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Abstract
Recent medical research suggested that antidepressants, particularly Selec-
tive Serotonin Reuptake Inhibitors (SSRIs), might potentially exhibit antiviral
properties against COVID-19. The opinions about repurposing antidepressants
as a form of COVID-19 treatment vary markedly among scientific and medical
professionals, especially when one considers the wide range of side e�ects that
antidepressants may induce. The aim of this thesis is to examine the e�ect of
SSRIs on the severity of COVID-19. Our analysis will specifically target the
individuals who use antidepressants actively and regularly, i.e., those who were
not prescribed SSRIs intentionally due to COVID-19. To evaluate the impact
of SSRIs, we will perform logistic regression and utilize the zero-inflated neg-
ative binomial model. The results reveal a significant association between the
use of SSRIs and increased probability of both hospitalisation and death due to
COVID-19. The e�ect is rather small, however, we find the e�ect is statistically
significant. Additionally, our analysis discovered no significant evidence that
SSRIs a�ect the length of hospital stay. Our results thereby do not support the
hypothesis that SSRIs provide protective e�ects against COVID-19 or function
as a form of long-term preventive antiviral pharmaceuticals.

Keywords antidepressants, COVID-19, SSRIs, hospitalisa-
tion, death of COVID-19
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Abstrakt
V pr�b�hu pandemie COVID-19 vznikly na základ� odborn˝ch v�deck˝ch pub-
likací hypotézy, které nazna�ují, ûe by antidepresiva, zejména pak selektivní
inhibitory zp�tného vychytávání serotoninu (SSRI), mohli vykazovat antivi-
rové ú�inky. Názory na pouûití antidepresiv jako jednu z moûn˝ch forem lé�by
COVID-19 se mezi v�deck˝mi a léka�sk˝mi profesionály v˝razn� liöí. Diverzita
názor� je dále podn�cována �ast˝m v˝skytem vedlejöích ú�ink� spojen˝ch s
uûíváním antidepresiv. Cílem této práce je zanalyzovat vliv SSRI na závaûnost
COVID-19. Naöe anal˝za se konkrétn� zam��í na jedince, kte�í antidepre-
siva uûívají aktivn� a pravideln�. K posouzení efektu antidepresiv vyuûíváme
ekonometrické metody, konkrétn� logistickou regresi a zero-inflated negative
binomial model. V˝sledky anal˝zy ukazují, ûe SSRI antidepresiva signifikantn�
zvyöují pravd�podobnost úmrtí i hospitalizace v d�sledku COVID-19. Tento
efekt je statisticky v˝znamn ,̋ avöak jeho velikost je relativn� malá. Anal˝za
dále nazna�uje, ûe vliv SSRI na o�ekávan˝ po�et dn� stráven˝ch v nemocnici je
statisticky nev˝znamn .̋ Naöe v˝sledky tedy neprokazují, ûe by antidepresiva
m�la z dlouhodobého hlediska ochranné u�inky proti COVID-19.

Klí�ová slova antidepresiva, SSRI, COVID-19, hospital-
izace, úmrtí

Název práce Vliv SSRI na závaûnost Covidu-19
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Chapter 1

Introduction

The COVID-19 pandemic was labeled as one of the most devastating pandemics
of all times, causing more than 7 million o�cially reported deaths worldwide
(Giménez-Llort et al., 2022; WHO, 2021b). The pandemic posed a threat to
both the economic and health states of the population. The primary global
objective shifted towards rapidly combating the pandemic and consequently
mitigating costs to society as much as possible. In the early stages of the
pandemic, prior to the vaccine development, there was a need for a temporary
remedy that could have protected the most vulnerable groups of individuals.
A wide range of pharmaceutical interventions has been proposed, including
antiviral drugs (Beigel et al., 2020; Keshta et al., 2021). Additionally, there have
been suggestions for unconventional candidates like antidepressants (Nakhaee
et al., 2022).

Antidepressants represent an e�ective pharmacological treatment for one of
the most prevalent mental disorders, i.e., the major depressive disorder (WHO,
2022a). The most frequently prescribed types of antidepressants are called
Selective Serotonin Reuptake Inhibitors (SSRIs) (Gautam et al., 2017). Due
to their specific mechanisms, SSRIs were suggested to prevent COVID-19 from
progressing into a more severe form of the disease. From an economic point of
view, antidepressants represented a very convenient way for treatment owing to
their a�ordability and wide accessibility (Sukhatme et al., 2021). Yet, the idea
of repurposing antidepressants as a form of the COVID-19 treatment remains
rather contentious, especially when one considers the wide range of side e�ects
that antidepressants may induce (Kelly et al., 2008).

Numerous studies have already been conducted to analyze the e�ect of
antidepressants on COVID-19, however, they yield no unified conclusion. Some
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researchers found a significant association between antidepressants and reduced
risk of severe COVID-19 (Hoertel et al., 2021; Fritz et al., 2022; Lenze et al.,
2020). On the other hand, others assert that the use of antidepressants either
increases the probability of a severe outcome (Stauning et al., 2023; Bliek-
Bueno et al., 2021) or shows no significant e�ect on such outcomes (Rauchman
et al., 2022). In the studies, individuals with severe form of COVID-19 are
predominantly identified as those requiring hospitalisation, emergency room
admission, supplemental oxygen, or who died of COVID-19 (Deng et al., 2023).
The diversity of opinions among scientists and medical professionals highlights
the need for continued research in this area.

The objective of this thesis is to examine the impact of SSRIs on the severity
of COVID-19. The severity will be represented either by the need for hospitali-
sation or the death due to COVID-19. We will specifically focus on individuals
who use the antidepressants actively and regularly. This includes those who
were not prescribed SSRIs intentionally due to COVID-19. By doing so, we aim
to analyze the long-term protective e�ects of antidepressants. The study sam-
ple consists of individuals who tested COVID-19 positive once during the early
stage of the pandemic (01/03/2020-27/12/2020). Logistic regression will be
implemented to estimate the probability of hospitalisation (or death) among
the individuals with a confirmed positive COVID-19 test. We will account
for potential confounding factors, such as chronic diseases of individuals, their
demographic characteristics or the specific waves of the pandemic. Numerous
models incorporating di�erent independent variables will be created to robustly
verify our results. Later, we will use the zero-inflated negative binomial model
to estimate the expected days patients spent in hospital during our study pe-
riod. The binary part of the model will serve as a form of sensitivity analysis
for the logistic regressions. Finally, we will recreate the models by replacing
SSRIs with the aggregated group of all the antidepressants, to examine their
e�ects irrespective of the specific pharmacological class.

The thesis is structured as follows: Chapter 2 will briefly introduce the
theoretical background to our topic. First, we will delve into the field of mental
health, including the use of antidepressants for addressing mental health issues.
Second, we will introduce the COVID-19 pandemic and the idea of repurposing
antidepressants as an antiviral treatment. In Chapter 3, we will interpret results
from existing studies that analyzed the e�ect of antidepressants on COVID-
19. At the end of the chapter, our hypothesis will be introduced. Chapter 4
will describe the datasets and variables used in our analysis. We will explain
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the process of how our raw medical data were reshaped to more appropriate
format. Later, we will describe the characteristics of the final sample. Chapter 5
comprises the description of econometric methods used to test our hypothesis.
Chapter 6 will present results stemming from our regressions. We will further
discuss the potential rationale behind the results.



Chapter 2

Theoretical background

The aim of this chapter is to introduce a theoretical context associated with
the topic of this thesis. Section 2.1 will briefly introduce the field of mental
health, including the use of antidepressants for addressing mental health issues.
Section 2.2 will present the background on the COVID-19 pandemic including
tools used for its treatment. Lastly, Section 2.3 will explain the plausible
rationale behind the antiviral mechanism of antidepressants.

2.1 Mental health and antidepressants
In the present dynamic world, the concept of mental health has evolved beyond
just the absence of mental illness (WHO, 2022b). It comprises the overall
comfort and prosperity of individuals. The World health organisation (WHO)
(2022b, para.1) defines mental health as

”a state of mental well-being that enables people to cope with
the stresses of life, realize their abilities, learn well and work well,
and contribute to their community.”

This definition highlights the obvious relationship between individual resilience
and societal functioning. Indeed, scientists suggest that mental health stands
as the principal factor in enhancing the productivity of individuals, thus em-
powering the society as a whole (de Oliveira et al., 2023). The total economic
costs associated with mental health problems are estimated to be more than
4% of GDP across the 28 EU countries (OECD & European Union, 2018). In
total, it sums up to approximately 600 billion EUR per year. The COVID-19
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pandemic certainly did not help to ease the situation, with new cases of anxiety
and depression1 increasing by 25% (Rathod et al., 2023).

Antidepressants represent an e�ective pharmacological treatment for one
of the most prevalent psychiatric diseases, major depressive disorder (WHO,
2022a). It is estimated that around 12.9% of adults worldwide live with de-
pression (Lim et al., 2018). The presence of depression is associated with high
rate of both mortality and morbidity as indicated by estimated loss of 28.9
years in quality-adjusted life expectancy (Jia et al., 2015). Besides serving as
the main medication for depression, the antidepressants are an e�ective tool in
managing the spectrum of mental health conditions. These include social pho-
bia, obsessive-compulsive disorder (OCD), panic disorder, post-traumatic stress
disorder or anxiety disorder (She�er et al., 2023). Fluoxetine, a representative
of antidepressant drugs, has also proven to be a helpful means in curing eating
disorders (Edino� et al., 2021).

Traditional theory states that people su�ering from depression face a lack of
certain monoamine neurotransmitters2 in the brain; specifically serotonin, nore-
pinephrine and dopamine (Cui et al., 2024). Antidepressants work on the basis
of increasing the level of these neurotransmitters (Cui et al., 2024). Antidepres-
sants can be divided into several groups, based on the processes through which
they a�ect neurotransmitters: Selective Serotonin Reuptake Inhibitors (SSRIs),
Serotonin-Norepinephrine Reuptake Inhibitors (SNRIs), Tricyclic Antidepres-
sants (TCAs), atypical antidepressants, etc. (She�er et al., 2023). Doctors
prescribing medication to treat major depressive disorder or anxiety tend to
first opt for novel SSRIs (Gautam et al., 2017). One of the reasons is their
potentially lower frequency of side e�ects while maintaining the similar e�cacy
to other antidepressants (Chae et al., 2004).

It is, however, widely acknowledged that no antidepressant is devoid of
side e�ects (Kelly et al., 2008). Ramic et al. (2020) conclude that side e�ects
occurred in up to 23% people taking antidepressants. The most common side
e�ects of SSRIs include fatigue, dizziness, nausea and vomiting, weight loss
or contrarily weight gain, headaches and sexual dysfunction (Braund et al.,
2021; Wang et al., 2018). SSRIs can bear even more dangerous adverse e�ects.
Warnings have been issued regarding the potential for suicidal thoughts and

1Anxiety and depression are the two most common mental health problems globally;
described in more detail below (WHO, 2022a).

2”Neurotransmitters are endogenous chemicals that allow neurons to communicate with
each other throughout the body. They enable the brain to provide a variety of functions,
through the process of chemical synaptic transmission” (She�er et al., 2023, para. 1).
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consequently increased risk of suicidality, especially for adults and adolescents
under 24 years (Edino� et al., 2021; Braund et al., 2021). Although SSRIs were
previously believed to be a safer option when considering heart function than
older antidepressant classes (TCAs, etc.), it has been recently suggested that
cardiovascular di�culties, indeed, occur in SSRI users as well (Wang et al.,
2018).

2.2 COVID-19 pandemic
The COVID-19 pandemic has had extensive social, health and economic con-
sequences for people worldwide. Immediately, the pandemic posed a threat to
both the physical and mental health of individuals. According to the WHO
(2021b), the total number of deaths associated with COVID-19 exceeded 3
million3 in 2020. In April 2024, this figure further surpassed 7 million glob-
ally, labeling COVID-19 pandemic as one of the most devastating pandemics of
all time (Giménez-Llort et al., 2022; World Health Organization, 2024). Even
though the most prevalent symptoms of COVID-19 were mild or moderate in
nature4, still a substantial part of those infected, around 10% to 15%, suf-
fered from severe illness5 (WHO, 2023). Reportedly, critical outcomes6 were
experienced by 5% of those infected (WHO, 2023).

