/post-symptomatic 
or asymptomatic carriers, COVID-19 has shown various 
clinical manifestations, from paucisymptomatics (1 symp-
tom only) and mild-to-moderate patients, to critical disease 
conditions (Nicastri et al. 2020; Mouliou and Gourgoulianis 
2022). Symptomatic cases report a variety of symptoms, 
including fever, anosmia, cough, and diarrhea; more severe 
cases are reported with respiratory distress, sepsis, septic 
shock, and death (Huang et al. 2020). Due to the diversity of 
symptoms, human factors such as genetics and risk factors 
play a critical role in the outcome of the disease (LoPresti 
et al. 2020; Sironi et al. 2020; Toyoshima et al. 2020). These 
factors tend to be specific to the population, in which par-
ticular studies are required in each geographic location. In 
addition, many patients are evaluated only at the time of 
diagnosis due to the clinical presentation of a mild illness, 
in which the tracking of symptoms is lack or not possible 
later. This points out the need for defining clinical profiles 
at the initial stages of the COVID-19, for example at the 
time of diagnosis. Besides, although people can transmit the 
virus regardless of vaccination status and vaccination rates 
are highly influenced by the internet personal information, 
work and social life (Mouliou et al. 2021b), the vaccines 
have impacted the spread and the clinical manifestations of 
COVID-19 (Amit et al. 2021; Moghadas et al. 2021). In this 
situation, the vaccination period can be eventually contrasted 
with cases from the pre-vaccination pandemic time.

On the other hand, the diversity and mainly the amount 
of SARS-CoV-2-infected cases define a complex challenge 
in the step of data analysis to describe the clinical features 
in the populations. To overcome this situation, clustering 
or unsupervised machine learning approaches bring an 
opportunity to extract relevant information by identifying 
patterns, clusters, or profiles within large volumes of data. 
Although some machine learning or similar approaches have 
been implemented to investigate clinical symptoms, risk fac-
tors, and other parameters related to COVID-19 (Dixon et al. 
2021; Han et al. 2020; Sudre et al. 2021; Tong et al. 2020; 
Kim et al. 2020; Fu et al. 2020; Alballa and Al-Turaiki 2021; 
Oshinubi et al. 2021, 2022; Quiroz-Juárez et al. 2021; Zoabi 
et al. 2021; Li et al. 2020), to our knowledge, none has been 
formally reported from Costa Rican cases.

Therefore, because of the relevance of describing local 
clinical profiles at the population level in the early stages 
of COVID-19 in a pre-vaccination pandemic period, and 
the use of strategies to deal with massive data, this work 
aimed to identify and describe clinical profiles at the time 
of diagnosis of SARS-CoV-2 infection in Costa Rica dur-
ing 2020 with a symptom-based clustering approach using 
machine learning.

Materials and Methods

Data Source, Software, and Pre‑processing

This is an observational retrospective study with SARS-
CoV-2-infected cases from Costa Rica. Initially, 68,758 
records of suspected patients were included. Data corre-
sponded to all the registered cases in Instituto Costarri-
cense de Investigación y Enseñanza en Nutrición y Salud 
(INCIENSA), the institution in charge of the epidemio-
logical surveillance in Costa Rica) during the year 2020 
(between March 6 and December 31, 2020).

All the different analyses for pre-processing, machine 
learning approaches, and visualization were performed with 
custom scripts in the RStudio software (Version 1.1.453, 
https:// www. rstud io. com/) with the R software (Version 
3.6.3, https:// www.r- proje ct. org/) in local servers of the 
Universidad de Costa Rica. The following packages were 
used during this implementation: “caret”, “haven”, “RColor-
Brewer”, “ggfortify”, “cluster”, “plotrix”, “ggpubr”, and 
“randomcoloR” (details in https:// cran.r- proje ct. org/ web/ 
packa ges/).

