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Abstract

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection is typically very mild
and often asymptomatic in children. Also, children and adolescents are less susceptible to the
infection. Anyway, some children require hospitalization and rarely develop a severe multisys-
tem inflammatory syndrome. Risk factors are widely studied in adults but there are not studies
with large databases in children. Regarding IFN signature there is also little knowledge in its

behaviour in children. Our goal is to bring new results in these two lines.

Using generalized additive models we have found that risk factors in children are different
than in adults. Risk factors in adults are comorbid conditions often considered acquired or
probably related with unhealthy lifestyle but in children are congenital conditions. There are

no significant gender differences in children.

SOCS1 (suppressor of cytokine signaling 1) and CIITA (major histocompatibility complex
class II transactivator) gene have an inverse relationship between them. We can use SOCS1
y CIITA levels, using a decision tree, to classify cases between mild and severe: low levels
of CIITA and high of SOCS1 are related with severe cases. Finally, we observed that CIITA
levels are higher in children than in adults. This could provide children protection against the

infection and could open a new research line for treatments.

Keywords: Children, COVID-19, risk factors, interferon signature, cytokines
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Chapter 1

Introduction

1.1 Context and justification of the interest of the pro-

posal

The novel coronavirus disease, COVID-19, caused by SARS-CoV-2 was originated in Wuhan,
Hubei Province, China. The virus has quickly spread all around the world, as of now nearly 80

million cases and 2 million deaths have been confirmed worldwide. [1]

In Spain, the first case of COVID-19 infection was reported on 31st of January 2020. The
pandemic has had a fast spread in the country generating more than 800 000 cases and 30 000
deaths.

COVID-19 disease can affect people of all ages however, we already know that children
and adolescents are less susceptible to the infection. The prevalence study published in the
ENE-COVID19 report [2], which has performed more than 60 000 IgG antibody tests across
the country, has found children under the age of 10 with lower prevalence than adults: mean

values: 3.7(<1 year), 3.7(1-4 years), 2.9(5-9 years) versus 5.2 for the general population.

We also know that age is a key factor in contracting a severe type of disease: children
develop milder types of the disease and with better prognosis than adults. [3]. At present,
SARS-CoV-2 infection disease in pediatric age has not been well categorized. Data on clinical

course and prognosis markers are missing in children admitted [4].

This work seeks to provide new data on the aggravation of disease and hospitalization in

children population. Also, we will study interferon pathway in children with COVID-19.
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4 Introduction

1.2 Main objectives

This work aims to bring new knowledge to the development of COVID-19 in children. Following
topics will be studied:

e How cytokines induced by interferon impacts in the aggravation of the disease and in

hospitalization. Differences between children and adult population.

e Risk factors for severe COVID-19 in children. Analyze if are the same as per adults.

1.3 Methodology

A database collected in Barcelona’s Sant Joan de Deu Hospital as part of the Kids Corona
project will be the main source of information [5]. A public database from the Mexican govern-
ment with clinical data of COVID cases will be also used to enrich the analysis. The project
will be addressed as an advanced analytical project: first step is to understand, to describe
and to prepare the data for further analysis. Subsequently, different statistics and machine
learning techniques will be applied (statistical inference, regression, decision tress...) to extract

the maximum value to the data.

1.4 Planning followed

All deliverables will be completed incrementally and iteratively until the final version of the

work is completed, having periodic reviews with the tutors

e First contact with tutors and project planning. Commitment date: mid-September

e Availability of BBDD and first exploratory analysis of the data. Fundamental to under-

standing what data we have and what we can get. Commitment Date: end of September

e Literature review: papers published on COVID in children analysis in order to provide

an innovative approach. Commitment date: end of October.

e Descriptive analysis and database cleanup: this point will be done in parallel with the

previous one. Commitment date: end of October.

e Advanced analytics: application of different techniques on the data set to obtain the

highest possible value. Engagement date: mid-December.
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e Memory writing: it will be done in parallel with the previous points and incrementally.

Commitment date: mid/late December.

e Last review with tutors and preparation of the presentation for the defense. Commitment

date: early January.

1.5 Summary of the final results

Regarding hospitalization risk factors in children, after studding a large database, we have found
several differences with well known risk factors in adults: risk factors in adults are comorbid
conditions often considered acquired or probably related with unhealthy lifestyle but in children
are congenital conditions. There are no significant gender differences in children.

Regarding cytokines response in children we have found that two cytokines (CIITA and
SOCS1) are the most relevant to classify children with COVID-19 in severe and mild cases. We
have also found some differences with adults behavior in this cytokines. Finally, we observed
that CIITA levels are higher in children than in adults, this could provide children protection

against the infection

1.6 Summary of the rest of the Chapters

e Chapter 2: State of art. Literature review of previous knowledge about COVID-19 in
children.

e Chapter 3: Hospitalization risk causes in children. Analysis of clinical risk factors in
severe COVID-19 in children and it ‘s differences between adults.

e Chapter 4: Interferon signature and cytokines response in children with COVID-19. Dif-
ferences in cytokines response between children with mild and severe symptoms. Com-

parison with adults.



Introduction




Chapter 2

State of art

Scientific community is making a huge effort in provide knowledge novel coronavirus disease.
More than 20 000 papers have been published since the pandemic outbreak. This volume of
scientific work has no precedents. In this project we are going to focus on how the disease affect

children, particularly to clinical characteristics of the infection.