The primary global objective shifted towards mitigating the pandemic as
quickly as possible. Vaccination was generally regarded as the most e�cient
way to accomplish this objective (Valizadeh et al., 2023). It is broadly ac-
knowledged that the process of pharmaceutical development for a vaccine takes
a substantial amount of time, often a decade or more (Wouters et al., 2021).
This is why scientists sought temporary solutions that could have positively
impacted the severity of COVID-19 for those at the highest risk. Even though
the exceptional circumstances of the pandemic accelerated vaccine development
to less than 12 months, there still remained a period without an adequate pro-
tection against COVID-19 (WHO, 2020). Moreover, it was unclear whether
the vaccine would be e�ective against evolving viral strains (El-Shabasy et al.,
2022). Thus, alternative strategies to the vaccine were ardently welcomed.

3The estimates include predictions of cases not o�cially reported.
4The most common mild or moderate symptoms comprise fever, cough, fatigue, shortness

of breath, etc. (WHO, 2023).
5Severe outcome was defined as pneumonia with the need for oxygen therapy.
6Critical outcome was defined as COVID-19 accompanied by the conditions such as

respiratory failure, septic shock, thromboembolism or organ failure.
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Antiviral drugs, such as remdesivir or favipiravir, were the first choice for
examination as a potential treatment. Remdesivir is a drug that possess antivi-
ral activity against many viruses, including coronavirus SARS-CoV-1 (Beigel
et al., 2020). Given that COVID-19 is caused by a genetically similar virus
SARS-CoV-2, remdesivir was a target of many scientists (Beigel et al., 2020;
Keshta et al., 2021). Indeed, Beigel et al. (2020) identified remdesivir as a
potentionally e�ective choice for the rapid improvement and recovery of the
hospitalised patients with COVID-19. Despite remdesivir eventually becoming
licensed for the related use of COVID-19, Whittington et al. (2022) claim that
remdesivir�s exceptionally high price outweighed its e�cacy. For instance, the
manufacturer Gilead arranged the price for 5 days of therapy at 2 340 USD
(Dal-Ré et al., 2021).

It has been suggested that some SSRIs may exhibit antiviral properties and
can potentially reduce the risk of severe COVID-19. This idea represented a
rather unexpected, however, fairly convenient treatment approach since antide-
pressants are a�ordable and widely accessible drugs (Sukhatme et al., 2021).

2.3 Mechanism of action of SSRIs
There are a myriad hypotheses available explaining how SSRIs work against
COVID-19. One theory builds on the fact that SSRIs act as sigma-1 recep-
tor agonists7. The sigma-1 receptor is a protein placed in the endoplasmic
reticulum (ER), which can be coordinated by sigma-1 agonists and antagonists
(Facente et al., 2021; Hashimoto, 2021). Thanks to its chaperone activity8,
a sigma-1 receptor manages protein folding and ER stress responses9 (Vela,
2020).

Sars-CoV-2 virus replication is closely linked to the ER (Vela, 2020). As a
response to the SARS-CoV-2 infection, the body naturally produces cytokines
(Costela-Ruiz et al., 2020). However, in some cases, Sars-CoV-2 induces ex-
cessive cytokine release and ER stress (Facente et al., 2021). In this situation,
the immune system becomes overwhelmed, which may result in deterioration
of the health status of the patient (Hashimoto, 2021). When SSRIs attach to a

7Agonist is ”a drug or other chemical agent that binds to a particular receptor and
produces a physiological e�ect” (American Psychological Association, 2018, para. 1).

8”Chaperones are a functionally related group of proteins assisting protein folding in the
cell under physiological and stress conditions”(Beissinger & Buchner, 1998, Abstract).

9ER stress arises when ER is unable to adequately cope with the excessive workload of
protein folding (Lin et al., 2008).
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sigma-1 receptor, their agonist property triggers the chaperone activity of the
sigma-1 receptor, which can help to modulate the ER stress (Vela, 2020).

Alternative theories, for the use of antidepressants as an e�ective treatment
for COVID-19, rest on the properties of a class of drugs called Functional In-
hibitors of Acid Sphingomyelinase (FIASMAs). FIASMAs are proposed to be able
to impair viruses like SARS-CoV-2 from invading cells (Wang et al., 2023). Cer-
tain antidepressants, including those from both SSRI and non-SSRI categories
(TCAs, etc.), are classified as FIASMAs. Therefore, researchers posit that non-
SSRI antidepressants might be associated with lower risk of severe COVID-19
as well (Wang et al., 2023). On the other hand, opposite perspectives regarding
the e�ects of antidepressant medication exist. For instance, McKeigue et al.
(2021) suggest that anticholinergic e�ects of antidepressants might increase the
risk of severe COVID-19.



Chapter 3

Literature review

This chapter intends to provide the comprehensive summary of existing re-
search which analysed the impact of antidepressants on the severity of COVID-
19. Section 3.1 will describe studies of both experimental and observational na-
ture that were designed to assess the e�cacy of fluvoxamine. Fluvoxamine has
been considered as one of the strongest sigma-1 receptor agonists of all SSRIs,
that is why it was chosen for testing purposes in early clinical trials (Sukhatme
et al., 2021). Section 3.2 will present the results from studies examining medi-
cal data retrospectively. Finally, Section 3.3 will introduce our hypothesis that
will be tested in this thesis.

3.1 Fluvoxamine
A meta-analysis by Nakhaee et al. (2022) found compelling evidence indicating
that fluvoxamine exhibits protective e�ects against severe COVID-19. An illus-
tration of such positive phenomenon can be found in the randomized controlled
trial conducted by Lenze et al. (2020). This study examined whether admin-
istering fluvoxamine as an early intervention to people with mild COVID-19
could potentially prevent the progression of disease into the more severe case. A
severe outcome in the study was identified as satisfying two conditions: firstly,
the pneumonia1 or the dyspnea2 (simply the presence of dyspnea or dyspnea
resulting in hospitalization); and secondly, a reduction in oxygen levels (satura-
tion level3 less than 92%) or the need for extra oxygen to maintain a saturation

1”Pneumonia is a form of acute respiratory infection” (WHO, n.d., para. 1).
2Dyspnea means shortness of breath (Lenze et al., 2020).
3”Oxygen saturation level is a measure of how much haemoglobin is currently bound to

oxygen compared to how much haemoglobin remains unbound” (WHO, 2021a, para.2).
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level of at least 92%. People who experienced symptoms within 7 days after
the detection of the COVID-19 positivity were randomly assigned to receive
either fluvoxamine or placebo for 15 days. The progression into a severe case
of COVID-19 registered 6 in 72 patients in the placebo group, however, none
from the 80 individuals in the fluvoxamine (treatment) group.

Calusic et al. (2022) infer that fluvoxamine users demonstrated lower mor-
tality as found in their prospective cohort trial. Besides receiving the standard
therapy, the hospitalised patients in the study were either selected to receive
fluvoxamine for 15 days or not. Based on the health status specifics from
patients, standard therapy comprised of either conventional oxygen therapy
or mechanical ventilator support. As for pharmacotherapy, the hospitalised
received remdesivir and corticosteroids. The authors claim that fluvoxamine
users (exposed group) exhibited a lower risk of mortality. Aside from this find-
ing, no significant di�erence was discovered when comparing the exposed and
non-exposed groups with regard to the total time spent in the intensive unit
care (ICU) or hospital, as well as the time spent on ventilator support.

3.2 Antidepressants in observational studies
Retrospective observational studies examining the e�ect of antidepressants on
the severity of COVID-19 demonstrate very diverse conclusions. Vast amount
of studies (Firouzabadi et al., 2022; Fritz et al., 2022; Wang et al., 2023) point
out the beneficial e�ects of antidepressants, while other (Rauchman et al., 2022;
Bliek-Bueno et al., 2021; Stauning et al., 2023) present contradictory results
and claim that there is either none or totally opposite e�ects associated with an-
tidepressants and severity of COVID-19. The severe outcome is predominantly
represented by a hospital or an emergency room admission, death, ventilator
support or the need for supplemental oxygen (Deng et al., 2023).

The retrospective cohort study conducted by Wang et al. (2023) suggests
that antidepressants, both SSRIs and non-SSRIs, were linked to lower proba-
bility of health deterioration in patients hospitalised due to COVID-19. An
admission to ICU or death among hospitalised patients were used as endpoints
in a Cox proportional hazard model. Only those patients who had a confirmed
positive COVID-19 test and were treated with antidepressants within 10 days
before the test to 7 days after the test were included in the exposed group. The
hazard ratios, which were adjusted for the confounding variables, were 0.260
for ICU admission, 0.872 for inpatient death and 0.769 for the combination of
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both events for SSRI users. For patients taking non-SSRI antidepressants, it
was 0.401, 0.846 and 0.790, respectively. The similar results were obtained
from the retrospective observational study by Hoertel et al. (2021), which fo-
cused on hospitalised patients as well. The authors infer that a lower risk of
the intubation or death due to COVID-19 was apparent solely in patients who
received the antidepressants during their hospital visit. Those who had been
prescribed antidepressants three months prior to admission but did not take
them during hospitalization were considered to be at a higher risk compared
to those who took antidepressants while hospitalized.

Although Fritz et al. (2022) did not examine only medical records of hospi-
talized patients, their findings are in line with the results from abovementioned
studies. Their study aimed to investigate whether there was significant dif-
ference in the probability of visiting a hospital in 30 days following a positive
SARS-CoV-2 test between users and non-users of SSRIs. The authors incor-
porated all the medication from individuals’ home medication lists. The lists
were filled by the individuals themselves and were obtained from the electronic
records of all hospital visits preceding the time of the individual’s first positive
COVID-19 test. Taking the duration of the study into account, the medication
could have been taken from the list even over a year before a positive COVID-19
test. The authors propose that those, who had antidepressants on their home
medication list, were less likely to visit a hospital or an emergency department
within 30 days after the COVID-19 positive test.

As far as the contradictory findings are concerned, Stauning et al. (2023)
argue that COVID-19 positive individuals using SSRIs were found to be at sig-
nificantly greater risk of death. Their large retrospective cohort study focused
on Danish residents who were detected to be COVID-19 positive during the
first two years of the pandemic. Sensitivity analysis in their research sup-
ported the significant association between SSRI use and increased mortality
even across di�erent sub-groups and follow-up periods. The impact of sertra-
line, citalopram, and paroxetine was considered particularly noteworthy. The
notable di�erence between the study by Stauning et al. (2023) and Fritz et al.
(2022) may stem from the distinct design of both studies. While Fritz et al.
(2022) focused on all the hospital encounters after a COVID-19 test and in-
corporated every antidepressant from the individuals’ home medication lists,
Stauning et al. (2023) examined all-cause mortality and severe acute respira-
tory syndrome following a confirmed COVID-19 test, and they included the
antidepressants from national registers with a su�cient daily dosage covering
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the date of the positive test. Furthermore, Fritz et al. (2022) found a benefi-
cial e�ect only for higher doses of SSRIs, while Stauning et al. (2023) did not
consider di�erent daily doses.

The study of Bliek-Bueno et al. (2021) supports the conclusion of Stauning
et al. (2023). Their results revealed a significant association between increased
mortality and the use of antidepressants. The authors’ main objective was to
identify COVID-19 risk factors in the early stages of the pandemic. They did
so by evaluating the medication that significantly influenced all-cause mortality
examining COVID-19 positive individuals from 4 March to 17 April 2020 were
examined. Amongst other drugs, antidepressants were associated with higher
odds of dying.

Numerous other academic works undermine the favourable actions of SSRIs.
The retrospective cohort study by Rauchman et al. (2022) did not reveal any
significant di�erence in the odds of mortality for patients taking SSRIs and
those not on SSRIs. The metanalysis conducted by Firouzabadi et al. (2022)
ascertain that the impact of SSRIs on hospitalisation was insignificant. They
even acknowledged that hospitalised patients with SSRIs experienced extended
duration of their hospitalisation. Contrariwise, the results of their analysis
indicated a significant association between lower mortality and SSRIs.

Although studies investigating the e�ect of antidepressants on the severity
of COVID-19 vary widely in their designs, they bear no consistent outcomes.
Both the diverging opinions of researchers and the lack of scientifically verified
explanation behind the mechanism of antidepressants demand further research.

3.3 Hypothesis and contribution
In this thesis, we aim to analyse the plausible antiviral e�ects of antidepressants
in active users of SSRIs. Our study will di�erentiate itself from clinical trials
and other studies of observational nature that examined short-term antiviral
properties of antidepressants. In those trials, participants typically received
antidepressants only during their hospital stay as a potential antiviral treat-
ment. In contrast, our research specifically targets the consistent users of SSRIs,
intending to evaluate the underlying long-term preventive e�ects of antidepres-
sants.