For the pre-processing step, different filtering, clean-
ing, and re-arrangement strategies were applied to data, as 
follows. We only considered cases with positive results by 
real-time Reverse Transcription Polymerase Chain Reaction 
(rRT-PCR) test for SARS-CoV-2, without repeated tests 
(for patients with multiple tests, we only selected the first 

https://www.ministeriodesalud.go.cr/
https://www.ministeriodesalud.go.cr/
https://www.rstudio.com/
https://www.r-project.org/
https://cran.r-project.org/web/packages/
https://cran.r-project.org/web/packages/
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record), completing 18,974 records. Each record was com-
posed of 121 epidemiological and clinical (symptoms at the 
time of diagnosis and risk factors) data and the viral load by 
the Ct value in the rRT-PCR assay. For 160 cases, genomic 
information of the viral sequences of SARS-CoV-2 (clade 
and lineage, and the presence of the mutation spike-T1117I 
of the Costa Rican lineage B.1.1.389) was available from 
our previous work (Molina-Mora et al. 2021), which was 
included for the comparisons.

Clustering Analysis by a Machine Learning Approach

To identify major groups of SARS-CoV-2-infected cases 
based on the symptomatology at the time of diagnosis, 
a clustering analysis was completed with all the 18,974 
records. Although there were 51 distinct symptoms among 
the patients, most of them were of very low frequency. Thus, 
we only included symptoms present in at least 1% of the 
patients, with a final selection of 18 symptoms to describe 
the manifestations at the population level. A small group 
of symptomatic patients with only “rare” or low-frequency 
symptoms was analyzed as non-symptomatic cases at this 
step.

Afterward, to define the groups based on the 18 frequent 
symptoms (frequency > 1%, see the complete list of symp-
toms in Fig. 2) of the 18,974 patients, a machine learning 
strategy was implemented using Hierarchical Clustering 
(HC). To select the best conditions for the clustering analy-
sis, we followed three main steps. First, to define how differ-
ent were the clinical manifestations among all patients, we 
assessed five different distance metrics (Euclidean, Binary, 
Maximum, Manhattan, and Minkowski). The optimal met-
ric had to identify a separated group for the “asymptomatic 
cases”. Second, the Elbow criterion was implemented to 
determine the expected number of major clusters, by plot-
ting the explained variation as a function of the number of 
clusters (Shi et al. 2021). The number of clusters K was 
defined according to the elbow of the curve and, due to this 
is a heuristic approach, a tolerance of 1 was considered (i.e., 
number of clusters = K ± 1). Finally, using the optimal dis-
tance metric and the expected number of clusters, the tree 
was cut using a single height value to define the clusters. 
Groups with at least 5% of the cases (949 out of the 18,974 
patients) were labeled as major clusters, and the remaining 
small groups were included in a single “sink” cluster.

Clusters Comparison

After the definition of the major clusters, the groups were 
compared using demographic data (age, sex, localization, 
etc.), clinical information (symptoms, risk factors, vital sta-
tus, hospitalization, Ct value, etc.), and SARS-CoV-2 geno-
types (clades, lineages, and presence of the spike-T1117I 

mutation of the Costa Rican lineage B.1.1.389). To this 
end, representation of comparisons was done using heat-
maps, barplots, and boxplots, with the subsequent statistical 
tests by ANOVA, Tukey test, Chi-square, and other tests as 
appropriate.

Results

Seven Major Clusters with Specific Symptoms 
Define the Clinical Profiles at the Time of Diagnosis 
of SARS‑CoV‑2 Infection in Costa Rica

To identify clinical profiles of SARS-CoV-2-infected cases 
based on 18 frequent symptoms (present in at least 1% of 
the patients) at the time of diagnosis, we developed a clus-
tering strategy using machine learning with 18,974 records. 
After data pre-processing, five distance metrics were 
assessed within the HC algorithm. The selection of the best 
metric was based on the ability to separate all the asymp-
tomatic cases in a single group, which was only achieved 
when a Binary distance was implemented (Fig. 1a). Other 
approaches using Euclidean or Manhattan distance (Fig. 1b, 
c), resulted in groups with symptomatic and asymptomatic 
cases into the major clusters. To define the number of 
expected clusters, the Elbow criterion suggested k = 8 ± 1 
as the optimal number of clusters to be generated using the 
whole data set (Fig. 1d).