2.1 Evidence before this study

Through this section we are going to summarize available knowledge regarding severity and
prevalence of the disease in children and the reasons behind it. The Spanish National Research
Council has made a great effort in resuming actual evidence [6], we are going to use this work

as basic guide.

2.1.1 COVID-19 disease is less severe in children than in adults

Novel COVID-19 disease varies extremely with age. Mortality data across all countries shows
that mortality increases dramatically with age. In Spain, regarding RENAVE public COVID
report, 4 deaths have been reported in 0-15 ages and 21 children were in ICU, from 75 146 cases
since 10th May, but deaths in elderly people are in order of tens of thousands. This behavior
has been observed in all countries, nevertheless a small number of children develop very severe
disease as described in a multicenter Spanish Pediatric Intensive Care Units servey [7]

Less severe disease in children is also reported in one of the biggest studies with children in
China [8] with 728 (34.1%) laboratory-confirmed cases and 1407 (65.9%) suspected cases. The
median age of all patients was 7 years (interquartile range: 2-13 years), and 1208 case patients
(56.6%) were boys. More than 90% of all patients had asymptomatic, mild, or moderate cases.

We also know that pediatric population with symptoms, have similar ones than adults. In

7



8 State of art

the meta-analysis made by an Italian team [9], they found that subjects frequently have fever
and cough and rarely diarrhea, nasal congestion and dyspnea.

Finally, regarding risk factors, a Greek team have found an underlying medical condition
in some studies in hospitalized children, in contrast with those not hospitalized. The most
common comorbidities were chronic lung disease (including asthma), cardiovascular disease,
and immune suppression. Although this is not confirmed in all studies and is unclear whether

male gender can also be considered as risk factor, because of insufficient data [10].

2.1.2 COVID-19 disease is less frequent in children than in adults

The seroprevalence study published in Spanish ENE-COVID19 report [2], which has performed
more than 60 000 IgG antibody tests across the country, has found children under the age of
10 with lower seroprevalence than adults: mean values: 3.7(<1 year), 3.7(1-4 years), 2.9(5-9
years) versus 5.2 for the general population. For ages between 10 and 20 years less prevalence
is no longer significant.

There are some biases in above affirmation that we should manage. Maybe less PCRs have
been done to children because they have less severe cases. Also, it could be that because of
having less severe disease they generate less antibodies misrepresenting seroprevalence studies.
Finally, children innate inmute could protect them from COVID-19, this immunity doesn’t

generate specific antibodies also misrepresenting seroprevalence studies.

2.1.3 Pediatric multisystem inflammatory syndrome

We have seen that children have mild COVID-19 disease, but serious syndrome have been
described in a very few cases. Multisystem inflammatory syndrome associated with SARS-
CoV-2 pandemics has recently been described in children (MIS-C), partially overlapping with
Kawasaki disease (KD). Clinical presentations, regarding the WHO [11], are fever (38-40°C),
rash or bilateral non-purulent conjunctivitis or muco-cutaneous inflammation signs (oral, hands
or feet), hypotension or shock, features of myocardial dysfunction, pericarditis, valvulitis, or
coronary abnormalities, evidence of coagulopathy, acute gastrointestinal problems and elevated
markers of inflammation.

This MIS-C have similarities with KD but also can be compatible with toxic shock syndrome,
macrophage activation syndrome or septic shock.

A significant increase in Kawasaki-like illness have been observed in countries affected by
SARS-CoV-2 pandemic [12]. The root cause of KD is not clear yet, but some authors have
related it with common flu coronavirus. Further research could explain if coronavirus are the

root cause of this similar diseases.
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2.1.4 Reasons behind less severity and frequency in children

The reasons behind less severe infections in children and probably less prevalence have been
discussed widely last moths in the literature. There are two main biological theories: first one
based on viral receptor ACE2 and another one based on differences between immune system in
children and adults [6]

e ACE2: Lethality of COVID-19 is much higher in the elderly than in young people, and
in men than in women. The preprint [13] assumes that the variation in the lethality of
COVID-19 infection with age and sex is due to the variation in the expression of the

ACE2 protein, the receptor of the virus in cells.

e Trained innate immunity: It has been proposed that children might be more resistant to
COVID-19 because their innate immunity, which does not develop specific antibodies, is
stronger than in adults, which could explain lower frequency of children with SARS-CoV-
2 antibodies because they could have been infected and resolved the infection with innate

immunity before it has caused serious consequences [14]

According to some theories, the greater strength of the innate immune system in children
may be due to trained immunity, favored by vaccines against other pathogens. Vaccines
unleash specific immunity, but also enhance the body’s response by stimulating innate

immunity [15].

2.1.5 Neutralizing auto-antibodies against type I interferon

The immune system works as a coordinated army, with different levels of action and response.
It s goal is defending us against a wide variety of pathogens. When a new virus such as
SARS-Cov-2 attacks our body, infected cells release an alarm signal (interferon -IFN- type
), which capture other neighboring cells, alerting them about invader’s entry, in order to
prevent virus replication. At this point, innate, non-specific and rapid immunity is launched,
in which soluble components such as interleukins, type I or type III IFNs and cells such as
macrophages, neutrophils, dendritic cells and natural cytotoxic cells are responsible for delaying
the progression of the virus even avoiding infection and/or onset of symptoms. [6]

More than 10% of severe COVID-19 patients produce a type of antibodies that, instead
of protecting them from the virus, worsens infection neutralizing immune system. Antibodies
that neutralize interferon type 1 were found in 10.2% of severe patients, regardless of age,
race and sex. It is the result of two international studies [16] [17] that may explain why some
people develop asymptomatic or very mild disease and others severe or fatal. Three major risk

factors have been known before this research: being a man, being older, and having previous
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illnesses. Also, the study adds a fourth risk factor: congenital genetic defects that can prevent
the immune system from fighting and removing the virus. This type of problem seems to be
much more common in men than in women.
Moreover it seems that patients with COVID-19 might have a low or delayed IFN response,
which may lead to a high citokines release, ending up with a hiperinflammatory state. [18]
There is still little knowledge about the role of the IFN pathway in adult patients with
COVID-19, even if it is under suspicion of being determinant for the severity of the disease,

but in children there is a complete ignorance about its function in SARS-CoV-2.