Building on the existing research outlined in Chapter 3, we hypothesize
that individuals who take SSRIs regularly were less likely to be hospitalised due
to health issues associated with COVID-19. Furthermore, we speculate that
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active SSRI use reduced the probability of COVID-19 mortality. This thesis
will contribute to the stream of diverging opinions by analysing administra-
tive hospital data coming from the Czech Republic. The primary strength of
this thesis lies in its large sample size, which is not usual in medical sciences.
Additionally, rather than examining all-cause mortality, we focus on mortality
specifically attributable to COVID-19 by implementing ICD-10 codes created
for COVID-19 purposes, thus ensuring greater precision. Our research will not
only prove useful in the case of an epidemic with virus of similar properties to
Sars-CoV-2 breaks out but will also enrich the medical research on repurposing
drugs for uses beyond their original intentions.



Chapter 4

Data

The following chapter will focus on data characteristics. We will describe
datasets and variables used in our analysis. Furthermore, we will explain the
process of data preparation including a detailed derivation of each variable. In
Section 4.5, we will describe the characteristics of our sample.

4.1 Data source
In this thesis, six datasets1 coming from the Institute of Health Information
and Statistics of the Czech Republic (ÚZIS) will be analysed. The primary
data source for these datasets were Czech insurance companies. The datasets
encompass people who tested COVID-19 positive at least once between January
2019 and May 2023. There are more than 4 million people in total that have
been detected positive during this period, representing nearly half of the Czech
population. The datasets can be merged through patient’s unique ID, which is
consistent across all datasets.

Infections contains information about the date of the individual’s COVID-
19 positive test. Due to the fact that some people were detected positive more
than once, each observation also includes corresponding serial number of the
test. Deaths includes the date of the patient’s death and details the cause of the
death from the death certificate. Diagnoses consists of the clinical diagnosis
of diseases from which the individuals su�er and the date the diagnoses were
reported. The data on diagnoses are available even 5 years prior the start of the
pandemic. Hospitalisations comprises the data about the date of the hospital

1Individual datasets will be referred to as: Infections, Deaths, Diagnoses, Hospitalisa-

tions, Medication and Demographics.
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admission, the date of the hospital release, the primary and secondary causes
of the admission, the severity of the case and the clinical speciality of the ad-
mitting health service. The records of hospitalisations come from the National
Register of Reimbursed Health Services (NRHZS), which gathers details about
reported health services covered by public health insurance. Medication con-
siders medical information reported by health care providers. The relevant
attributes for our study are ATC codes (described in detail in Section 4.3), the
number of packages collected and the date the drug was withdrawn from the
pharmacy. The dataset concerning medications contains only drugs covered by
public health insurance. The last dataset, Demographics, includes demographic
information of the individual, such as gender and the age group represented.

4.2 Data preparation
For the study period, we chose the time interval between the start of the pan-
demic2 and the introduction of the vaccination3, i.e. the early stage of the
pandemic. Thus, we selected only people that tested COVID-19 positive be-
tween 1 March 2020 and 27 December 2020. We opted for such period, because
we are interested in the pure e�ect of antidepressants, separating it from the
e�ects of vaccination or immunisation. The early stage of the pandemic was
the focus of many other researchers, such as Lenze et al. (2020) or Fritz et al.
(2022). We excluded people that tested positive more than once during our
study period, as we intend to analyse one’s initial Sars-Cov2 infection and its
subsequent impact on health. The datasets track the characteristics of individ-
uals within specific point in time (during our study period), therefore, we deal
with cross-sectional data.

2WHO declared the start of the pandemic on 11 March 2020 (WHO, 2020a). First
positive tests in our datasets appeared on 1 March 2020.

3The deployment of the vaccine began in December 2020 (European Centre for Disease
Prevention and Control, 2023) with the first dose in our sample being administered on 27
December 2020.
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4.3 Description of variables

4.3.1 Dependent variables

Hospitalisation

The variable hospitalisation is a dummy variable that is assigned a value of 1
in case the patient was hospitalised due to COVID-19 during our study period.
It equals 0 otherwise, meaning that the patient was not hospitalised. To en-
sure precision, we identified hospitalizations as attributable to COVID-19 by
implementing ICD-10 codes. Following the commands by ÚZIS (2021) and the
methodology of analytical report by Jarkovsk˝ et al. (2020), we defined hos-
pitalisation as causally related to COVID-19 if (for the explanation of ICD-10

codes, see Table 4.1)

(i) the ICD-10 code U07.1 was at the position of the primary cause of the
hospitalisation or,

(ii) the ICD-10 code A08.3 at the position of primary cause and U07.1 at the
position of secondary cause or,

(iii) the ICD-10 code B34.8 at the position of primary cause and U07.1 at the
position of secondary cause or,

(iv) the ICD-10 code Z22.8 at the position of primary cause and U07.1 at the
position of secondary cause or,

(v) the ICD-10 codes starting with J (J00-J99) at the position of primary
cause and U07.1 at the position of secondary cause.

Table 4.1: ICD-10 codes

ICD-10 code Description
U07.1 COVID-19, virus identified
A08.3 Other viral enteritis
B34.8 Other viral infections of unspecified site
Z22.8 Carrier of other infectious diseases
J00-J99 Diseases of the respiratory system
Source: WHO, n.d.
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Furthermore, only hospitalisations occurring between 30 days before and 2
days after the respective COVID-19 positive test were identified as relevant for
our analysis. The lower threshold of 30 days was established to assure a di-
rect association between the hospitalization and the positive test. The similar
approach can also be seen for example in the study by Faes et al. (2020) or
Fritz et al. (2022). The upper limit of 2 days was selected to distinguish be-
tween people who contracted the virus during their hospital stay and those who
were already admitted with COVID-19. The hospital environment certainly in-
creased the risk of exposure to the virus, especially during the active stage of
the pandemic (Hatfield et al., 2023). Consequently, analyzing preexisting risk
factors, that influence the probability of hospitalisation, may yield biased re-
sults if individual’s virus was contracted during the hospital stay4. Given that
the time for a positive result to appear on the test is approximately 3 to 5 days
after the exposure to the virus (Kucirka et al., 2020; Washington State Depart-
ment of Health, 2023), the test conducted 2 days after admission would still not
be able to detect the infection contracted the first day in hospital. Therefore,
the positive result of the test conducted 2 days after the admission signalises
the presence of an infection contracted prior to the hospital encounter.

Death

The dummy variable death_covid denotes whether the patient died due to
COVID-19. It is equal to one if the event happened, zero otherwise. Ad-
hering to the recommendation for coding by the WHO (2020b), we extracted
the deaths whose underlying cause of death was identified by the ICD-10 code
U07.1 (see Table 4.1). The same document was followed by ÚZIS when making
instructions on how to report a mortality (see ÚZIS, 2020).

Days spent in hospital

Dependent variable days_in_hosp considers the number of days spent in hos-
pital by each individual. The distribution of days_in_hosp is displayed in
Figure 4.15. One can notice the excess of zeros that days_in_hosp exhibits.

4For instance, evaluating the preexisting factors of the individual who was hospitalised
due other reason than COVID-19, however, caught COVID-19 during the hospital stay may
distort our results.

5We set the limit for y axis as 30 000 to improve readability of the graph, the actual
frequency of the count 0 is 583 479.



4. Data 18

This feature can be attributable to the fact that the majority of individuals in
our sample were not hospitalised.

Figure 4.1: Distribution of days_in_hosp

4.3.2 Explanatory variables

Age

We created a categorical variable, age, to be able to adjust for the potential
influence of age on our outcomes. Age usually plays an important role in deter-
mining the e�ectiveness and speed of an individual’s response to various health
challenges. The adjustment for the higher age attains particular significance,
since individuals 65 years old or above are considered as one of the most vul-
nerable groups to experience a severe course of COVID-19 (ÚZIS & MZ�R,
2022). We defined following categories:

(i) individuals aged 15-30 years,

(ii) individuals aged 30-45 years,

(iii) individuals aged 45-60 years,

(iv) individuals aged 60-75 years,

(v) individuals aged 75 years and above.

Female

The dummy variable female was defined as 1 to denote the female gender. A
value of 0 considers the male gender.
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SSRIs

In our study, the primary interest lies in people who use SSRIs on regular basis.
We thus established the value of the variable SSRIs as

SSRIs =

Y
_]

_[

1, if the individual takes SSRIs regularly,

0, if the individual does not use SSRIs regularly.

The regular user of SSRIs at the time of the infection was defined as having
at least one record of medication within 3 months before the positive test. Ac-
cording to Czech regulation n. 329/2019 Sb, the medication covered by public
health insurance companies can be prescribed for a maximum of 3 months.
Additionally, antidepressants are not available over the counter; they are pre-
scribed by a specialist based on the diagnosis and are intended for a longer use.
This implies that the prescription 3 months prior the test indicates active and
regular use of the medication6.

SSRIs were extracted from the database of pharmaceuticals based on ATC

classification. Anatomical Therapeutic Chemical (ATC) system classifies drugs
according to their chemical structure, therapeutic e�ects and intended medi-
cal use (WHO, 2019). The active substances in drugs are first sorted based
on which organ system they influence the most and then categorized to form
more specific subgroups. ATC codes starting with N correspond to medication
influencing nervous system, including antidepressants as well as SSRIs (WHO,
2019). ATC code for the drug category of antidepressants begins with N06A,
SSRIs are specifically coded as N06AB.

6The doctor can also prescribe a ”repeat prescription”, with the validity of the receipt 1
year at maximum (VZP, 2024). This allows individuals to potentially pick up their medication
in advance, for a period of 6 or 12 months, for instance (SÚKL, 2018). Thus, we extended
the former definition of regular user to also include individuals who had collected at least 3
packages within 6 months prior to testing positive or 6 packages within 12 months prior to
testing positive. When developing this definition, we had to distinguish between individuals
actively using their medication and individuals whose medication status is currently inactive.
For instance, only 1 package picked up within 1 year would potentially indicate the inactive
status. In our calculation, we followed the assumption that the daily dose of antidepressants
ranges from 0.5 to 3 pills a day (Gautam et al., 2017). Given that the average antidepressant
package in our sample contains 30 pills, we assume that a person using the medication
actively would consume at least half a package per month.
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Antidepressants

The analogy of dummy creation for SSRIs is applied for derivation of dummy
variable antidepressants. We defined the variable antidepressants as

antidepressants =

Y
_]

_[

1, if the individual takes any antidepressants regularly,

0, if the individual does not use antidepressants.

Serious medical conditions

To be able to account for the individual’s health status that may contribute
to the development of a severe outcome of COVID-19, we determined diseases
viewed as risk factors of severe COVID-19. We based our selection of risk
factors on the analysis conducted by ÚZIS & MZ�R (2022). These risk factors
enabled us to accurately assess the situation within our study sample, as we
work with data from the Czech population. The risk factors are as follows:

(i) hypertension,

(ii) diabetes mellitus,

(iii) ischemic heart disease (IHD),

(iv) liver diseases,

(v) oncological treatment of malignant tumor in the last 5 years,

(vi) chronic respiratory diseases (asthma, COPD),

(vii) chronic kidney diseases,

(viii) obesity,

(ix) stroke.

For the derivation of each medical conditions, we used the combination
of ATC and ICD-10 classification systems. The approach described by Sindet-
Pedersen et al. (2018) was followed in our analysis. Conditions which were not
described by Sindet-Pedersen et al. (2018), were derived from ICD-10 descrip-
tions. We expect that chronic conditions, alongside their health consequences,
influence the individual’s health state for at least one year following their de-
tection. Therefore, for the determination of relevant diagnoses and medication,
we chose a 1-year ”look-back” period from the individual’s positive COVID-19
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test7. This method is further supported by the studies of Fortin et al. (2017)
and Preen et al. (2006), both of which recommend the use of a 1-year period for
the inclusion of diagnoses. The enumeration of respective conditions, alongside
their corresponding ATC and ICD-10 codes, can be found in Appendix A.

We set the risk factors as dummy variables, with a value of 1 indicating the
presence of corresponding health condition.

CCI score

Each individual was evaluated based on the Charlson Comorbidity Index (CCI)
score. CCI is a scoring system used in medical studies for predicting the mortal-
ity of individuals who may exhibit a spectrum of comorbid conditions8 (Charl-
son et al., 1987). CCI examines selected serious conditions and assignes specific
weights to each based on its severity. In practice, patients involved in a cer-
tain study are given a CCI score by summing the weight of each comorbidity
exhibited.

CCI was developed by Mary E. Charlson in 1987 and since then the score has
undergone many adjustments (Charlson et al., 2022; 1987). In our regression
analyses, we use a comorbidity package provided by R that computes CCI score
by implementing updated definition of CCI by Quan et al. (2011). The list
of Charlson comorbidit conditions, along with the weights assigned to each of
them by Quan et al. (2011), is displayed in Table 4.2.