Using the parameters for the optimal clustering (distance 
and number of expected clusters), 25 clusters were obtained, 
including very small groups. Seven clusters were composed 
by at least 5% of cases (represented by non-gray colors), 
and they were subsequently referred as major clusters. The 
percentage of cases for each major cluster was: C1 19.0%, 
C2 5.1%, C3, 14.1%, C4 11.1%, C5, 5.5%, C6 6.3%, and C7, 
5.0%. The remaining small groups, which were defined when 
the clustering tree was cut, were joined into a sink group 
(dark gray). See Fig. 2 (top) for details of the clusters, and 
Supplementary file for details of the size for all the clusters. 
In Fig. 2, the red cluster corresponded to the group with all 
the asymptomatic cases. As found in the heatmaps for all 
the patients (Fig. 2) and the total frequency (Fig. 3, left), the 
composition is dependent on the symptoms, as expected. See 
below for more details.

As shown in Table 1, major clusters are composed of 
between 953 and 3,613 patients (also see Fig. 4a). The 
3440 cases without any of the 18 main symptoms were 
found in cluster C1. The small fraction of 173 symptomatic 
cases in the C1 is the patients with “rare” or low-frequency 
symptoms (not included in the 18 used for the clustering), 
as expected. No other patterns regarding age, vital status, 
sex, nor hospitalization conditions were recognized, and 
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these parameters were distributed similarly among clusters 
(Table 1, Fig. 4b and Supplementary Fig. S1).

Analysis of the co-presence of symptoms among the 
patients (Fig. 2, columns), several symptoms were clus-
tered (rows, left side). For example, there is a cluster of 
general symptoms (Fig. 2, top left), digestive conditions 
(middle left), or more respiratory symptoms (down left).

In the comparison between symptoms (Fig. 3, left), 
each cluster has a specific clinical profile. Cluster C1 is 
the group of all the asymptomatic cases. The C2 is char-
acterized mainly by the presence of cough and rarely 
other symptoms. In contrast, C3 and C4 include cough 
and another main symptom (fever and headache, respec-
tively). C5 is mainly composed of four symptoms, includ-
ing arthralgia as the header. The conditions of anosmia 

and dysgeusia are the major components of the C6 and C7 
clusters, with an inverted pattern of frequency.

Risk Factors and Diverse SARS‑CoV‑2 Genomes 
are Distributed Among All the Clinical Profiles, 
and Viral Load Inferred from Ct Values was Lower 
for Asymptomatic Cases

Concerning the description of the risk factors among the 
clusters (Fig. 3 right), all the conditions are present in all 
the groups without specific patterns, including the C1 for 
asymptomatic patients and the sink. The conditions with 
higher frequency are high blood pressure (HBP), asthma, 
and diabetes among all the profiles. Interestingly, asthma 

Fig. 1  Parameters of the clustering using machine learning to identify 
clinical profiles of SARS-CoV-2-infected cases based on symptoms at 
the time of diagnosis. Using clinical data of 18,974 patients, different 
clustering analyses were run with different distance metrics, includ-
ing Binary (a), Euclidean (b), and Manhattan (c). Only the Binary 

distance was able to cluster the asymptomatic cases in a single group, 
as expected (blue group). In the analysis using the Elbow criterion 
(d), the plot of variation identified the k = 8 (green) as the number of 
expected clusters
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Fig. 2  Seven major clinical 
profiles of SARS-CoV-2-in-
fected cases were identified by a 
clustering approach using symp-
tom information at the time of 
diagnosis. Seven major clusters 
(colors) and a sink group (dark 
gray) were defined, including 
a well-identified group for all 
the asymptomatic cases. Some 
symptoms co-occurred among 
patients (left dendrogram). In 
the heatmap, the presence or the 
absence of the symptom was 
represented by a light gray or 
white color, respectively

Fig. 3  Frequency patterns of symptoms and risk factors of patients 
among the clusters of the clinical profile. Each cluster is composed 
of specific and predominant symptoms (left). The risk factors are dis-

tributed among all the clusters without any enriched pattern, includ-
ing the asymptomatic and sink groups
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was found in a less frequency for the asymptomatic group, 
and HBP has a higher frequency in patients of cluster C2.