2.2 Current research

As we have seen before, a few children develop severe cases of COVID-19, so the first issue is
the lack of information.

Most of the papers reviewed perform descriptive statistics and inference of the data, but no
advanced analytic techniques are being applied.

Many of the studies use data collected during the first epidemiological wave of COVID-19.
It is necessary to extend the analysis with larger samples including patients of the second wave,
to ensure that there are no selection or other kind of biases. It s also important know if the
disease is changing it “s behavior between waves.

In this study we will try to provide new knowledge on the following topics:

e Try to confirm risk factors in children with new data. Are comorbidities like chronic lung

disease, cardiovascular disease, and immune suppression risk factors?
e Are risk factors for severe COVID-19 in children the same as per adults?

e Are there any risk factors for Intensive Care Unit admission at the moment of hospital-

ization in children?

e Are there any differences in cytokines generated by type I IFNs between age groups?

2.3 Methods

Algorithms selection in a data science problem is one of the key points, so I'd like to discuss
this point in detail using Professor Bradley Efron’s ideas in a fantastic talk about Prediction,
Estimation, and Attribution. [19]

Two major families of algorithms are currently coexisting. First one, the traditional pre-

diction methods coming from Gauss—Galton tradition, wildly developed during the twentieth
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century, regression ideas were adapted to a variety of important statistical tasks: the predic-
tion of new cases, the estimation of regression surfaces, and the assignment of significance to
individual predictors. Second family, “pure prediction algorithms” (neural nets, deep learning,
boosting, support vector machines, random forests), that rise with the twenty-first century and
are able to operate at immense scales, with millions of data points and even more millions of

predictor variables.

Both families have advantages and disadvantages, also there are several differences of sci-
entific philosophy and goals. I'm going to highlight most important ones for the purpose of
this study. Traditional regression methods aim to extract underlying truth from noisy data:
perhaps not eternal truth but at least some takeaway message transcending current experi-
ence. Pure prediction algorithms are great in empirical prediction accuracy but due it s lack of

explainability and interpretability are not suitable for the purpose of discover scientific truth.

In this study we are going to analyze datasets with a small number of observations, with the
objective of understanding better risk factors in severe COVID-19 disease in children. Also we
want to find how cytokines induced by Inferferon behave in COVID-19 cases and if there is any
differences between severity and age groups. These problems are both classification problems,
first of them binary classification problem and the second one multiclass classification. For all
the above, traditional prediction methods will be used, specifically Logistic GAMs and decision

trees that we’re going to comment below.

2.3.1 Binary classification

Most common models for binary classification problems are regression models, but these tra-
ditional models often fail because in real life effects are not linear. So, we are going to use
generalized additive models (GAM), more flexible statistical methods that can identify and
characterize nonlinear regression effects. GAM has the interpretability advantages of GLMs
(generalized linear model) where the contribution of each independent variable to the predic-
tion is clearly encoded. However, it has substantially more flexibility because the relationships

between independent and dependent variable are not assumed to be linear.

The additive logistic regression model replaces each linear term by a more general functional

1(X)
1= p(X)

form

log( ):O‘+f1<X1)+'~-+fp(Xp)

where X is the dependent variable (i.e., what we are trying to predict), Xi,..., X, are the

predictor variables and each f; is an unespecified smooth function [20].
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2.3.2 Multiclass classification

For multiclass classification we are going to use tree-based methods, in particular we are going
to apply a popular method for regression and classification problems called CART. These
methods partition the feature space into a set of rectangles, and then fit a simple model in each
one. They are conceptually simple yet powerful. A key advantage of the recursive binary tree
representation is it interpretability. The feature space partition is fully described by a single
tree. This representation is extremely popular among medical scientists: the tree stratifies the
population into strata of high and low outcome, based on patient characteristics.

Our data consists of p inputs and a response, for each of N observations: that is (x;,y;)
fori =1,2,..., N with x; = (x;1, ..., z;p). The algorithm needs to automatically decide on the
splitting variables and split points, and what topology the tree should have. Suppose first that
we have a partition into M regions Ry, ..., Ry;, and we model the response as a constant ¢, in
each region:

M
f@)=> cnl(z € Ry)
m=1

There are different criteria for minimization the error of above function, for example, mis-
classification error, gini index, cross-entropy or deviance. Having found the best split, we
partition the data into the two resulting regions and repeat the splitting process on each of
the two regions. A large tree might overfit the data, while a small tree might not capture the
important structure. Tree size is a tuning parameter governing the model "s complexity, and

the optimal tree size should be adaptively chosen from the data [20].



Chapter 3
Hospitalization risk factors in children

Main objective of this chapter is to find risk clinical factors in children COVID-19 hospitalization
and analyze if are the same as per adults. We are going to work with two databases, one large
from Mexican government and other small from San Joan De Deu Hospital in Barcelona and

try to apply results from Mexican data to Barcelona’s one.