The common and e�cient approach is to use data on diagnoses from a period
of up to one year prior to the study period (Metcalfe et al., 2019; Jürisson et al.,
2017). Therefore, we used all the individuals’ diagnoses starting from 2019
onward. Based on the summary statistic, we defined cci_score as a categorical
variable with every individual classified into one of the following categories:

(i) having cci_score equal to 0,

(ii) having cci_score equal to 1 or 2,

(iii) having cci_score equal to 3 or 4,

(iv) having cci_score higher than 4.

7Oncological treatment was the only exemption for which 5 year period was explicitly
stated by ÚZIS & MZ�R (2022).

8Comorbidities are clinical conditions that co-occur with the medical condition of interest
and that simultaneously influence the health state of the individual (Feinstein, 1970).
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Due to the small proportion of individuals with CCI score higher than 4 in our
dataset, we opted to aggregate them into one group. We argue that individuals
with CCI score higher than 4 should all be considered as the most vulnerable.
The same threshold of 4 was set for instance by Christensen et al. (2020).

Table 4.2: Charlson comorbid conditions and corresponding weight

Charlson comorbidity Weight
Congestive heart failure 2
Dementia 2
Chronic pulmonary disease 1
Rheumatologic disease 1
Mild liver disease 2
Diabetes with chronic complications 1
Hemiplegia or paraplegia 2
Renal disease 1
Any malignancy, including leukemia and lymphoma 2
Moderate or severe liver disease 4
Metastatic solid tumor 6
AIDS/HIV 4
Maximum comorbidity score 24
Source: Quan et al. (2011)

Waves

We created categorical variable waves to be able to account for temporal vari-
ations in our regression. Di�erent ”waves” of the pandemic carried di�erent
levels of public health measures (lockdowns, social distancing, etc.) and changes
in public behavior (Bali Swain et al., 2024). These measures impact the spread
of the virus and, consequently, the hospitalization and mortality rates. More-
over, modified strains of virus might have developed over time, resulting in
people being exposed to diverse viral characteristics at di�erent points in time
(Bali Swain et al., 2024). The evolution of new positive cases during our study
period is displayed in Figure 4.2.

We chose the dates of individual waves based on the Bayesian change point
detection, which is depicted in Figure 4.3. We used a beast function in R for
identifying the trend breakpoints. The initial peak was at the beginning of
April 2020, after the first public measures started (Czech Government, 2022).
The second peak occurred at the end of October 2020, where the total number
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Figure 4.2: Number of new COVID-19 positive cases

Figure 4.3: Beast decomposition and changepoint detection

(a) Wave 1 (b) Wave 2 and 3

of new cases registered a substantial and rapid rise. We decided to add one final
wave, which occurred at the total end of our study period (December 2020).

The individual i in our study will be categorised into one of these groups:
Y
___________________]

___________________[

wave_1, if i’s first positive test was obtained from 25/03/2020

to 10/04/2020,

wave_2, if i’s first positive test was obtained from 13/10/2020

to 14/11/2020,

wave_3, if i’s first positive test was obtained from 15/12/2020

to 27/12/2020,

no_wave, if i’s first positive test was obtained at any other point.
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4.4 Data cleansing
To improve reliability of our analysis, the datasets underwent data cleansing
procedures. We filtered out the drugs where the recorded amount of collected
packages and the number of the pills in a package was negative. Incomplete
data and negative number of packages, which is rationally not possible to with-
draw, might signal reporting errors. We did not encounter any missing values.

In our datasets, we observed a category with ages even above 120 years,
which is biologically unachievable. Figure 4.4 illustrates the age distribution
of individuals involved in the study. Based on the distribution, we decided
to filter out individuals above 100 years, since they appeared very rarely in
the dataset and thus might indicate plausible data errors. We also excluded

Figure 4.4: Age distribution

children younger than 15 years age as they might distort our results. The alter-
ations in children’s dosage of medication may not align with the prescribed us-
age criteria derived from adult metrics (WHO, n.d.). Furthermore, the variable
cci_score was derived from the adult patient-oriented research (Quan et al.,
2011) and thus might yield biased estimates for children. In fact, many re-
searchers studying the e�ects of antidepressants, such as Wang et al. (2023) or
Stauning et al. (2023), included exclusively adult patients in their analysis.

4.5 Descriptive statistics
Our final sample comprises 612 368 individuals that were once detected COVID-
19 positive during our study period (from 01/03/2020 to 27/12/2020). A total
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of 29 204 individuals were hospitalised due to COVID-19. Among the hospi-
talised patients, the average length of hospital stay was 9.9 days, with median
value of 8 days. The range for the variable days_spent_in_hosp is 134 days,
with minimum value of 0 and maximum value of 134. Since days_in_hosp
includes an excessive number of zeros, Q1 = Q3 = 09.

In our study, there are 52.5% females and 47.5% males. The most frequent
age bracket (12% of all individuals) comprises individuals between 45 and 50
years old. The high-risk group of 65 years and older represents 9.0% of all
individuals, as displayed in Figure 4.4. There are 47 473 (7.7%) people who take
antidepressants, from which 36 328 (5.6%) are SSRI users. This characteristic
aligns with the statement of Gautam et al. (2017), demonstrating that SSRIs

represent the most frequently prescribed class of antidepressants. Interestingly,
more than 70% of people who actively use SSRIs are women.

Figure 4.5: Medical conditions

The prevalence of serious medical conditions in our sample is depicted in
Figure 4.5, where the percentage of individuals taking SSRIs is highlighted in
red. The proportion of each condition is roughly in line with the world esti-
mates. Obesity, a condition which is hard to measure only via the medication
and the diagnosis, might deviate from the reality the most. The treatment of
this disease is often immeasurable as it primarily involves lifestyle changes. The
CCI score ranges from 0 to 16, with 78% of individuals in 0 group. This implies

9Q1 is the lower quartile and Q3 is the upper quartile.
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that the majority of individuals in our sample do not experience serious health
complications, which aligns with our expectations. CCI score between 1 and
2 is observed in 18.1% of individuals, while there are only 3.1% of individuals
with CCI score of 3 to 4, and 0.8% of individuals with CCI score higher than 4.
Table 4.3 displays the precise description of our sample.

Table 4.3: Descriptive statistics of the study sample

Variable Number of Proportion of
observations sample (in %)

female 321 576 52.5
hospitalised 29 204 4.8
age category

15-19 years 30 481 5.0
20-29 years 86 334 14.1
30-39 years 101 013 16.5
40-49 years 141 978 23.2
50-59 years 108 916 17.8
60-69 years 66 320 10.8
70-79 years 45 269 7.4
80-89 years 24 928 4.1
90-99 years 7 129 1.2

antidepressants 47 473 7.8
SSRIs 34 328 5.6
hypertension 171 442 28.0
diabetes mellitus 46 883 7.7
IHD 415 0.1
liver diseases 15 668 2.6
oncological treatment 36 528 6.0
asthma/ COPD 70 893 11.6
obesity 5 755 0.9
chronic kidney diseases 18 424 3.0
stroke 11 738 1.9
CCI score

CCI score 0 477 680 78.0
CCI score 1 or 2 110 957 18.1
CCI score 3 or 4 19 040 3.1
CCI score 4 plus 4 691 0.8

As far as the mortality is concerned, we identified deaths occurring 90 days
after the respective COVID-19 positive test as relevant for our analysis. Deaths
are well-documented events and serve as reliable endpoints in epidemiological
studies. The cause of an individual’s death is clearly stated on the death certifi-
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cate, making it unlikely to result in interpretation or reporting errors. Thus, we
chose a wider threshold compared to hospitalisation. Due to new assumptions
posed on the dependent variable, the new sample size rose to 615 502 obser-
vations. During our study period, 8 975 deaths of COVID-19 occurred. The
distribution of dependent variables hospitalisation and death_covid is displayed
in Figure 4.6.

Figure 4.6: Distribution of dependent variables



Chapter 5

Methodology

This chapter will describe econometric models used in our analysis, specifically
logistic regression and the zero-inflated negative binomial model.

5.1 Logistic regression
Logistic regression is an econometric method used for estimating the proba-
bility whether a certain event occurs or not (Boateng et al., 2019). Logistic
regression is specifically designed for binary dependent variables, and therefore
is convenient for scenarios where the outcome of interest has two possible values
(for instance success/failure or yes/no). Models used for modeling binary vari-
ables are commonly referred to as binary response models (Wooldridge, 2013).
The main objective of these models is to obtain the response probability

P (y = 1|x) = P (y = 1|x1 + x2 + . . . + xk), (5.1)

where y œ {0, 1} is dependent variable and x œ R is a set of independent
variables (Wooldridge, 2013).

The alternative way to model binary dependent variable would be to use
the Linear Probability Model (LPM). This model has, however, many imper-
fections. These imperfection include constant marginal e�ects of explanatory
variables, inherently present heteroscedasticity and estimates of probability po-
tentially outside the [0,1] interval (Wooldridge, 2013).

Fortunately, better models have been proposed for modelling binary vari-
ables, including the logistic regression model. The logistic regression model,
or logit model, addresses the shortcomings of LPM by using a non-linear func-
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tion to model the probability1 (Wooldridge, 2013). This mechanism can be
illustrated as

P (y = 1|x) = G(—0 + —1x1 + . . . + —kxk) = G(—0 + x—), (5.2)

where G is cumulative distribution function (cdf) of a standard logistic random
variable and following property holds for G

G(w) = exp(w)
1 + exp(w) = exp(—0 + x—)

1 + exp(—0 + x—) ; w œ R. (5.3)

In logit, the dependent variable is assumed to have logistic distribution,
thus G is called logistic function (Wooldridge, 2013). G is strictly increasing
for all real numbers w, with values satisfying 0 < G(w) < 1, which guarantees
the desired probability within interval (0, 1). The logistic function is depicted
in Figure 5.1.

Figure 5.1: Graph of the logistic function

Logit can be derived using the underlying latent (unobserved) variable y
ú

defined as
y

ú = —0 + x— + Á, (5.4)

where Á is i.i.d. error term independent of x with logistic distribution. Fur-
thermore, the binary variable y assumes that

y =

Y
_]

_[

1 if y
ú

> 0,

0 if y
ú Æ 0.

(5.5)

1One could use probit model instead of logit model. We will continue with explanation
of logit, as it is widely used model in medical research and is suitable for our large dataset
with imbalanced data (Stoltzfus, 2011; Wilkinson et al., 2022).
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The formula for cdf of logit can be derived as follows

P (y = 1|x) = P (yú
> 0|x) = P (—0 + x— + Á > 0|x) = P (Á < —0 + x—|x)

= P (Á Æ —0 + x—) = G(—0 + x—) = exp(—0 + x—)
1 + exp(—0 + x—) .

(5.6)

Due to non-linear nature of logit, one must use the Maximum Likelihood Esti-
mation (MLE) method to determine the parameters of the model. The proba-
bility density function g of yi given xi needed for MLE is defined as

g(yi|xi; —) = [G(xi—)]yi [1 ≠ G(xi—)]1≠yi . (5.7)

The likelihood function is the joint probability function of yi conditional on xi.
Since we assumed that ‘i is i.i.d., the probabilities are independent for each
i. Thus, the joint probability function is the product of individual densities
depicted in 5.7. By taking the logarithm of the likelihood, we derive the log-
likelihood function. The log-likelihood of sample of size n is as follows

lnL(—) =
nÿ

i=1
yi ln[G(xi—)] + (1 ≠ yi) ln[1 ≠ G(xi—)], (5.8)

where we applied a principle that the logarithm of a product (represented by
the joint probability in our case) is a sum of logarithms. To obtain MLE of
—, we need to maximize 5.8. The MLE of —, expressed by —̂, is called the
logit estimator. Since MLE considers the actual distribution of the dependent
variable, heteroskedasticity in logistic regression is implicitly addressed during
the estimation procedure (Wooldridge, 2013).