About the expected viral load (Fig. 4c), interestingly the 
Ct values for cluster C1 of asymptomatic cases were higher 
in comparison to all the other clusters (p < 0.05). See statisti-
cal details in the Supplementary Material.

On the other hand, using 160 cases in which the SARS-
CoV-2 genome was sequenced, it was possible to infer that 
the SARS-CoV-2 clades and lineages were not associated 
with specific symptoms nor clinical profiles, and they are 
distributed among all the clusters (Fig. 4d, e). This also 
applies to the Costa Rican lineage B.1.1.389 (orange in the 
barplots of Fig. 4e), which carries the mutation spike-T1117I 
and was the most common detected lineage during 2020 in 
the country (Fig. 4f), which is not specific to a particular 
profile.

Discussion

To describe the clinical presentations at the time of diag-
nosis of SARS-CoV-2 infection in Costa Rica during the 
pre-vaccination period, we implemented a machine learning 
strategy to identify clusters or clinical profiles at the popu-
lation level among 18,974 records of positive cases. Seven 

clinical profiles were identified with a specific composition 
of clinical manifestations and some patterns related to viral 
load (lower for the asymptomatic group), while the risk fac-
tors and the SARS-CoV-2 genomic features were distributed 
among all the clusters. This work was an observational study 
with random samples at random points of time for suspected 
cases in which most of them were on an ongoing disease and 
reported symptomatology.

The clinical manifestations of COVID-19 define a large 
spectrum of symptoms at the population level, as found in 
other studies (Kim et al. 2020; Fu et al. 2020; Sudre et al. 
2021). Estimates of the features and proportion of the dis-
tinct clinical manifestations of COVID-19, including asymp-
tomatic cases, are vital parameters for modeling studies 
(Byambasuren et al. 2020). In addition, early identification 
of symptoms is important for successful diagnosis, medical 
management, and treatment selection (Kostopoulou et al. 
2015). This is a key point for health professionals that are 
in charge of gathering symptoms information when testing 
patients (the time of diagnosis during the first point of con-
tact), to be able to differentiate between the most and least 
prevalent clinical presentation of COVID-19 in a specific 
community. In this regard, we were motivated to conduct 
this study with symptoms in SARS-CoV-2-infected cases 
from Costa Rica during 2020 (the pre-vaccination period).

Table 1  Composition of 
clusters by epidemiological and 
genomic data

ND no data
a Based on 160 genomes

Groups Clusters

C1 C2 C3 C4 C5 C6 C7 Sink

Total patients 3613 974 2683 2106 1042 1190 953 6409
Sex
 Female 1776 460 1133 1119 510 616 506 3217
 Male 1819 511 1541 979 529 572 444 3175
 ND 18 3 9 8 3 2 3 17

Symptoms
 Yes 173 974 2683 2106 1042 1190 953 6409
 No 3440 0 0 0 0 0 0 0

Hospitalized
 Yes 52 19 42 34 11 13 15 105
 No 1260 304 716 529 220 353 243 1553
 ND 2301 651 1925 1543 811 824 695 4751

Alive (vital status)
 Yes 2840 792 2225 1772 896 973 830 5429
 No 9 0 7 0 0 1 1 7
 ND 764 182 451 334 146 216 122 973

Number of distinct GISAID  cladesa 3 4 3 3 3 1 2 4
Number of PANGOLIN  lineagesa 7 6 10 4 5 1 4 8
Presence of the mutation spike-T1117Ia

