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Abstract. We are currently facing the global pandemic caused by COVID-19, in the case of Peru, this
disease has caused the death of approximately 200,000 people (September 2021), being one of the countries
with the most deaths per thousand people. Due to this, progress is being made in the vaccination process, of
which it has been possible to immunize more than 72% of the population with two doses. However,
according to data collected by the Peruvian government, the deaths of people who would have been
inoculated with at least one dose have been recorded. The present work proposes to apply machine learning
models (Machine Learning), where the factors that influence the death of people are analyzed despite having
been vaccinated with at least one dose, to achieve this goal, unsupervised learning techniques such as K-
means, Spectral Clustering, Gaussian Mixture, Hierarchical Clustering, as well as data visualization
techniques were applied. The results obtained reveal that the main factors that led to death are elderly people,
mostly men, and that their health centers are also far from their homes, in addition to not having had access to
hospitalization for adequate treatment.
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1. Introduction

Currently, the world is going through a health emergency caused by the SARS-COV 2 virus that
produces the COVID-19 disease. Symptoms of this disease are similar to common cold and may be
aggravated causing pneumonia and in many cases death [1]. On the other hand, thanks to the development of
a wide variety of vaccines, remarkable progress has been made in this regard. 63.1% of the world's
population has received at least one dose of COVID-19 vaccine (March 2022) [2].

Peru has been one of the most affected countries by this disease, becoming in September 2021 the sixth
country with the highest number of deaths worldwide [3]. Thus, a massive vaccination campaign is being
carried out, with a total of approximately 23.9 million people vaccinated with two doses, which corresponds
to a little more than 72% of the total population as of March 2022 [2].

Peru's reality being quite complex, there may be several factors that led to this high rate of deaths.
According to [4], possible causes are: an overwhelmed public health sector; lack of infrastructure and
specialised personnel; and poor health leadership. A research conducted in Peru between March and May
2020 [5], suggests that people over 70 years of age had been the most severely affected by COVID-19 and
especially men. The aforementioned studies are prior to vaccination campaigns in Peru. Currently, with
above 72% of the total population, deaths still occur, even for patients with at least one dose of the vaccine.

According to other studies in the region, the percentage of affected adults over 70 years of age could be
significantly reduced with vaccination (Rio de Janeiro, Brazil) [6]. In Argentina, it was also shown that there
was a significant reduction in mortality in people at least 60 years old [7].

Despite this evidence of the efficacy of vaccination, several studies have also been conducted regarding
the death of inoculated persons, either with one or more doses. In a study carried out in Scotland [8] and
another in the USA [9] on fully vaccinated persons, it was demonstrated that the persons who died were
elderly, in addition to presenting various comorbidities such as chronic heart disease, chronic kidney disease,
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diabetes, lung disease. among others. Likewise, an investigation carried out in the United Kingdom [10],
showed that the incidence of mortality increased with age, gender and ethnic origin.

On the other hand, in Peru there has been a growing increase in the registration of data from patients
infected with this disease due to the fact that more and more hospitals have digital means to do so. Being a
large amount of data, it is impossible to carry out an analysis in a conventional way.

In addition to this, health data in Peru is characterised by not being well structured, containing
inconsistencies and even the existence of many incomplete records that must be completed by external
databases. For this reason, extensive work must first be done to generate a consistent data set so that it can be
analysed and result in correct patterns. What conventional data analysis software often can't handle.

For data analysis, it is convenient to apply machine learning methods that have the advantage of
producing accurate models automatically in large and complex data sets that can give us certain patterns that
provide valuable information. Depending on the characteristics of the data, different applied methods will be
better suited to our evaluated problem.

Following this perspective, side effects after vaccination against COVID-19 in Jordan were analysed
[11], For this, machine learning tools were used, such as Multilayer Perceptron (MLP), eXtreme Gradient
Boosting (XGBoost), Random Forest (RF) and K-star. Resulting in good accuracy in the proposed
algorithms RF: 80%, XGBoost: 79% and MLP: 70%. Another work studied the main common causes of
adverse reactions of the vaccine using machine learning methods [12]. The results showed that the patient's
age, gender and allergic history, among others, produced reactions to vaccination. Of the methods studied,
the one that offered the highest precision was Random Forest with 90%.