However, one disadvantage of logit exists; the nonlinear character of MLE

makes the coe�cients of logit troublesome for the interpretation. Even though
the direction of the e�ect of a variable aligns with the sign of its coe�cients,
its exact numerical value does not have straightforward meaning. The e�ect of
xj on the probability that y = 1 depends also on x. The partial e�ect of xj

can be written as
ˆP (y = 1|x)

ˆxj
= g(—0 + x—)—j. (5.9)

For the accurate interpretation, one has to use alternative measures. One of
the most convenient way is to calculate Average Marginal E�ect (AME). AME

is obtained by calculating the separate partial e�ects across the entire sample,
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followed by their averaging. AME of xj is calculated as

AME =
qn

i=1 g

1
—̂0 + xi—̂

2

n
—j. (5.10)

AME for discrete variables or dummies is computed in the di�erent manner
(Wooldridge, 2013). Let xk be discrete or dummy variable, then the e�ect of
xk on the probability resulting from change in xk from ck to ck + 1 is

n
≠1

nÿ

i=1
G

1
—̂0 + —̂1x̄1 + . . . + —̂k(ck + 1)

2
≠G

1
—̂0 + —̂1x̄1 + . . . + —̂kck

2
. (5.11)

For discrete variables, 5.11 denotes the average change in the predicted proba-
bility for a unit change in the discrete variable, holding other variables constant.
In case of dummy variables, 5.11 represents the predicted di�erence in proba-
bility that yi = 1 when xk changes from 0 to 1 (Wooldridge, 2013). As AME

estimates the change in probability, it is interpreted in percentage points.
For the goodness-of-fit measure of logit model, one can use the pseudo R-

squared (Wooldridge, 2013). Pseudo R-squared is defined as follows

R
2 = 1 ≠ Lur

L0
, (5.12)

where Lur is obtained from the log-likelihood function of the estimated model
and L0 is obtained from the log-likelihood function of the model including only
intercept, i.e., null model (Wooldridge, 2013). The alternative assessment of
the overall fit of the model can be obtained by the likelihood ratio (LR) test
(Boateng et al., 2019; Wooldridge, 2013), where

LR = 2(Lur ≠ L0). (5.13)

LR follows an approximate chi-square distribution under the null hypothesis
that the estimated model demonstrates better fit to the data compared to the
null model (Boateng et al., 2019). LR can also be used for selecting between
the nested models.

Another convenient measure used for the comparison of nested models is
called Akaike Information Criterion (AIC) (Portet, 2020). One should choose
the model with the lowest AIC, since lower AIC indicates better fit for the data.
AIC is defined as

AIC = ≠2Lur + 2k, (5.14)
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where k is the number of parameters in the estimated model (Portet, 2020).

5.2 Zero-inflated negative binomial model
Zero-Inflated Negative Binomial Model (ZINB) is a model used for estimating
count data with excessive number of zeros (Zuur et al., 2012). ZINB assumes
that zeros are generated by two separate processes. Individuals are either part
of the ”Always-0 Group” or the ”Not Always-0 Group” (Long & Freese, 2006).
The ”Always-0 Group” (A0) group is assumed to have probability of 1 that
its count outcome is 0. On the other hand, individuals in the ”Not Always-0
Group” (An) can have outcome equal to 0 but also have a positive probability to
have a non-zero count outcome (Long & Freese, 2006). In our case2, A0 group
comprises individuals who were not hospitalised and had all the predispositions
not to be hospitalised. It implies that they were in the good health state
and did not exhibit significant risk factors. An includes individuals who were
either hospitalised or were not hospitalised but had nonzero probability to spent
positive days in hospital. The latter case includes individuals who

(i) had certain predispositions to experience severe COVID-19, however, they
were fortunate to avoid experiencing its severe form, or

(ii) went to the hospital but were not accepted due to capacity problems or

(iii) went to the hospital but were immediately released, since their condition
could be managed at home with the prescribed medication.

ZINB uses binary model, usually logit, to estimate the group membership of
an individual, i.e. being in A0 or An. This membership is a latent (unobserved)
variable (Long & Freese, 2006). Assume that A = 1 for A0 members and A = 0
for An members, then probability of being in A0 is

P (Ai = 1|zi) = Âi = exp(zi—)
1 + exp(zi—) , (5.15)

where zi are called inflation variables. Negative binomial model is afterwards
employed to predict the count process. Among An group members, the proba-

2Variable days_spent_in_hospital will serve as dependent variable in ZINB; discussed in
detail in Chapter 6.
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bility of each count (including 0) is as follows

P (yi|xi, Ai = 0) = �(yi + –
≠1)

yi!�(–≠1)

A
–

≠1

–≠1 + µi

B–≠1 A
µi

–≠1 + µi

Byi

, (5.16)

where yi œ N fi {0}, � is the gamma function, – is the dispersion parameter
and µi = exp(xi—) is the mean of yi. Equation 5.16 is simply the parametrized
probability mass function of negative binomial distribution. The dispersion
parameter – determines the level of overdispersion in the predictions (Long &
Freese, 2006).

Finally, the overall probability is defined as

P (Yi = yi|xi, zi) =

Y
_]

_[

Âi + (1 ≠ Âi)P (yi = 0|xi, Ai = 0), for yi = 0

(1 ≠ Âi)P (yi|xi, Ai = 0), for yi = 1,2,3,...

The expected counts are calculated as follows (Long & Freese, 2006)

E(Yi = yi|xi, zi) = 0 · µi + µi(1 ≠ Âi) = µi(1 ≠ Âi). (5.17)

The poisson regression model can be used instead of the negative binomial
to model the count part of the zero-inflated model. The resulting model is re-
ferred to as Zero-Inflated Poisson Model (ZIP). Both negative binomial model
and poisson model are widely used methods for analysing count data. How-
ever, poisson model is inconvenient when the data exhibit overdispersion (Zuur
et al., 2012). Overdispersion condition occurs when the variance of the vari-
able is greater than the mean under the assumed poisson distribution (Long &
Freese, 2006). Negative binomial model incorporates a parameter – (refer to
Equation 5.16) to account for unobserved heterogeneity among observations.
Therefore, when the count variable is overdispersed and excessive zeros are
observed, ZINB is preferred model (Long & Freese, 2006). The same metrics
described in Section 5.1, such as LR test or AIC, can be used for ZINB.



Chapter 6

Results

In this chapter, we will introduce specific models constructed to test our hy-
pothesis and subsequently provide a comprehensive analysis of their results.
The main analyses were conducted using the R programming language, with
Python employed solely for data preparation of large datasets that exceeded
handling capabilities of R. We defined statistical significance as p-value < 0.05.

6.1 Logistic regression
We aim to estimate the probability of hospitalization (or death) among the
infected individuals and our dependent variables are binary, thus, logistic re-
gression represents the most suitable method for our analysis. Indeed, logistic
regression is widely used statistical approach in medical research (Bagley et al.,
2001).

The Baseline Model with hospitalisation as dependent variable will be de-
fined as follows

P (hospitalisationi = 1|xi) = G(—0 + —1femalei + —2agei + —3SSRIsi

+ —4strokei + —5diabetesi + —6IHDi

+ —7hypertensioni + —8liver_diseasesi

+ —9oncological_treatmenti

+ —10chronic_kidney_diseasesi

+ —11copd_asthmai + —12wavesi),

(1)

where G(·) represents the function described in Section 5.1. The Baseline
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Model passed LR test for overall significance, with p-value less than 2 · 10≠16.
Furthermore, pseudo R-squared of 0.24 indicates very good overall fit of the
estimated model (McFadden, 1977).

There are a few assumptions that must hold for logistic regression to yield
reliable results (Boateng et al., 2019; Stoltzfus, 2011). First, a large sample size
is required and the dependent variable must be binary. In our analysis, these as-
sumption are inherently satisfied. Second, logit assumes independence of errors
(Stoltzfus, 2011). Each individual appears uniquely in our dataset and exhibits
characteristics that are independent of other individuals. Thus, the mutual in-
dependence across observations is satisfied. The third assumption concerns the
linearity of the continuous independent variables and logit-transformed out-
come (Stoltzfus, 2011). Since we use only categorical variables in our analysis,
there is no need to check the validity of this assumption.

Fourth, there should be an absence of influential outliers in the dataset
(Stoltzfus, 2011). Identifying outliers in categorical variables is more complex
than in continuous variables. Our dataset underwent data cleansing procedure
(see Section 4.4) and we found no other data points to significantly deviate
from other records. Finally, there must be no perfect colinearity among in-
dependent variables. We verified this assumption by calculating Generalised
Variance Inflation Factor (GVIF)1. All GVIF values for our independent vari-
ables are around 1, demonstrating a small degree of multicollinearity. GV IF

for independent variables from the Baseline Model are presented in Table 6.1.
The results for other models are presented in Table B.1.

An atypical attribute of our data involves the distribution of dependent
variables (see Figure 4.6). Both dependent variables assume a disproportion-
ately small number of ones relative to zeros. Abd Rahman & Ong (2020)
addressed this imbalance in their simulations, where they demonstrated that
logit estimates remain unbiased provided that the sample size is su�ciently
large (4000 or more observations) and the proportion of ones exceeds 1% of the
total observations. Both dependent variables in our dataset meet this criterion.
In case of hospitalisation, there are 29 322 ones (4.8% of all observation) and 8
975 ones (1.5%), in case of death_covid.

1We chose GVIF because our model includes categorical independent variables that require
more than 1 coe�cient and thereby more than 1 degree-of-freedom (df). Fox & Monette
(1992) suggest examining formula GV IF

1
2df , which is more convenient for the comparison

across di�erent dimensions.
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Table 6.1: Results of GVIF

GVIF Df GV IF
1

2df

female 1.055 1 1.027
age 1.423 4 1.045
SSRIs 1.053 1 1.026
diabetes 1.113 1 1.055
copd_asthma 1.012 1 1.006
hypertension 1.320 1 1.149
IHD 1.028 1 1.014
stroke 1.042 1 1.021
liver_diseases 1.005 1 1.003
oncological_treatment 1.052 1 1.026
chronic_kidney_diseases 1.072 1 1.036
obesity 1.007 1 1.004
waves 1.002 3 1.000

Results of the Baseline Model reveal that all selected variables are signifi-
cant, except for IHD. Even though we believe that Ischemic Heart Disease (IHD)
is an important risk factor and confounding variable, we decided to remove this
variable from our model due to its small proportion in our dataset. Indeed, the
model without IHD exhibits slightly lower AIC, indicating the better choice of
model. For results of the Baseline Model, refer to the first column of Table 6.2.
AME of individual variables are displayed in Table 6.4. All other serious medi-
cal conditions have a positive sign, meaning that the presence of one or more
conditions increases the risk of being hospitalised. Inclusion of serious clinical
conditions is crucial for our analysis as the (prior) health status is certainly an
influential factor a�ecting individual’s probability of hospitalisation (Ko et al.,
2020). The presence of chronic respiratory disease or obesity have the largest
average marginal e�ect on hospitalisation, increasing the probability by 2.7 and
2.5 percentage points, respectively.

Contrary to what we expected, variable SSRIs is positive and significant,
even at the 1% significance level. It can be inferred that, other things being
equal, being the long-term user of SSRIs increased the probability of hospi-
talisation by 0.4 percentage points. Although the e�ect is rather small, it is
statistically significant. Age was one of the most significant predictors2. Being

2Age, when included as ordinal variable with all the age categories we have available in
the dataset, did not significantly influence the results of our models. Refer to Table B.5 for
results of model with age as ordinal variable.
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75 years or above increased the probability of hospitalisation due COVID-19
by 43.6 percentage points in comparison to age group of 15 to 30 years. This
implies that the elderly were a high-risk group during the pandemic. All other
age groups had significantly higher probability than the base group compris-
ing individuals 15 to 30 years old. Additionally, females exhibited a lower risk
of hospitalisation compared to males. Having a female gender decreased the
probability by 2.1 percentage points. This phenomenon illustrates the potential
gender disparities in lifestyle factors.

The variable waves provides compelling insights into how the risk of hospi-
talisation altered over di�erent periods of the pandemic. The chance of being
hospitalised increased by 2.7 percentage points among people detected positive
during the first wave compared to those who tested positive during the ”no-
wave” periods. Surprisingly, the second wave had the opposite e�ect to the
first wave. Getting infection during the second wave decreased probability of
the hospital visit by 0.7 percentage points in comparison to the infected in the
”no-wave”. Even though the second wave was substantially larger than the ini-
tial one, a smaller percentage of infected people experienced a severe outcome
during this period (Meschiari et al., 2022). The final wave has the same e�ect
as the second wave.

To verify our results based on specific risk factors by ÚZIS & MZ�R (2022),
cci_score is incorporated into the model instead of considering each medical
condition separately. The results are displayed in the second column of Ta-
ble 6.2. Variable SSRIs remains significant and positive even in this model,
increasing the probability of hospitalisation by 0.2 percentage points when
comparing users and non-users of SSRIs. The e�ect of variables female, age
and waves persist approximately the same. Compared to the base group with
the CCI score of 0, being the individual with CCI score between 1 and 2, 3 and
4, or greater than 4, increased the probability of hospitalisation by 2.4, 4.0, or
4.2 percentage points, respectively. It implies that the higher the CCI score,
the higher the risk of a severe outcome. The larger AMEs for variable cci_score
as compared to AMEs of individual conditions in the Baseline Model appear
reasonable, since the CCI score groups serious conditions together. Our finding
supports the outcomes of Christensen et al. (2020), who infer that people with
higher CCI score were significantly more likely to incur a severe COVID-19 as
well as had higher probability to die of COVID-19.