 Yes 11 5 7 7 3 2 1 14
 No 34 8 30 12 4 0 3 19
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At the time of diagnosis, 18 symptoms were found to be 
present in at least 1% of the SARS-CoV-2-infected cases 
from Costa Rica, including non-specific symptoms (fever, 
headache, etc.), as well as respiratory and gastrointestinal 
manifestations. Using a machine learning approach, seven 
major clusters or clinical profiles were found with those 
symptoms to describe the manifestations at the popula-
tion level. The clusters showed the expected heterogeneity 
in the clinical presentation among SARS-CoV-2-infected 
cases from Costa Rica, just as it has been observed world-
wide according to hundreds of case reports (Dixon et al. 
2021; Han et al. 2020; Sudre et al. 2021; Tong et al. 2020; 
Kim et al. 2020; Fu et al. 2020). Besides, six main symp-
toms are defining the clinical profiles (Fig. 3) and that 
must be taken into higher consideration at the moment of 
filling a patient’s chart: cough, fever, headache, arthralgia, 
anosmia, and dysgeusia. Congruently, most of these mani-
festations are included in the limited number of symptoms 
that are known to be associated with infectious diseases 
(Jeon et al. 2020). In addition, the general description 
of the clinical manifestations can be used as part of the 
“case definition of COVID-19” given by the local and 

international epidemiological surveillance systems (World 
Health Organization 2021).

A multivariable logistic regression and exploratory factor 
analysis by Dixon et al. (2021) determined five symptom 
clusters among which ageusia, anosmia, and fever tend to 
be highly associated with SARS-CoV-2 infection, which 
resembles our findings in cluster C6. This also supports 
other findings in a meta-analysis in which up to 52.73% and 
43.93% of SARS-CoV-2-infected cases presented olfactory 
and gustatory dysfunction, respectively (Tong et al. 2020), 
also found in cluster C7. In a second cluster, Dixon et al. 
(2021) reported shortness of breath, cough, and chest pain, 
but only the cough had a high frequency in our data (cluster 
C2) without being associated with those other two symp-
toms. Interestingly, another study showed that a diversity of 
respiratory symptoms were found as a significant predictor 
for test positivity for the diagnosis of SARS-CoV-2 infection 
(Kotsiou et al. 2021).

A third cluster was composed of fatigue, muscle ache, 
and headache. Of those symptoms, we only found headache 
as the main symptom in cluster C4. Finally, the last two 
clusters reported were represented by vomiting and diarrhea, 

Fig. 4  Distribution of demographic, clinical, and SARS-CoV-2 
genomic information of cases of SARS-CoV-2-infected cases among 
seven major clusters. Major clusters are composed of 953–3613 
patients. All the asymptomatic cases are found in the same cluster C1. 

Interestingly, the viral load (inferred from the Ct value) is lower in 
this group. Different SARS-CoV-2 genomes (lineages, clades, and the 
presence of the mutation T1117I in the spike) were distributed among 
all the clinical profiles
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and a runny nose with a sore throat (Dixon et al. 2021). 
None of those two clusters coincides with our findings. As 
Fig. 3 shows, even if digestive symptoms are present among 
Costa Rican SARS-CoV-2-infected cases from C1 to C7, 
their frequency is very low. Nonetheless, this should not be 
neglected as it has been reported that some individuals pre-
sent digestive symptoms alone, which is of clinical relevance 
as those patients may last longer achieving viral clearance 
compared to those with associated respiratory symptoms 
(Han et al. 2020).

In another work, a similar approach with machine learn-
ing techniques for the study of COVID-19 symptoms, six 
temporal profiles were identified after self-reported data 
were used (Sudre et al. 2021). To make a better comparison, 
day 0 symptoms were contrasted with our findings. Interest-
ingly, dysgeusia was not included as the main symptom in 
their study, even though it was the most prevalent one in our 
cluster C7. Cough and fever were found to be associated 
with the second cluster reported by Sudre et al. (2021) as 
well as in profile C3 in our study. Headaches were distrib-
uted among all the clusters in both studies.