3.1 Data

3.1.1 Mexican National Epidemiological Surveillance database

We have seen that the disease is less frequent in children so is hard to find large COVID-19
children databases. The largest database regarding COVID with enough detail and clinical
data we have found is from Mexican National Epidemiological Surveillance System [21]. In this
database we can find daily updates in COVID suspicious cases in the whole country. Data has
been taken on 15th November, at the time there were 656782 cases, 201737 have tested positive
for SARS-CoV-2. In table 3.1 is the distribution of cases by age (pediatric/adult), if they have

required hospitalization and admission to ICU.

Age H Hospitalized ‘ 1CU ‘ Count ‘ Percent

ADULT NO NO | 160871 | 79.742933
ADULT YES NO | 30805 | 15.269881
ADULT YES YES | 2858 | 1.416696

PEDIATRIC NO NO | 6695 | 3.318677
PEDIATRIC YES NO 394 | 0.195304
PEDIATRIC YES YES 114 | 0.056509

Table 3.1: Mezican database cases distribution.
The dataset contains 92 variables, on the symptoms of patients, the hospital in which

13



14 Hospitalization risk factors in children

they have been treated, the origin and the clinical characteristics. As our objective is to
study clinical risks factors, we are going to work only with 10 features: Gender, Chronic
kidney disease, Diabetes, Hypertension, COPD, Obesity, Age, Coronary heart disease,
Immunosuppression, Other condition. Most of these variables are known risk factors in adults
for severe COVID-19. We will work with this data to find risk factors in children and analyse
the differences with adults.

3.1.2 Sant Joan De Deu Hospital hospitalization data

To try to validate the model that we are going to train with the public database of the Mexican
government we have a small dataset collected in San Joan de Deu Hospital during the first
wave of the pandemic. In SJD dataset there are 27 children (<= 15 years), all of them tested
positive for COVID-19, 11 of them have been hospitalized and 15 didn "t required hospitaliza-
tion. Regarding variables the database is extracted from the clinical records of the patients so
there many variables about other diseases, medications, hospitalizations, physical characteris-
tics... As we want to use this data for validate the model, we will only use the same 10 clinical

characteristics we are going to use for training it detailed previously.

3.2 Analysis

With the data we have just presented first we will analyse if the risk factors of adult hospital-
ization match those described in the literature, just to be sure that this data is aligned with
currently knowledge. Secondly, let’s see if the risk factors in children are the same as in adults.
Finally, to validate the model trained with Mexican National Epidemiological Surveillance

database we are going to use data collected in Sant Joan de Déu Hospital in Barcelona.

3.2.1 Risk factors for hospitalization COVID-19 in adults

Risk factors for severe COVID-19 disease are well known in adults. We have seen in all countries
worldwide older age along with male gender are the main risk factors, being old mans the group
with high risk of severity and death. Since March 2020 in China [22] it has been found that
severity risk is increased with comorbidities such as hypertension, type II diabetes, coronary
heart disease, active cancer, chronic kidney disease, obesity and COPD. [6]

As we are going to work with Mexican government database, first of all we are going to
check if the database agrees with the evidence we know of literature. Let s check if risk factors

in adults for hospitalization are the same as those described in literature that generate severity.
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The target variable is whether a positive COVID-19 case will be hospitalized or not due the
disease, and the features are several clinical characteristics. As we detailed before we are going
to work with Gender, C'hronic kidney disease, Diabetes, Hypertension, COPD, Obesity,
Age, Coronary heart disease, Immunosuppression, Other condition. Only age is a contin-
uous variable, all the others are binary (0 means not having the comorbidity and 1 have it),
in gender 0 means woman and 1 man. We are going to analyze the correlation between the
features, then we will apply a GAM model to the data to find which variables are important
to explain hospitalization due COVID in adults, and finally interpret the results with partial
dependency plots.

CORRELATION ANALYSIS

First of all we are going to analyze the correlation between all features. Correlation coeffi-
cients are used to measure how strong a relationship is between two variables, here are several
types of correlation coefficient we are going to use Pearson’s correlation, the most popular one.

To show the correlation between all features we will use the correlation matrix, a type of
visualization that allows us to see in the same plot all correlation coefficients. Correlation
coefficients are between —1 and 1. The extreme values —1 and 1 indicate a perfectly linear
relationship where a change in one variable is accompanied by a perfectly consistent change in
the other. A coefficient of zero represents no linear relationship. When the value is in-between
0 and +1/—1, there is a relationship, as the coefficient approaches —1 or 1, the strength of the
relationship increases. Positive values indicate that if when the value of one variable increases,
the value of the other variable also tends to increase. For negative values when a variable
increases the other decrease.

In figure 3.1 we can find the correlation matrix between all the features. As we want to
know how comorbidities affect the risk of hospitalization, we focus in the first row. Some of
the features as age, gender, diabetes or hypertension have strength correlation with the target
feature but as correlation does not imply causation we need to apply other techniques or models

to find if this correlation is significant.
GENERALIZED ADDITIVE MODELS (GAM)

We are going to use in this chapter generalized additive models (GAM), GAMs have been
introduced in Chapter 2. The response variable is hospitalization in COVID positive cases. The
features are the clinical characteristics we have detailed previously. In GAMs models we can
define different types of functions for each feature because the model will fit a different function

for each of the features, and the functions could be not lineal, this is the main difference with
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Figure 3.1: Correlation matrix for
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lineal models. For the continuous variable (age) we are going to use a Spline. A Spline is defined

by a set of control points and a set of basic functions that interpolate (fit) the function between

these points. A spline of degree k is a piecewise polynomial that is continuously differentiable

k — 1 times. By choosing to have no smoothing factor we force the final spline to pass through

all the points. If, on the other hand, we set a smoothing factor, our function is more of an

approximation with the control points as ”guidance”. In following models K is called rank, and

the smoothing factor, lambda. For the binary variables we will select a step function, it will

take a value in 0 and another value in 1.