The model with cci_score also helped us to address the potential bias stem-
ming from the low proportion of individual conditions in the Baseline Model.
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To investigate the potential bias from another perspective, we gathered all
chronic medical conditions into one group. The new variable chronic1 equals
one if the individual su�ers from at least one chronic condition described in
Section 4.3.2 and 0 otherwise. Afterwards, we created chronic2, which aggre-
gates all chronic conditions except of hypertension. We included hypertension
as a separate predictor into the model due its high prevalence in our sample.
Both new variables are statistically significant and they changed neither the
significance nor the e�ect of other variables. Furthermore, these variables en-
able us to account also for IHD, which was excluded from the Baseline Model.
The results of the models incorporating chronic1 and chronic2 are displayed
in the third and fourth column of Table 6.2, respectively.

The second part of the logit analysis revolves around the dependent variable
death_covid while keeping the same independent variables as in the Baseline
Model. The results of the model align with previous outcomes. Being a SSRI
user increased the probability to die of COVID-19 by 0.3 percentage points.
This probability is relatively small, yet, it remains statistically significant. The
summary of logistic regressions is displayed in Table 6.3, the first column corre-
sponds to the model with individual medical conditions and the second column
to the model with cci_score. AMEs are displayed in Table 6.4. We slightly
modified the age categories in the models, as most of the people who died of
COVID-19 were elderly. Even though the overall e�ect of almost all variables
remains the same, few changes are worth highlighting. Variable IHD becomes
significant and the sign of wave2 is opposite. The new significance of IHD
should not raise much concern, as it potentially influences mortality more than
hospitalisation.

We further suggest that despite individuals infected during the second wave
having lower probability of hospitalisation compared to those infected during
the ”no-wave” period, they faced a higher risk of dying of COVID-19. Eventu-
ally, both the probability of death and hospitalisation were significantly lower
during the third wave than in periods outside our defined waves. The grad-
ual decline in risk of mortality (and hospitalization) across successive infection
peaks, relative to the ”no-peak” periods, can be attributed to an improved
understanding of the virus over time. Hospitals attained better organisational
structure and e�ective preventive measures were implemented outside the hos-
pital (Caramello et al., 2022). Thanks to progress in research, the risk factors
were known in advance and COVID-19 could be better categorized according
to its stage and severity (Caramello et al., 2022). Moreover, as discussed in Sec-
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tion 4.3.2, modified strains of virus with slightly di�erent characteristics may
have developed over time (Bali Swain et al., 2024). The evolved strains have
been suggested to have varying degree of transmissibility as well as di�erent
impact on mortality and morbidity of COVID-19 (SeyedAlinaghi et al., 2021).

Finally, we recreated the presented models by replacing variable SSRIs with
variable antidepressants. The goal is to further investigate the e�ect of aggre-
gated group of all the antidepressants, regardless of which class they belong
to (combining both SSRIs and non-SSRIs). Based on the results, we infer that
antidepressant medications yield consistent outcomes, irrespective of their spe-
cific class. Refer to Table B.3 and Table B.4 for results of logistic regression
incorporating antidepressants.
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Table 6.2: Results of logistic regression with hospitalisation

Dependent variable:
hospitalisation

(1) (2) (3) (4)
female ≠0.533úúú ≠0.561úúú ≠0.551úúú ≠0.532úúú

(0.013) (0.013) (0.013) (0.013)
age

30-45 1.179úúú 1.214úúú 1.146úúú 1.165úúú

(0.065) (0.065) (0.065) (0.065)
45-60 2.122úúú 2.285úúú 2.056úúú 2.089úúú

(0.061) (0.061) (0.061) (0.061)
60-75 3.455úúú 3.778úúú 3.451úúú 3.418úúú

(0.061) (0.060) (0.061) (0.061)
75plus 4.277úúú 4.573úúú 4.310úúú 4.230úúú

(0.061) (0.060) (0.061) (0.061)
SSRIs 0.099úúú 0.056úú 0.114úúú 0.104úúú

(0.021) (0.021) (0.021) (0.021)
diabetes 0.482úúú

(0.016)
COPD_asthma 0.594úúú

(0.016)
stroke 0.193úúú

(0.026)
oncological_treatment 0.212úúú

(0.018)
chronic_kidney_diseases 0.389úúú

(0.023)
liver_diseases 0.101úú

(0.034)
obesity 0.537úúú

(0.061)
hypertension 0.442úúú 0.475úúú

(0.016) (0.016)
chronic2 0.644úúú

(0.014)
chronic1 0.866úúú

(0.018)
cci_score

cci_1to2 0.553úúú

(0.015)
cci_3to4 0.801úúú

(0.022)
cci_4plus 0.814úúú

(0.038)
waves

wave1 0.561úúú 0.528úúú 0.545úúú 0.550úúú

(0.066) (0.065) (0.065) (0.065)
wave2 ≠0.182úúú ≠0.173úúú ≠0.182úúú ≠0.180úúú

(0.014) (0.014) (0.014) (0.014)
wave3 ≠0.323úúú ≠0.303úúú ≠0.314úúú ≠0.319úúú

(0.023) (0.022) (0.022) (0.022)
Constant ≠5.762úúú ≠5.724úúú ≠5.832úúú ≠5.785úúú

(0.059) (0.059) (0.060) (0.059)
Observations 612,368 612,368 612,368 612,368
Log Likelihood ≠89,194 ≠90,439 ≠90,255 ≠89,615
AIC 178,423 180,903 180,532 179,254
McFadden R-squared 0.240 0.229 0.231 0.236

Note: úp<0.05; úúp<0.01; úúúp<0.001
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Table 6.3: Results of logistic regression with death_covid

Dependent variable:
death_covid

(1) (2) (3) (4)
female ≠0.795úúú ≠0.810úúú ≠0.822úúú ≠0.798úúú

(0.024) (0.024) (0.023) (0.024)
age

65-75 2.828úúú 2.992úúú 2.850úúú 2.814úúú

(0.047) (0.044) (0.046) (0.046)
75-85 3.840úúú 3.973úúú 3.916úúú 3.844úúú

(0.046) (0.043) (0.045) (0.046)
85+ 4.474úúú 4.512úúú 4.490úúú 4.458úúú

(0.047) (0.045) (0.046) (0.047)
SSRIs 0.217úúú 0.139úúú 0.241úúú 0.238úúú

(0.032) (0.032) (0.032) (0.032)
diabetes 0.422úúú

(0.025)
COPD_asthma 0.291úúú

(0.028)
IHD 0.335ú

(0.159)
stroke 0.432úúú

(0.034)
liver_diseases 0.331úúú

(0.058)
oncological_treatment 0.098úúú

(0.028)
chronic_kidney_diseases 0.540úúú

(0.033)
obesity 0.311ú

(0.144)
cci_score

cci_1to2 0.601úúú

(0.028)
cci_3to4 1.004úúú

(0.034)
cci_4plus 1.254úúú

(0.050)
hypertension 0.401úúú 0.450úúú

(0.031) (0.031)
chronic2 0.574úúú

(0.025)
chronic1 0.899úúú

(0.041)
waves

wave1 0.462úúú 0.414úúú 0.449úúú 0.449úúú

(0.108) (0.108) (0.107) (0.107)
wave2 0.079úúú 0.089úúú 0.072úú 0.078úúú

(0.023) (0.023) (0.023) (0.023)
wave3 ≠1.132úúú ≠1.111úúú ≠1.125úúú ≠1.130úúú

(0.056) (0.056) (0.056) (0.056)
Constant ≠6.360úúú ≠6.298úúú ≠6.539úúú ≠6.428úúú

(0.041) (0.041) (0.045) (0.042)
Observations 615,497 615,497 615,497 615,497
Log Likelihood ≠31,663 ≠31,726 ≠32,040 ≠31,869
AIC 63,362 63,476 64,101 63,761
McFadden R-squared 0.324 0.323 0.316 0.320

Note: úp<0.05; úúp<0.01; úúúp<0.001
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Table 6.4: AME

Dependent variable:

hospitalisation death_covid
female ≠0.021úúú ≠0.023úúú ≠0.010úúú ≠0.010úúú

age 30-45 0.064úúú 0.068úúú

age 45-60 0.121úúú 0.135úúú

age 60-75 0.260úúú 0.306úúú

age 75 plus 0.436úúú 0.492úúú

age 65-75 0.066úúú 0.073úúú

age 75-85 0.126úúú 0.136úúú

age 85 plus 0.198úúú 0.202úúú

SSRIs 0.004úúú 0.002úú 0.003úúú 0.002úú

diabetes 0.021úúú 0.005úúú

copd_asthma 0.027úúú 0.004úúú

hypertension 0.017úúú 0.005úúú

stroke 0.008úúú 0.006úúú

oncological_treatment 0.009úúú 0.001úúú

chronic_kidney_diseases 0.017úúú 0.008úúú

liver_diseases 0.004úú 0.008úú

obesity 0.025úúú 0.004
IHD 0.005
cci_1to2 0.024úúú 0.008úúú

cci_3to4 0.041úúú 0.017úúú

cci_4plus 0.042úúú 0.025úúú

wave1 0.027úúú 0.025úúú 0.007úúú 0.006úúú

wave2 ≠0.007úúú ≠0.007úúú 0.001ú 0.001úú

wave3 ≠0.012úúú ≠0.011úúú ≠0.010úúú ≠0.010úúú

Observations 612,368 612,368 615,497 615,497
Log Likelihood ≠89,194 ≠90,439 ≠31,663 ≠31,726
úúúp < 0.001; úúp < 0.01; úp < 0.05
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6.2 Zero-inflated negative binomial model
The primary objective of the second analysis is to explore the e�ect of SSRIs

while addressing the issue of excess zeros in the dataset. Variable days_in_hosp
will be used as dependent variable. Since days_in_hosp is overdispersed (tested
below) count variable with excess of zeros and we assume that zeros in our
dataset are generated by two di�erent processes, ZINB serves as the best model
for our analysis. We chose the final predcitors for both parts of ZINB based
on AIC measure. The resulting model contains aggregated chronic conditions
chronic1, female, age and waves in the count part. For the logit part, the
best fit represented the model with each medical condition included separately.
Based on LR test of overall significance, we cannot reject the null hypothesis
that our estimated model demonstrates improved form over the null model.
Results of ZINB are shown in Table 6.5. The outcomes of alternative models
with di�erent independent variables are included in Table B.6.

The results of the dispersiontest in R confirmed the presence of overdis-
persion, validating the choice of ZINB over ZIP. In addition to overdispersion
and excessive zeros, comparable assumptions to logit are required by ZINB

(Zuur et al., 2012). There should be independence of observations, no outliers
and no perfect collinearity (Zuur et al., 2012). Due to the excessive zeros3 in
days_in_hosp, one should conduct the outlier analysis only on the positive
count part of the variable (Yang et al., 2011). We identified outliers as values
exceeding Q3+IRQ ·k, where Q1 is the first quantile, Q3 is the third quantile,
IRQ = Q3 ≠ Q1 is the inter-quartile range and k is set to 3 for the extreme
outliers (Yang et al., 2011). The resulting value for days_in_hosp equals 42.
However, we observed that most of the values above this threshold do not sub-
stantially deviate from other observations, do not appear rarely in our dataset
and their values appear reasonable from a theoretical point of view. We de-
cided against classifying all values above this threshold as outliers to avoid the
potential loss of valuable information. Instead, we decided to remove the six
highest observations, since they deviate from other observations the most4. We
verified the remaining assumptions using the same approaches as in Section 6.1.

A necessary discussion within our analysis involves the problem of endo-
geneity. Scientists have suggested that hospitals often lengthen the hospital
stay of patients even though they are already in the appropriate medical state

3For days_in_hosp, Q1 = Q3 = 0.
4We excluded days_in_hospital={93,95,101,108,130,134}.
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for discharge (Rojas-García et al., 2018). The non-clinical reasons for delayed
discharge may involve operational issues (for instance limited hospital service
on weekends), organisational delays (delayed inspections, assessments or ad-
ministrative work) or financial incentives (potential for increased government
funding stemming from each additional day a patient spends in hospital) (Cadel
et al., 2021). Therefore, the extended hospital stay of a patient might not nec-
essarily indicate that the patient required more time for recovery due to a
more severe condition. The non-medical reasons for the increased number of
days spent in hospital might lead to omitted variable bias. However, given the
context of the pandemic, where hospital capacity was often exhausted (Setola
et al., 2022), we assume that hospitals were not able to ine�ciently prolong
hospital stays. The primary goal was to release patients as soon as they were
fit enough to continue recovery at home. This assumption allows us to mitigate
concerns about endogeneity due to hospital ine�ciencies.