About risk factors, three chronic diseases were found 
among Costa Rican patients in all of the seven clusters. 
From most to least prevalent, the most significant conditions 
were high blood pressure, diabetes, and asthma. Interest-
ingly, this finding is highly consistent with a meta-analysis 
by Yang et al. (2020), who reported that the most prevalent 
comorbidities among SARS-CoV-2 patients were hyperten-
sion (21.1%), diabetes (9.7%), cardiovascular disease (8.4%), 
and respiratory system disease (1.5%). Another study, which 
was based on environmental and health-related predictors for 
SARS-CoV-2 infection, revealed a vulnerability to COVID-
19 in cases with previous pneumonia (Mouliou et al. 2021a), 
although this risk factor was not studied in our work. Jointly, 
it is clinically relevant to take these comorbidities into 
account when performing a screening among COVID-19 
tests. However, we identified no reliance on the co-morbidi-
ties and the clinical profiles for SARS-CoV-2-infected cases. 
This result is in line with a meta-analysis that reported that 
up to 90% of clinical and demographic variables showed 
inconsistent associations with COVID-19 outcomes (Jeon 
et al. 2020).

Despite consulting several databases, no other works 
using machine learning were found using symptoms, risk 
factors nor SARS-CoV-2 genomic data of SARS-CoV-2-in-
fected cases at the same time, and none using the initial 
clinical profile at the time of diagnosis. Machine learning 
techniques prove to be a very useful approach to study the 
variety of COVID-19 symptoms when large sets of data are 
available. The heterogeneity of this disease’s clinical pres-
entation is reduced using this technique, thus it may help 
clinicians heighten vigilance of some specific symptoms 
over others.

On the other hand, the cluster of asymptomatic cases (C1) 
represents 18% of the total positive cases. This percentage is 
in line with other analyses in which the asymptomatic cases 
vary between 15 and 30% (Centers for Disease Control and 
Prevention US 2021; Byambasuren et al. 2020), although 
other studies found higher frequencies (Byambasuren et al. 
2020; Lee et al. 2020). This variation can be explained by 
multiple factors, such as the: (i) definition of asymptomatic, 
which depends on a specific moment (at time of diagnosis in 
our case) but can eventually change during the infection with 
distinct symptom onset into pre-/post-symptomatic cases 
(Mouliou and Gourgoulianis 2022); in fact, these conditions 
have questioned the real existence of asymptomatic cases, 
as discussed in a recent study (Mouliou and Gourgoulianis 
2022); (ii) diagnosis tests identify SARS-CoV-2 carriers and 
not necessarily COVID-19 patients (Mouliou et al. 2022b), 
and (iii) the possible existence of preexistent immunity by 
previous infection, that can affect the clinical outcome dur-
ing reinfections or coinfections, although associations in the 
possible reduction of symptomatology are still being moni-
tored (Mouliou and Gourgoulianis 2022; Molina-Mora et al. 
2022).

The comparison of expected viral load between symp-
tomatic and asymptomatic cases, using the Ct value, has 
been also reported as very variable (Tutuncu et al. 2021; 
Trunfio et al. 2021). Similar to our findings in which the 
symptomatic groups had lower Ct values, another study 
reported that higher viral load was associated with more 
signs and symptoms at diagnosis and a more frequent pattern 
of respiratory and systemic complaints (Trunfio et al. 2021). 
However, no associations between viral load and symptoms 
state have been also suggested in other works (Tutuncu et al. 
2021; Lee et al. 2020). The situation of very diverse pat-
terns of Ct values and clinical outcome is a drawback that 
can be explained by individual factors and technical issues. 
For example for a specific case (individual factors), as dis-
cussed before, some asymptomatic cases could be related to 
genetics, risk factors, or preexistent immunity by previous/
concomitant infections (with possible effects on the viral 
replication or viral shedding and finally on symptoms onset 
or transmission) (Mouliou and Gourgoulianis 2022). In the 
case of sample processing (technical issues), the results can 
be affected by the technology, sample quality, and the time 
of sampling after infection (Buchan et al. 2020), as well as 
the general performance of the rRT-PCR test which is not 
errors-free and false positive and false negative results can 
be generated (Mouliou and Gourgoulianis 2021). Therefore, 
this complex scenario implies that there is no consensus 
between the initial viral load and the clinical manifesta-
tions of COVID-19 (Trunfio et al. 2021; Byambasuren et al. 
2020).