We train the model with all the features and the model will decide which of them are

significant to explain the target. In figure 3.2 is the summary of the model.

It outputs a 73% of accuracy, is not great but is fair enough. Model also show, in p-value

column, that all risk factors that are well documented in the literature for explaining severe
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Accuracy: @.727815572918214

LogisticGAM

Distribution: BinomialDist Effective DoF: 33.4146

Link Function: Logitlink Log Likelihood: -36853.9953

Number of Samples: 67322 AIC: 73774.8199
AICc: 73774.8562
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Scale: 1.9
Pseudo R-Squared: 8.2182
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Figure 3.2: Logistic GAM model summary for adults risks factors in severe COVID-19.

COVID-19 cases are significant, except Coronary heart disease. The summary of the model
also provide us some more statistical information as pseudo R-squared, AIC, AICc and log-
likelihood, this are measures to compere models between them, these values have been used to

find the best parametrization.
PARTIAL DEPENDENCY PLOTS

To graphically analyze the resulting model, we are going to use partial dependency plots.
These plots are extremely useful because they are highly interpretable and easy to understand.
The partial dependence plot shows the marginal effect one or two features have on the pre-
dicted outcome of a machine learning model. A partial dependence plot can show whether
the relationship between the target and a feature is linear, monotonic or more complex [23].
The y-axis of a partial dependence plot for regression represents the marginal impact of the
independent variable to the dependent variable. If the line is at 0, then for that value of the
independent variable, there is 0 impact to the dependent variable. For binary features the plot
is a stpe function, for all of them we see that 0 value is lower than 1, this means that having
any of these comorbidities affect positively in the risk of being hospitalized.For positive values
there is positive impact in the target feature and viceversa for negative values. In our case each
of the plots are showing how the risk of being hospitalized due COVID-19 changes depending
on the comorbidities, the gender and age.

Analyzing dependency plots 3.3 and 3.4 we can tell that there is a very strong relationship
between all features, except Coronary heart disease, and the response variable. Reader may

find surprising that at the most advanced ages (over 90) the risk of hospitalization appears to
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decrease, is because there are far fewer observations in that age group.
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Figure 3.3: Partial dependence plots for adults risks factors in severe COVID-19 I.
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Figure 3.4: Partial dependence plots for adults risks factors in severe COVID-19 II.

With this first outcomes we can conclude that the database that we are using is appropriate:

it “s behavior is as expected with the available evidence.

3.2.2 Risk factors for hospitalization COVID-19 in children

Once we know that the database we are using, behaves as expected from what is known about
COVID19 in adults. Now we are going to repeat previous analysis but in children population.

We filter the database for children with 15 years or less and with the same analysis as before
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we are going to check if risk factors for hospitalization in children are the same as per adults.
There are 7203 children in the database that have been tested positive for COVID-19, 3435 are

girls and 3768 boys. In table 3.2 are the distribution for all clinical variables that we are using.

Grouped by Hospitalization

Overall 0 1 P-Value
n 7203 6695 508
Gender, n (%) 0 3435 (47.7) 3216 (48.0) 219 (43.1) 0.036
1 3768 (52.3) 3479 (52.0) 289 (56.9)
Age, 1 (%) 0 386 (5.4) 233 (35) 153 (30.1) < 0.001
1 282(39) 237 (3.5) 45 (8.9)
10 490 (6.8) 469 (7.0) 21 (4.1)
11 523 (7.3) 505 (7.5) 18 (3.5)
12 607 (8.4) 584 (8.7) 23 (4.5)
13 759 (10.5) 727 (10.9) 32 (6.3)
14 793 (11.0) 768 (11.5) 25 (4.9)
15 929 (12.9) 904 (13.5) 25 (4.9)
2 226(3.1) 200 (3.0) 26 (5.1)
3226 (3.1) 197 (2.9) 29 (5.7)
4 252(35) 227 (34) 25 (4.9)
5 262 (3.6) 236 (35) 26 (5.1)
6 327 (45) 315 (47) 12 (2.4)
70338 (47) 316 (47) 22 (4.3)
8 378 (5.2) 362 (54) 16 (3.1)
9 425 (5.9) 415 (6.2) 10 (2.0)
Diabetes, n (%) 0 7167 (99.5) 6666 (99.6) 501 (98.6) 0.012
1 36(0.5) 29 (0.4) 7 (1.4)
COPD, n (%) 0 7197 (99.9) 6690 (99.9) 507 (99.8) 0.355
1 6(0.1) 5(0.1) 1(0.2)
Asma, n (%) 0 6991 (97.1) 6488 (96.9) 503 (99.0) 0.010
1 212(29) 207 (3.1) 5 (L0)
Immunosuppression, n (%) 0 7072 (98.2) 6656 (99.4) 416 (81.9) < 0.001
1 131 (L8) 39 (0.6) 92 (18.1)
Hypertension, n (%) 0 7169 (99.5) 6669 (99.6) 500 (98.4) 0.002
1 34(05)  26(04)  8(16)
Other condition, n (%) 0 7050 (97.9) 6619 (98.9) 431 (84.8) < 0.001
1 153 (21)  76(L1) 77 (15.2)
Coronary heart disease, n (%) 0 7146 (99.2) 6662 (99.5) 484 (95.3) < 0.001
1 57(08)  33(0.5) 24 (47)
Obesity, n (%) 0 6960 (96.6) 6476 (96.7) 484 (95.3) 0.105
1 243 (34) 219 (33) 24 (4.7)
Chronic kidney disease, n (%) 0 7172 (99.6) 6673 (99.7) 499 (98.2) < 0.001
1 31(04)  22(03)  9(18)

Table 3.2: Mexican database children clinical variables.