Due to the aforementioned, in our research work we will evaluate with different methods of artificial
intelligence and data visualisation, what are the patterns of people who died despite having at least one
vaccine present. In order to be able to define what really is the cause of his death and what are the possible
ways to avoid a high mortality rate considering the particular reality of Peru.

2. Data Preprocessing and Organisation

To support scientific, clinical, and epidemiological research on COVID-19 in Peru, the Ministry of
Health (MINSA) has made open data available to the community from a database that compiles official
information from the Ministry of Health. A standard analytical format that is the result of processing data
derived from information on COVID-19 collected by the National Institutes of Health (NIH) and the
National Centers for Epidemiology, Disease Prevention and Control (CDC). The data management of the
Covid 19 Dataton Peruis available online at [13], the extraction process was carried out, transformation and
loading of information, related to those vaccinated by COVID-19. The table th_deceased was imported,
which takes as a reference the universe of deceased by Covid, linking information on those who were
hospitalised and if they have received doses of Covid vaccines, to obtain a best results, a new column is
added where the calculation is made of the distance with the latitude and longitude of the health care centre
and the ubigeo(code where live a person) that was obtained from an external table of ubigeo.

3. Data Analysis

3.1. Methodology

Fig. 1 shows the workflow followed in this research work. Due to the nature of the problem and of the
data, a series of phases are proposed to generate an adequate strategy for data analysis, which will combine
techniques of Reverse Database Engineering and Machine Learning.

Data Pre-Processing: With open data information of COVID-19, a reverse engineering process was
carried out, rebuilding the database and selecting the relevant data set for the project. The next phase prior to
the application of Machine Learning models, data pre-processing techniques were applied, within them we
find the completion of data, elimination of irrelevant and empty data, normalisation, standardisation and
generation of new data, which they allow us to expand and generate our vector of features, which will give
us a greater perspective when analysing the data with learning models, and also by placing the numerical
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data on similar scales, it will make the fields with higher values dominate the distances in which groups are
formed.

Databases Pre-processing Learning model Visualization Techniques

Data cleaning Select k cluster Variable Selection
DB
Deceased|
Transformation Dimensionality Dimensionality
—_— Categorical Variables — Reduction —_— Reduction
DB Normalization Clustering Visualization
Extern's Standardization Methods Techniques

Fig. 1: Proposed workflow

Learning Model: To analyse the data of the deceased being vaccinated, we will use a set of
unsupervised learning models, improving this process, using selection techniques for the best k cluster, and a
pre-visualization of the data using techniques of dimensionality reduction.

Clustering Methods: Clustering techniques were applied to identify groups of similar characteristics.
This allows for a better understanding of the structure of data obtained from the COVID-19 Open Data [14].
In the unsupervised learning process, we use the following techniques: K-Means, Spectral Clustering,
Gaussian Mixture and Hierarchical Clustering [15]. These techniques allow us to analyse, from different
points of view, the similarity of the data of those who died from COVID-19 even when vaccinated, and their
calculation of each point or row of data will be based on a Euclidean distance.

Selection of k Parameter: To improve the learning model, we apply the Elbow Curve technique, which
receives as input the vector of features elaborated in the pre-processing phase; applying this technique allows
us to make a better decision of how many k clusters to form in unsupervised learning models [16]. This
method allows us to graph the explained variation of the number of clusters and choose the elbow of the
curve, as the number of clusters that we must use.

3.2. Visualisation

The visualisation of the information, it was considered convenient to use the Screet Plot technique, to
define the number of main components so that the data can be correctly visualised in this way. This will
allow us to more intuitively observe the results obtained from the different clustering methods. As well as
being able to visualise patterns that otherwise would not be recognizable. To achieve this, we proceeded to
apply the dimensionality reduction method, which is also used for visualisation, called PCA (Principal
component analysis), described in [17]. This method, by reducing the number of features from 3 to 2
dimensions, allows you to visualise the data projected on a plane. Another visualisation method, called t-
SNE (t-distributed stochastic neighbour embedding) [18], was also evaluated. Also making use of 3 to 2
dimensions so that it is possible to evaluate the results.