Regarding the SARS-CoV-2 genotypes, our reports 
of the independence of the clinical presentation of 
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COVID-19 and the genomic determinants of the SARS-
CoV-2 sequence are in line with others studies (Hodcroft 
et al. 2020; Grubaugh et al. 2020; van Dorp et al. 2020). 
For each cluster, a diversity of clades and lineages were 
identified, including independence of the presence or 
absence of the mutation T1117I from the Costa Rican 
lineage B.1.1.389 (Molina-Mora et al. 2021). This situ-
ation reminds us that the clinical profiles depend on the 
viral agent and human host conditions. The human genetic, 
comorbidities and risk conditions have been described 
as the predominant factor in the clinical outcome of the 
COVID-19, as found in several studies (LoPresti et al. 
2020; Sironi et al. 2020; Toyoshima et al. 2020; Molina-
Mora et al. 2021).

Furthermore, owing to the distribution of SARS-CoV-2 
genotypes among all the clusters, our results suggest that 
genomic features of the virus are not associated with 
specific changes in the clinical presentation, as has been 
reported recently, including relevant variants (Nakamichi 
et al. 2021; Graham et al. 2021). The lack of change in 
symptoms for different SARS-CoV-2 genotypes also indi-
cates that existing testing and surveillance infrastructure 
do not need to change specifically for these versions of the 
SARS-CoV-2 genome (Graham et al. 2021).

Our analyses presented some limitations that must be 
taken into account in the interpretation of results: (1) clas-
sification of positive cases of COVID-19 was based on the 
positivity of a rRT-PCR for nasopharyngeal samples, i.e., 
we depended on the performance of the test and sample 
quality; (2) Ct values were obtained by distinct RT-PCR 
test kits (not performed in the same lab and protocols), 
thus Ct value comparisons can be affected by these dif-
ferences; (3) records were retrieved from a local database 
(with predefined symptoms) with some missing informa-
tion, mainly for SARS-CoV-2 genomic data or other poten-
tial symptoms (i.e., dyspnea, sputum production, neck 
pain, shiver); (4) this study was based on symptoms pre-
sent in at least 1% of the patients and rare or low frequency 
symptoms were not included for the clustering analysis 
(see “Materials and Methods”); (5) cases corresponded 
to random samples at random points of time which were 
considered as a same group, without consideration of a 
particular symptomatology for reinfections or coinfections 
cases; and (6) data for social behavior or genetic factors of 
the host were not considered in this study.

Finally, due to vaccination started massively in January 
2021 in Costa Rica (first doses were applied at the end of 
December 2020), we consider that this study represents a 
special work to give the panorama of COVID-19 in pre-
vaccination time (2020). In future work, we hope to assess 
the vaccination status and how this event has influenced 
the clinical profiles of SARS-CoV-2-infected cases dur-
ing 2021.

Conclusions

The identification of seven clinical profiles at the time of 
diagnosis of SARS-CoV-2 infection was achieved using 
a clustering approach. In general, at the population level, 
there were 18 symptoms reported in at least 1% of the 
SARS-CoV-2-infected cases from Costa Rica, although 
six clinical manifestations were predominant. A specific 
symptom frequency was revealed for each cluster or clini-
cal profile. In the comparison between clusters, a higher 
viral load inferred from the Ct values was found for the 
asymptomatic group, while the risk factors and the SARS-
CoV-2 genomic features were distributed among all the 
clusters. Therefore, the host co-morbidities and the SARS-
CoV-2 genotypes are not specific of a particular profile, 
rather they are present in all the groups, including asymp-
tomatic cases. No other distribution patterns were found 
for age, sex, vital status, and hospitalization.

Jointly, these results describe the clinical manifestations 
at the time of diagnosis of SARS-CoV-2 infection in Costa 
Rican patients during the pre-vaccination time of the pan-
demic, as well as they can be used for decision making by 
the local healthcare institutions (first point of contact with 
health professionals, case definition, or infrastructure). In 
further analyses, these clinical patterns will be compared 
against cases during the vaccination period.
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