The outcome of ZINB consists of two parts, negative binomial estimates and
logit estimates. The interest of our analysis lies primarily in the second part
of the model, the logit part, which predicts the probability of being in the A0

(”certain zero”) group. This part serves as a form of sensitivity analysis to
Section 6.1. The coe�cient for variable SSRIs is significant and negative. This
implies that those taking SSRIs regularly had a lower probability to be among
individuals with all predispositions to not be hospitalised. Among SARS-CoV-2
infected individuals, being a SSRI user decreased the probability of being in the
”Always-0 Group” by 0.4 percentage points, holding other variables constant.
The e�ect of antidepressants did not change even when we replaced SSRIs
by antidepressants. Additionally, higher age or chronic diseases decreased the
probability of being in the ”certain zero” group. In contrast, female gender
was associated with higher chance of being in the A0 group. To conclude, the
binary part of ZINB aligns with the results from Section 6.1.

The first part of ZINB, the count model, estimates the count of days spent in
the hospital by COVID-19 positive individuals during our study period. This
part reveals that the coe�cient for SSRIs is insignificant, implying that there
is not enough evidence to claim that the SSRI use influenced the length of
the hospital stay. Contrarily, the individuals with chronic conditions exhibited
significantly longer duration of the hospital stay compared to individuals with-
out any chronic diseases. Among the individuals who had positive probability
to be hospitalised, having at least one chronic disease increased the expected
count of days spent in hospital by 0.89 days on average. Furthermore, being
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Table 6.5: Results of ZINB

Negative binomial part of ZINB
Coe�cients AME

female ≠0.103úúú (0.010) -0.759
age 30-45 0.164úú (0.055) 0.961
age 45-60 0.367úúú (0.052) 2.379
age 60-75 0.595úúú (0.052) 4.370
age 75 plus 0.552úúú (0.052) 3.957
SSRIs 0.012 (0.015) 0.092
chronic1 0.120úúú (0.014) 0.890
wave1 0.441úúú (0.043) 4.186
wave2 ≠0.054úúú (0.010) -0.399
wave3 ≠0.011 (0.016) -0.080
Constant 1.707úúú (0.051)

Logit part of ZINB
female 0.528úúú (0.013) 0.021
age 30-45 ≠1.183úúú (0.066) -0.007
age 45-60 ≠2.112úúú (0.062) -0.023
age 60-75 ≠3.430úúú (0.062) -0.087
age 75 plus ≠4.250úúú (0.063) -0.176
SSRIs ≠0.098úúú (0.021) -0.004
diabetes ≠0.482úúú (0.016) -0.022
COPD_asthma ≠0.598úúú (0.016) -0.028
hypertension ≠0.441úúú (0.016) -0.017
stroke ≠0.192úúú (0.026) -0.008
oncological_treatment ≠0.211úúú (0.018) -0.009
kidney_diseases ≠0.388úúú (0.023) -0.017
liver_diseases ≠0.100úú (0.034) -0.004
obesity ≠0.542úúú (0.062) -0.026
wave1 ≠0.542úúú (0.066) -0.028
wave2 0.184úúú (0.014) 0.008
wave3 0.322úúú (0.023) 0.013
Constant 5.716úúú (0.061)
Observations 612,362
Log Likelihood ≠180,827
AIC 361,950
Note: ú

p < 0.1; úú
p < 0.05; úúú

p < 0.01
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60 to 75 years old increased the expected stay in hospital by 4.37 days com-
pared to those 15 to 30 years old. Variable wave3 was insignificant, as well as
some of the chronic conditions when included separately5. We argue that there
is not enough evidence to claim that experiencing certain chronic conditions
(specifically chronic respiratory disease, chronic liver disease or stroke) in 1 year
prior to infection significantly a�ected the length of hospital stay for patients
recovering from COVID-19. Diabetes, oncological treatment received within
5 years prior the infection and hypertension were significantly associated with
the longer duration of the hospital visit in all models.

In the second model, we accounted for medication used for the treatment of
severe form of COVID-19, specifically remdesivir, in the count part of ZINB. Re-
sults6 of the model are displayed in Table 6.6. Since remdesivir is administered
primarily to patients experiencing the most critical symptoms, this medication
can serve as an indicator of the most severe cases of COVID-19. Consequently,
the positive sign of remdesivir suggests that high-risk individuals who received
remdesivir experienced longer hospital stay compared to those who did not
receive the medication. The key observation is the persisting insignificance of
SSRIs in the negative binomial part of the model and the negative coe�cient
in the logit part, confirming our previous results.

6.3 Discussion
The results of the analysis suggest a significant association between SSRIs and
an increased probability of hospitalizations or deaths due to COVID-19, sim-
ilar to other chronic diseases considered. One can speculate about plausible
explanations of this finding. First, we cannot exclude the possibility of SSRI

use being associated with specific behavioral patterns. People taking SSRIs

are used to regular visits to healthcare facilities for medication adjustments
and doctor’s assessments. Therefore, they may be more prone to seek medical
help even for minor symptoms of COVID-19 that most people would find tol-
erable. Furthermore, the pandemic related distress might have worsened the
mental condition of people already using antidepressants (see Section 2.1). The

5For results, refer to Table B.6.
6Due to multicollinearity issues, we accounted for age in logit part of ZINB in form of

dummy variable that distinguishes between high-risk individuals older than 65 years and
those younger than 65 years.
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Table 6.6: Results of ZINB

Negative binomial part of ZINB
Coe�cients AME

female ≠0.095úúú (0.010) -0.609
age 30-45 0.867úúú (0.065) 3.232
age 45-60 1.144úúú (0.063) 5.013
age 60-75 1.373úúú (0.062) 6.905
age 75 plus 1.370úúú (0.063) 6.873
SSRIs 0.019 (0.015) 0.126
remdesivir 0.377úúú (0.016) 2.930
chronic1 0.118úúú (0.014) 0.756
wave1 0.500úúú (0.044) 4.280
wave2 ≠0.066úúú (0.010) -0.419
wave3 ≠0.014 (0.017) -0.089
Constant 0.876úúú (0.063)

Logit part of ZINB
female 0.484úúú (0.013) 0.020
age 65 plus ≠1.927úúú (0.016) -0.105
SSRIs ≠0.179úúú (0.021) -0.008
diabetes ≠0.499úúú (0.016) -0.023
COPD_asthma ≠0.582úúú (0.016) -0.027
hypertension ≠0.730úúú (0.016) -0.030
stroke ≠0.266úúú (0.026) -0.012
oncological_treatment ≠0.262úúú (0.018) -0.011
kidney_diseases ≠0.416úúú (0.023) -0.019
liver_diseases ≠0.115úúú (0.035) -0.005
obesity ≠0.491úúú (0.062) -0.024
wave1 ≠0.525úúú (0.066) -0.028
wave2 0.158úúú (0.014) 0.007
wave3 0.332úúú (0.023) 0.013
Constant 3.975úúú (0.016)
Observations 612,362
Log Likelihood ≠182,928
AIC 365,950
Note: ú

p < 0.05; úú
p < 0.01; úúú

p < 0.001
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consequent factors like stress, lifestyle changes or a lack of respect for public
regulations might have contributed to the development of severe outcome.

Second, the antiviral e�ects of antidepressants might not have been as in-
tense in longer term users as in people receiving antidepressants as a short-
term antiviral therapy. Stauning et al. (2023) hypothesised that the anti-
inflammatory mechanisms of SSRIs may gradually diminish in regular users
over time. Third, given that individuals were using SSRIs prior to their Sars-
Cov2 infection, it is important to consider that their use may also indicate the
presence of major depressive disorder. People with depression are believed to
be more susceptible to a broad spectrum of infections plausibly due to immuno-
logical changes triggered by the mental illness (Andersson et al., 2015). Indeed,
the depression is suggested to increase the risk of COVID-19 progressing into
a severe outcome (Molero et al., 2023). Nakhaee et al. (2022) proposed that
the e�ective treatment of depression, for instance in the form of SSRIs, could
reduce this risk. However, our analysis proposes that the negative e�ect of
underlying depression might have still outweighed the positive e�ect of antide-
pressants. Finally, our results support the theory by McKeigue et al. (2021),
hypothesising that drugs with anticholinergic e�ects increase the probability
of severe COVID-19 (mentioned in Section 2.3). This suggestion stems from
the fact that both SSRIs and an aggregated group of all antidepressants yield
similar results in our analysis.

The e�ect of SSRIs on the expected number of days spent in hospital proved
insignificant. We infer that even though the consistent use of SSRIs increased
the probability of hospitalisation, there is no significant evidence to claim that
the subsequent length of hospital stay was influenced by their use.
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Conclusion

During the COVID-19 pandemic, the scientists proposed that antidepressants,
especially SSRIs, might exhibit antiviral properties that could mitigate the
severity of COVID-19 (Nakhaee et al., 2022). Yet, studies investigating the
hypothesized protective e�ects of antidepressants yield conflicting results. The
main purpose of this thesis is to examine whether the regular user of SSRIs was
less likely to exhibit a severe form of COVID-19.

We implemented logistic regression to estimate the probability of hospitali-
sation (or death) due to COVID-19 among the infected individuals. The study
sample consists of 612 368 individuals who tested COVID-19 positive once be-
tween 1 March 2020 and 27 December 2020. The results of the analysis suggest
that the use of SSRIs was significantly associated with an increased probability
of hospitalisation. Additionally, we found that SSRI users faced a higher risk to
die of COVID-19 in comparison with individuals not using SSRIs. In both cases,
the e�ect of antidepressants was rather small, however, statistically significant.
We used various independent variables, such as age, gender, chronic diseases
the individual su�ered from or the ”wave” of the pandemic in which the indi-
vidual was infected, to account for potential confounding factors. The e�ect
remained significant even when replacing SSRIs with the aggregated group of
all antidepressants. This finding suggests that the antidepressant medication
yield consistent outcomes, irrespective of its specific drug class. Afterwards, we
employed the zero-inflated negative binomial model to estimate the expected
days spent in hospital by each individual. The e�ect of SSRIs on the length
of hospital stay proved insignificant. The insignificant e�ect persisted even af-
ter adjusting for remdesivir, which was used to treat the most severe cases of
COVID-19.
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The rationale behind our findings can be derived through several theories.
First, the use of SSRIs may be potentially associated with specific behavioral
patterns. Second, the intensity of ”antiviral” e�ects of antidepressants may
diminish over time (Stauning et al., 2023). Third, SSRIs could also act as
an indicator of the underlying psychiatric condition. Indeed, major depres-
sive disorder is suggested to increase the risk of COVID-19 progressing into
severe outcome (Molero et al., 2023). Finally, the anticholinergic e�ects of an-
tidepressants may contribute to the increased probability of severe COVID-19
(McKeigue et al., 2021).

Our thesis contributes to the stream of diverging opinions by analysing
the large dataset coming from the Czech Republic, filling the research gap
in Czechia. The strength of this thesis is in the large sample size, which is
not usual in medical sciences. Furthermore, instead of all-cause mortality,
we inspected specifically death attributable to COVID-19 by implementing
ICD-10 codes created for COVID-19 purposes. Our study may be relevant in
the case of an epidemic with a virus of similar properties to Sars-Cov-2 breaks
out. Additionally, this study may have an implication in the medical field
by enriching the research on repurposing drugs for uses beyond their original
intentions. In further research, it might be interesting to investigate the e�ect
of antidepressants on other contagious respiratory diseases.

Several limitations of our thesis should be highlighted. First, we could
not include the factors associated with individual’s behaviour and habits, such
as smoking, alcohol consumption, highest education achieved or the type of
behaviour the individual engages in (risk aversion, etc.), that could have con-
tributed to the probability of experiencing severe COVID-19. Second, due to a
lack of expertise, the current study did not account for the dose of prescribed
antidepressants. Therefore, we cannot make a conclusion on whether the daily
dosage plays a role in the e�ectiveness of antidepressants. Third, we focused
solely on the early stage of the pandemic. We cannot rule out the possibil-
ity that the di�erent strains of the virus, which could have evolved over time,
interacted di�erently with SSRIs. Fourth, we cannot completely exclude the
possibility of endogeneity discussed in Section 6.2.