CORRELATION ANALYSIS

Analyzing the first row of the correlation matrix 3.5, this is, the correlation of the features
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with the target variable, we can see that many of them are very little correlated, age is corre-
lated but negatively. Only inmunosupression seam to be strongly correlated with COVID-19

hospitalization in children.
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Figure 3.5: Correlation matrix for children risks factors features in severe COVID-19.

GENERALIZED ADDITIVE MODELS (GAM)

As we have done in previous section, we are going to apply Logistic GAM model to children
data, to find which variables can explain hospitalization and how. We are going to use the
same features as before with the objective of compare if the behavior is the same as in adults.
The model is the same that we have applied before for adults but for children. In figure 3.6 is
the summary of the model.

It outputs nearly a 78% of accuracy. But now we can observe, looking at p-value column,

that many of the features are not significant. This is, they is not a strong relationship between
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Accuracy: @.7706692913385826
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Figure 3.6: Logistic GAM model summary for children risks factors in severe COVID-19 .

all features and the response variable.

PARTIAL DEPENDENCY PLOTS

Let s analyze features importance in partial dependency plots 3.7 and 3.8
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Figure 3.7: Partial dependence plots for children risks factors in severe COVID-19 1.

Partial dependence plots are very different from those of the previous section. Red lines are
the confidence interval that now is very large for many features, this means that ones are not

significant.
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Figure 3.8: Partial dependence plots for children risks factors in severe COVID-19 II.

In adults we have seen that all features except coronary heart disease are significant to
explain hospitalization in COVID-19 cases. However in children only age, inmmunosupresion,
coronary heart disease, and having another comorbidity are significant. Age have and inverse
relation with hospitalization in children: newborn children have more risk in developing a severe

case of COVID-19.

3.2.3 Model validation with Sant Joan de Deu hospitalization data

The objective of this section is to check if model built in previous section can be used in children
hospitalization data of San Joan de Deu Hospital. This is, we are going to use SJD data as
test data set.

If we apply previous model to SJD Hospital data it outputs a 66% accuracy with Table 3.3

confusion matrix.

n =27 Predicted NO | Predicted YES

Real No 9 5
Real YES 3 7

Table 3.3: Confusion Matriz.

Is not a great accuracy but considering testing dataset is completely different from training
one we can say that the model seems to have the ability to adapt fair enough to new, previously
unseen, data. As disclaimer, we only have 27 observations of children with COVID in SJD
Hospital data, with so few records is not possible to extract significant conclusions regarding

the generalization of the model, the model should be tested with more data of SJD hospital or
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from other hospitals just to be sure that the model generalizes, and there are not biases in the

data we have used.

3.3 Discussion

Although is well known that children, in general, develop milder COVID-19 disease, some
of them required hospitalization due severe outcomes. We have used the Mexican National
Epidemiological Surveillance database, with n = 7203 children tested positive for COVID-
19, 7,05% (n = 508) required hospitalization and 1,58% (n = 114) admission to ICU. We
have analysed risk factors for severe COVID-19 in children, considering severe cases those who
require hospitalization, and compare them with adult’s risk factors. Prior to this study, no
other research has been performed focus on hospitalization risk factors for pediatric COVID-19

patients, with such a large samples, and with data from March to November.

3.3.1 Contributions

Let us list the most important contributions that we will discuss in more detail below.

e Risk factors for severe COVID-19 are different in children than in adults.

e Age (from 0 to 2 years old), coronary heart disease, immunosuppression and having

another comorbidity are the most significant risks factors for hospitalization in children.

e There are not significative differences in developing severe COVID-19 between genders in
children.

Children hospitalized due to COVID-19, like adults, have a high incidence of comorbid con-
ditions: 38% (n = 194) have at least one comorbidity. We have found important differences
in risk factors between adults and children. In children age, coronary heart disease, im-
munosuppression and having another comorbidity (other than chronic kidney disease,
diabetes, hypertension, COPD, obesity, coronary heart disease or immunosuppression) are the
most significant risks factors for hospitalization (p-value < 0.001). Is important to note
that age has an inverse relation with hospitalization in children: youngest children (from
0 to 2 years old) have more risk in developing a severe case of COVID-19. Also,
chronic kidney disease is significant, but with a higher p-value (p-value < 0.01). However, other
comorbidities like diabetes, hypertension, COPD or obesity that are risk factors in adults are
not in children. It is also important to emphasize that there are not significative differences

in developing severe COVID-19 between genders in children. This comes to confirm that risk
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factors in adults are comorbid conditions often considered acquired or probably related with
unhealthy lifestyle but in children are congenital conditions, including developmental delay and

genetic anomalies, already hypothesized in [24].