The procedure followed to visualise the data was as follows:

e Preprocessed data was used.

e The PCA/t-SNE method with 3 to 2 components (dimensions) was applied to this data.

e The Screet Plot technique was applied.

e The result was colored according to the groups obtained from the previous processing carried out
with the clustering methods described above.

4. Results

In this investigation, the database of the National Open Data Platform of Peru was used, specifically that
of deaths from COVID-19, which consists of 199,584 deaths, of which 8,845 people died while being
vaccinated with at least one dose, representing 4.43% of the deceased. In the pre-processing process, we
found an important incidence, given the difference of the first dose with respect to the date of death, 1,463
deaths were found with negative date differences, representing 16.54% of the vaccinated deaths, therefore
which this affects the analysis of the data, and we consider it as wrongly entered data. We performed a
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comparison of different clustering methods such as K-means, Spectral Clustering, Gaussian Mixture, and
Hierarchical Clustering. By using the EIbow Curve method we determined the optimal value of the number
of clusters, k = 3. The result in terms of data visualisation with the PCA method and T-SNE in 2 dimensions
can be seen in fig. 2. Which has been coloured according to the result of the clustering obtained by the
clustering methods. Where we can see that for K-means with PCA and Spectral with T-SNE, they are the
best representations of the information.
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Fig. 2. Visualisation PCA and T-SNE with 2 components in the database a) K-means with PCA b) Spectral with PCA c)
Gaussian with PCA d) K-means with T-SNE e) Spectral with T-SNE e) Gaussian with T-SNE

Applying a sampling of the results obtained, with respect to each cluster, and performing the respective
analysis, we find what K-means best fits the data obtained for COVID-19, After performing a cluster
analysis at both k=3 and k=4, for which we have the following results: The average age of the deceased
vaccinated with at least one dose is 74 years, and that 64.20% are male and 35.79% are female, this is
present in the three clusters. The first cluster, 16.62% at least, was hospitalised and the second cluster 16.61%
and the third cluster 13.82%. This information correlates with the distance of these people from their care
centres and/or hospitals. The first cluster has an average distance to their health centre of 4.70 km, the second
cluster 756 km and the third cluster 288.51 km., this reflecting that there was no nearby health centre. Of the
deceased who received at least one dose, only 5.57% from the first cluster were able to find an ICU bed, 4.14%
from the second cluster, and 2.86% from the third cluster found an ICU bed. Based on the data obtained and
analysed, only 15.96% of those who died from COVID-19 and who received at least one dose received care
in a hospital and only 4.04% occupied an ICU bed, for which the factor infrastructure, equipment, resources
are key to patient care.

5. Conclusions

In this research work, we have proposed the application of unsupervised learning models to analyse the
factors that influence the death of people vaccinated against COVID-19, managing to find relevant
information. In the pre-processing phase, we found that 4.43% of the deceased had received at least one dose,
and that there is also apparently adulteration of the data that represents 16.54% of the vaccinated deceased,
the loss of this information due to data incorrect, directly affects the clustering process and calls for
reflection on the quality of data made available by the Peruvian state. In the phase of carrying out the
clustering, the results obtained showed that the groups were formed, because the deceased did not find a
nearby health centre for their care that could help in their treatment, being on average up to 756 km from
their point of death. attention, and that only at least 2.75% of those who died with at least one dose found an
ICU bed, this shows us the great gaps in infrastructure and services offered by the Peruvian government and
its public policies to address the COVID-19 pandemic. 19. From the analysed data, it is striking that of the
deceased who are vaccinated, only 15.96% have been treated, so we can infer that they did not receive any
medical attention, rather than just a COVID-19 rule-out test.Regarding the visualisation part, it was possible
to visualise the groups obtained from the data processing using clustering. Visually it was possible to verify
that the PCA method presents a greater concordance with the groups obtained from the processing part,
applied to the K-means method for a value of k=3 it offers us a better representation of the data.
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