To conclude, consistent with Stauning et al. (2023) and others, no beneficial
protective e�ects of SSRIs against the severe form of COVID-19 was observed.
Our results thereby disincentivize the use of antidepressants as a form of long-
term preventive antiviral therapy against COVID-19.
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Appendix A

Risk factors

Table A.1: Coding algorithm for risk factors

Risk factor ICD-10 codes ATC codes

Diabetes mellitus A10
Coronary artery
disease

I20-I25

Liver diseases B15-B19, C22,
D68A4, I982, K70-
K77, Q618A, Z944

Oncological
treatment

D00-D09 L02

Hypertension CO2A, CO2B, CO2C, CO2L, C03A,
C03B, C03D, C03E, C03DA, C07B,
C07C, C07D, C08G, C02DA, C09BA,
C09DA, C02DB, C02DD, C02DG,
C07A, C07B, C07C, C07D, C07F,
C08, C09BB, C09DB, C09AA, C09BA,
C09BB, C09CA, C09DA, C09DB,
C09XA02, C09XA52

Asthma/COPD J40-J47 R03A, R03BB, R03DC
Chronic kidney
diseases

N02-NO8, N11, N12,
N14, N18, N19, N26,
N158, N159, N160,
N162, N163, N164,
N168, Q61, E102,
E112, 132, E142

Stroke I63, I64
Obesity E66, U59 A08

Source: Sindet-Pedersen et al. (2018); ÚZIS (2023)
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Results

Table B.1: GVIFs for Model with cci_score

GVIF Df GVIF (̂1/(2�Df))
female 1.049 1 1.024

age 1.210 4 1.024
SSRI 1.061 1 1.030

cci_1to2 1.224 1 1.106
cci_3to4 1.223 1 1.106
cci_4plus 1.068 1 1.033

waves 1.002 3 1.000

Table B.2: GVIFs for model with chronic1

GVIF Df GVIF (̂1/(2�Df))
female 1.049 1 1.024

age 1.257 4 1.029
SSRI 1.048 1 1.024

chronic1 1.204 1 1.097
waves 1.002 3 1.000



B. Results IV

Table B.3: Logit results for model including antidepressants

Dependent variable:

hospitalisation
(1) (2)

female ≠0.540úúú (0.013) ≠0.568úúú (0.013)
age

30-45 1.178úúú (0.065) 1.213úúú (0.065)
45-60 2.118úúú (0.061) 2.283úúú (0.061)
60-75 3.449úúú (0.061) 3.774úúú (0.060)
75plus 4.265úúú (0.061) 4.563úúú (0.060)

antidepressants 0.148úúú (0.018) 0.105úúú (0.018)
diabetes 0.482úúú (0.016)
COPD_asthma 0.592úúú (0.016)
hypertension 0.440úúú (0.016)
IHD 0.140 (0.125)
stroke 0.188úúú (0.026)
oncological_treatment 0.212úúú (0.018)
chronic_kidney_diseases 0.382úúú (0.023)
liver_diseases 0.100úú (0.034)
obesity 0.533úúú (0.061)
cci_score

cci_1to2 0.549úúú (0.015)
cci_3to4 0.794úúú (0.022)
cci_4plus 0.806úúú (0.038)

waves
wave1 0.561úúú (0.066) 0.528úúú (0.065)
wave2 ≠0.182úúú (0.014) ≠0.173úúú (0.014)
wave3 ≠0.323úúú (0.023) ≠0.303úúú (0.022)

Constant ≠5.761úúú (0.059) ≠5.723úúú (0.059)

Observations 612,368 612,368
Log Likelihood ≠89,172 ≠90,426
Akaike Inf. Crit. 178,382 180,878
R-squared 0.240 0.230

Note:
úp<0.1; úúp<0.05; úúúp<0.01
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Table B.4: Logit results for model including antidepressants

Dependent variable:

death_covid
(1) (2)

female ≠0.809úúú (0.024) ≠0.822úúú (0.024)
age

65-75 2.819úúú (0.047) 2.987úúú (0.044)
75-85 3.826úúú (0.046) 3.964úúú (0.043)
85plus 4.453úúú (0.047) 4.498úúú (0.045)

antidepressants 0.280úúú (0.028) 0.199úúú (0.029)
diabetes 0.423úúú (0.025)
COPD_asthma 0.290úúú (0.028)
hypertension 0.401úúú (0.031)
IHD 0.337ú (0.159)
stroke 0.425úúú (0.034)
oncological_treatment 0.099úúú (0.028)
chronic_kidney_diseases 0.538úúú (0.033)
liver_diseases 0.330úúú (0.058)
obesity 0.303ú (0.145)
cci_score

cci_1to2 0.594úúú (0.028)
cci_3to4 0.993úúú (0.034)
cci_4plus 1.241úúú (0.050)

waves
wave1 0.463úúú (0.108) 0.414úúú (0.108)
wave2 0.079úúú (0.023) 0.089úúú (0.023)
wave3 ≠1.131úúú (0.056) ≠1.110úúú (0.056)

Constant ≠6.364úúú (0.041) ≠6.298úúú (0.041)

Observations 615,497 615,497
Log Likelihood ≠31,638 ≠31,711
Akaike Inf. Crit. 63,312 63,447
R-squared 0.325 0.323

Note:
úp<0.1; úúp<0.05; úúúp<0.01
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Table B.5: Logit results for model including age as ordinal variable

Dependent variable:

hospitalisation

female ≠0.554úúú (0.013)
ordinal_age

25-29 0.527úúú (0.118)
30-34 0.954úúú (0.108)
35-39 1.298úúú (0.101)
40-44 1.754úúú (0.094)
45-49 2.077úúú (0.092)
50-54 2.429úúú (0.091)
55-59 2.709úúú (0.090)
60-64 3.279úúú (0.090)
65-69 3.806úúú (0.089)
70-74 4.225úúú (0.089)
75-79 4.537úúú (0.090)
80-84 4.729úúú (0.090)
85-89 4.712úúú (0.091)
90-94 4.633úúú (0.094)
95-99 4.453úúú (0.114)

SSRIs 0.076úúú (0.021)
diabetes 0.446úúú (0.016)
COPD_asthma 0.582úúú (0.016)
hypertension 0.359úúú (0.016)
stroke 0.147úúú (0.026)
oncological_treatment 0.158úúú (0.018)
chronic_kidney_diseases 0.363úúú (0.023)
liver_diseases 0.120úúú (0.034)
obesity 0.600úúú (0.062)
wave

wave1 0.543úúú (0.066)
wave2 ≠0.179úúú (0.014)
wave3 ≠0.323úúú (0.023)

Constant ≠6.001úúú (0.087)

Observations 612,368
Log Likelihood ≠88,294.580
Akaike Inf. Crit. 176,647.200

Note:
úp<0.05; úúp<0.01; úúúp<0.001
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Table B.6: Results of zero-inflated binomial models

Negative binomial part
Dependent variable: days_in_hosp

(1) (3) (4)
female ≠0.099úúú (0.010) ≠0.101úúú (0.010) ≠0.108úúú (0.010)
age

30-45 0.170úú (0.055) 0.148úú (0.055)
45-60 0.377úúú (0.052) 0.349úúú (0.052)
60-75 0.603úúú (0.052) 0.578úúú (0.052)
75 plus 0.560úúú (0.052) 0.538úúú (0.052)
65 plus 0.178úúú (0.011)

SSRIs 0.014 (0.015) 0.014 (0.015) 0.014 (0.015)
diabetes 0.044úúú (0.011) 0.054úúú (0.011)
COPD_asthma 0.018 (0.011) 0.022ú (0.011)
hypertension 0.048úúú (0.011) 0.073úúú (0.011)
stroke 0.028 (0.018) 0.028 (0.018)
oncological_t. 0.033úú (0.012) 0.037úúú (0.012)
kidney_dis. 0.027ú (0.015) 0.022 (0.015)
liver_dis. 0.002 (0.024) 0.006 (0.024)
obesity 0.044 (0.044) 0.036 (0.044)
wave1 0.441úúú (0.043) 0.428úúú (0.043)
wave2 ≠0.054úúú (0.010) ≠0.052úúú (0.010)
wave3 ≠0.011 (0.016) ≠0.006 (0.017)
chronic1 0.110úúú (0.014)
Constant 1.735úúú (0.051) 1.711úúú (0.051) 2.117úúú (0.013)

Logit part
(1) (3) (4)

female 0.528úúú (0.013) 0.546úúú (0.013) 0.484úúú (0.013)
age

30-45 ≠1.184úúú (0.066) ≠1.153úúú (0.066)
45-60 ≠2.113úúú (0.062) ≠2.049úúú (0.062)
60-75 ≠3.432úúú (0.062) ≠3.431úúú (0.062)
75 plus ≠4.251úúú (0.063) ≠4.287úúú (0.062)
65 plus ≠1.958úúú (0.016)

SSRIs ≠0.098úúú (0.021) ≠0.113úúú (0.021) ≠0.182úúú (0.021)
diabetes ≠0.480úúú (0.016) ≠0.498úúú (0.016)
COPD_asthma ≠0.598úúú (0.016) ≠0.584úúú (0.016)
hypertension ≠0.442úúú (0.016) ≠0.756úúú (0.016)
stroke ≠0.190úúú (0.026) ≠0.264úúú (0.026)
oncological_t. ≠0.210úúú (0.018) ≠0.263úú (0.018)
kidney_dis. ≠0.386úúú (0.023) ≠0.414úúú (0.023)
liver_dis. ≠0.101úú (0.034) ≠0.122úúú (0.035)
obesity ≠0.541úúú (0.062) ≠0.490úúú (0.062)
chronic1 ≠0.861úúú (0.018)
wave1 ≠0.543úúú (0.066) ≠0.551úúú (0.066) ≠0.536úúú (0.066)
wave2 0.184úúú (0.014) 0.187úúú (0.014) 0.157úúú (0.014)
wave3 0.322úúú (0.023) 0.313úúú (0.023) 0.331úúú (0.023)
Constant 5.717úúú (0.061) 5.785úúú (0.061) 4.033úúú (0.016)
Observations 612,362 612,362 612,362
Log Likelihood ≠180,830.900 ≠181,961.100 ≠183,505.800

Note:
úp<0.05; úúp<0.01; úúúp<0.001
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Table B.7: Results of zero-inflated binomial model including age as
ordinal variable

Dependent variable: days_in_hosp

Count part Binary part

female ≠0.095úúú (0.010) 0.484úúú (0.013)
20-24 0.678úúú (0.153)
25-29 1.550úúú (0.131)
30-34 1.742úúú (0.122)
35-39 1.944úúú (0.116)
40-44 1.989úúú (0.112)
45-49 2.102úúú (0.110)
50-54 2.219úúú (0.110)
55-59 2.296úúú (0.110)
60-64 2.424úúú (0.109)
65-69 2.445úúú (0.109)
70-74 2.452úúú (0.109)
75-79 2.459úúú (0.109)
80-84 2.402úúú (0.109)
85-89 2.370úúú (0.109)
90-94 2.376úúú (0.111)
95-99 2.236úúú (0.121)
65 plus -1.921úúú (0.016)
SSRIs 0.015 (0.015) ≠0.178úúú (0.021)
diabetes 0.037úúú (0.011) ≠0.496úúú (0.016)
COPD_asthma 0.015 (0.011) ≠0.585úúú (0.016)
hypertension 0.035úúú (0.012) ≠0.722úúú (0.016)
stroke 0.026 (0.018) ≠0.265úúú (0.026)
oncological_treatment 0.027úú (0.012) ≠0.259úúú (0.018)
kindey_diseases 0.030úú (0.015) ≠0.414úúú (0.023)
liver_diseases 0.004 (0.025) ≠0.113úúú (0.035)
obesity 0.090úú (0.045) ≠0.494úúú (0.062)
wave1 0.456úúú (0.044) ≠0.524úúú (0.066)
wave2 ≠0.056úúú (0.010) 0.162úúú (0.014)
wave3 ≠0.012 (0.017) 0.333úúú (0.023)
Constant ≠0.098 (0.108) 3.961úúú (0.016)

Observations 612,362
Log Likelihood ≠183,118.800
Note:

úp<0.05; úúp<0.01; úúúp<0.001


	Abstract
	Contents
	List of Tables
	List of Figures
	Acronyms
	1 Introduction
	2 Theoretical background
	2.1 Mental health and antidepressants
	2.2 COVID-19 pandemic
	2.3 Mechanism of action of SSRIs

	3 Literature review
	3.1 Fluvoxamine
	3.2 Antidepressants in observational studies
	3.3 Hypothesis and contribution

	4 Data
	4.1 Data source
	4.2 Data preparation
	4.3 Description of variables
	4.3.1 Dependent variables
	4.3.2 Explanatory variables

	4.4 Data cleansing
	4.5 Descriptive statistics

	5 Methodology
	5.1 Logistic regression
	5.2 Zero-inflated negative binomial model

	6 Results
	6.1 Logistic regression
	6.2 Zero-inflated negative binomial model
	6.3 Discussion

	7 Conclusion
	Bibliography
	A Risk factors
	B Results