As the disease develops mildly in children, most studies have been focused, logically, on
analyzing the disease in adults. In addition, with fewer cases in children and milder, there are
not many large databases to work with. This part of the study has tried to fill in this gap with
the analysis of a large database of children, since knowing the risk factors in the aggravation
of COVID-19 in children seems important to us. First, it is still unknown which long-term
sequelae severe COVID-19 could have in children, so understanding better the risk factors in
the aggravation could help to protect them better. Second, several western countries will start
the vaccination campaign against coronavirus soon, so this information can help to establish

priority groups.

3.3.2 Future research

There are a few COVID-19 severe cases in children, that develop a multisystem inflammatory
syndrome and require admission to ICU, even in a very few cases with a fatal result. We have
tried to find risk factors for these cases, but due to the lack of data we have not found relevant
variables. More research in these severe cases should be done to understand why some children

develop this syndrome.



Chapter 4

Interferon signature and cytokine

resporise

As we have discussed in section 2.1.5, there is still little knowledge about the role of the IFN
pathway in adults with COVID-19, but in children there is a complete ignorance.

The main objectives of this chapter are:

e Analyse the interferon signature in children infected with SARS-CoV-2 and its differences

between severity groups.

e Compare interferon signature and cytokine responses in children with the ones from
adults.

4.1 Data

Data we are going to use for this part of the project has been collected in Sant Joan de Déu
Hospital in Barcelona. Data have been classified into different groups depending on the severity

of the disease and split between children and adults. These are the different cohorts:
e Children (< 18 years):

— Asymptomatic

Mild symptoms: cough, fever, odynophagia, gastrointestinal symptoms

— Moderate symptoms: respiratory distress needing oxygen or high flow nasal cannula

or other symptoms which required admission to the hospital

— Severe symptoms: MIS-C, admitted to the Paediatric Intensive Care Unit (PICU)

25
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o Adults:

— Asymptomatic: healthy controls

— Mild symptoms: pregnant or puerperal women with cough, fever, odynophagia,

gastrointestinal symptoms

— Severe symptoms: ARDS, admitted to the ICU

Apart of age based and clinical cohorts, the dataset have 32 variables, measuring the expres-
sion of the genes that characterize interferon signature in above cohorts. There are 66 patients
with SARS-CoV-2, positive by a PCR test. In table 4.1 we can find the number of observations
we have in the dataset by cohort and children/adults.

Age H Clinical ‘ Count ‘ Percent
ADULT | Control | 12 | 18.18%
ADULT Severe 10 15.15%
ADULT Moderate 1 1.52%
ADULT Mild 7 10.61%
ADULT Asymptomatic 8 12.12%
PEDIATRIC Severe 4 6.06%
PEDIATRIC Moderate 5 7.58%
PEDIATRIC Mild 9 13.64%
PEDIATRIC | Asymptomatic 10 15.15%

Table 4.1: SJD Hospital cohorts distribution.

In table 4.2 there is a summary of all variables available grouped by age and the cohorts

depending on the severity of the disease.
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4.2 Analysis of cytokines response between mild and se-

vere symptoms in children

Dataset provided and collected by medical team of SJD Hospital has, apart of the age and
the cohorts, 32 variables as detailed in Table 4.2, all these variables are cytokines scored with
the z-score over healthy controls. Our first objective is to understand they behavior through a
correlation matrix. Then we will select the most significant ones to analyze the differences in
cytokine response between mild and severe symptoms in children. Since we don’t have many
observations, we will group severe and moderate in one category and mild and asymptomatic

in another. The goal is to find differences in the immune response between these two groups.

4.2.1 Correlation analysis

The analysis of correlation in Figure 4.1 is very interesting. The dark red indicate correlations
nearly to 1, this is, the variables have a behaviour similar between them. We can see roughly
only dark red squares; this means that almost all variables behaves remarkably similar. To
create descriptive or predictive models we should select features not very correlated, because
if the are correlated the model will be more complex and no more information will be added.
Having this correlation matrix we can select the feature that better explain the target variable

and some of the variables not in dark red if they are important to explain the target.

4.2.2 Feature selection

Feature selection or feature importance techniques are one of the key concepts in all data sci-
ence projects. Feature Selection is the process for select those features which contribute most to
target variable. These techniques allow us to reduce overfitting, improve accuracy and reduce
training time because having redundant or irrelevant data as input of our model increase the
probability of making decision based on noise. Feature importance scores can be calculated
for problems that involve predicting a numerical value, called regression, and those problems
that involve predicting a class label, called classification. Our case is a classification problem,
we want to classify children in severity cohorts by its biomarkers. As we are going to use a
decision tree model, we will use CART Decision Tree Classifier implemented in python scikit-
learn library. Feature importance is calculated as the decrease in node impurity weighted by
the probability of reaching that node. The node probability can be calculated by the number

of samples that reach the node, divided by the total number of samples.

By applying this method of feature selection, we get the two cytokines most important to
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Figure 4.1

Correlation matrix for cytokines.

explain the differences between severe and mild cases are SOCS1 and CITTA. As we have seen
in section 4.2.1 SOCS1 behaves like the other cytokines, only CIITA have a negative correlation
and a different behavior. In figure 4.2.2 box plots for these two features and the study groups.

In this box plots we observe that apparently low levels of CITTA are related with severe
cases of COVID-19, however SOCS1 behaves the other way round, higher levels seem to be
related with severe cases. If we change SOCS1 by any of the other cytokines the plot will look
very similar due the high correlation between them.
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Figure 4.2: Box plot for CIITA Figure 4.3: Box plot for SOCS1

4.2.3 Differences in cytokines response between mild and severe

symptoms

Now, we are going to apply a decision tree method, these methods have been introduced in
section 2.3.2. The objective is to classify using both features selected previously (CITTA and
SOCS1) severe and mild cases. One of the key advantages of decision trees is that they have a
natural visualization. In 4.4 our resultant tree classifies properly 27 from the 28 observations,
this is a 96% of accuracy. As we have only 28 observations, to avoid as much as possible
overfitting, the maximum depth of the tree has been set to 2, also he minimum number of

samples required to be at a leaf node has also fixed to 3 and only two features have been used.

The interpretation of the tree is very simple: if CITTA is between —2.375 and —1.205 or
CIITA is greater than —1.205 and SOC1 greater than 0.45 child with COVID is classified as
severe. In other case child will be classified as mild. We are going to plot this decision tree
in a bidimensional figure 4.5 to clarify it more. We can see that all severe and moderate cases
are inside the red region that define the tree. This confirms what we have seen previously: low
levels of CIITA and high levels of SOCS1 seem to be indicators of severity. Is also important
to note that asymptomatic children seam to have high levels of CIITA, this can indicate that

can provide some kind of protection against the virus.
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Figure 4.4: Decision tree for classification severe COVID-19 in children

CHILDREN
o @ Pediatric Asymptomatic
@ Pediatric Mild
2 L © Pediatric Moderate
® Pediatric Severe
[ ]
1 L]
e o0
[ ]
E 0 L
(@] [
oo o
[ ]
-1 s .
[ 2 [ ]
> i L J -
° L °
=5 0 5 10 15 20
S0CS1

Figure 4.5: Decision tree space partition for classification severe COVID-19 in children

4.3 Compare cytokines responses between adults and

children

In Figure 4.6 is the same partition of the space for adult population of the dataset. For adults
we can see that the behavior is very different. In the red region defined by the tree for severe
cases in children we can’t find the severe adult cases. So we can conclude that the behavior
in adults for this to cytokines is different than in children. Also important to note that CIITA

values are lower in adults than in children.
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Figure 4.6: Decision tree space partition using previous classification in adults.

4.4 Discussion

There is still little knowledge about the role of the IFN pathway in children with COVID-19, in
this chapter we analyzed interferon signature in children. We have used a database collected in
Hospital San Joan de Deu with n = 66 observations, n.yiaren = 28 are pediatric patients with
COVID-19, neguits = 26 and neoniror = 12 cases. For all the observations we have 32 features

regarding interferon signature, measured by z-score over healthy controls.

4.4.1 Contributions

Let us list the most important contributions that we will discuss in more detail below.

e All genes that describe interferon signature are very correlated between them.

e CIITA and SOCSI genes are the most relevant to explain COVID-19 severity in children.
These variables have an inverse relation. We can use them to classify cases and predict

aggravation. These behavior is different in adults.

e Children seem to have higher levels of CIITA than adults, these high levels are related

with mild and asymptomatic cases, so CIITA could protect us from virus entrance.

First, we have found that all interferon-stimulated genes that define interferon signature are

very correlated between them. This is, when a patient has high levels of an indicator the others
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are also high and vice versa. SOCS1 (suppressor of cytokine signaling 1) is the most important
feature for explain severity. CIITA (major histocompatibility complex class II transactivator)
gene, that is not part of interferon signature, has an inverse correlation with interferon signature
variables.

So, using a decision tree with SOCS1 and CIITA, we have found that high values of SOCS1
and low levels of CITTA is an indicator of severe cases of COVID-19. This inverse correlation
between SCOS1 and CIITA is a known way of control inflammation described for other dis-

eases as multiple sclerosis [25]. Both indicators could be used together to predict severe cases

of COVID-19 in children.

Secondly, CIITA and SOCS1 behavior in adults is different than in children. High values of
SOCS1 and low levels of CITTA don’t explain infection severity in adults as well as they do

for children.

Finally, we have found that CIITA levels are statistically significant different (p — value
0.009) between ages: children have higher levels of CIITA than adults. It’s not actually really
clear if CIITA levels decrease with age, but there is a meta-study that goes in that direction
[26]. We have found remarkably interesting that children with higher levels of CIITA coincide
with mild and asymptomatic cases and that these levels are higher than in adults. CIITA
could explain less frequency and less severity observed in children. This result comes to
confirm what has been hypothesized in [27], where authors have found that in
in-vitro Ebola virus CIITA prevents viral fusion and entry, and they hypothesized
that this behavior could be the same for coronavirus. This results could also open a
new research path in treatments against COVID-19, as highlined in [27]: therapeutic strategies
aimed to increase CIITA may be particularly suitable to reduce brain damage and to prevent

long-term neurological symptoms observed in COVID-19.

4.4.2 Future research

Fortunately, as we discussed throughout the project, few children develop severe cases of
COVID-19, so we have worked with a small number of observations. The results obtained
in this study should be confirmed with other studies with more samples. Regarding therapeu-
tic strategies to increase artificially CIITA levels to try to prevent virus entrance, a lot of work
should be done, and side effects should be studied.

We have also seen that children with MIS-C seem to have high levels of cytokines response,

probably higher than in adults, but as we only have 3 samples in our database the outcomes
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are not significative.
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Appendix A

Code

Code for this whole project have been written in python. For commodity I have used Jupyter
notebooks. These notebooks, one for risk factors (Chapter 3) and another one for interferon

signature analysis (Chapter 4) can be found in my GitHub:

https://github.com/guille-arguello/covid-children-tfm
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