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Find out the cause of this effect,
Or rather say, the cause of this defect,
For this effect defective comes by cause.

WILLIAM SHAKESPEARE
HAMLET, ACT II, SCENE 2
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Abstract

The objective of this thesis is to examine some challenges that may
emerge when conducting time-to-event studies based on observational
data. Time-to-event (also called survival) is a setting that involves an-
alyzing how different factors may influence the length of time until an
individual experiences the event of interest. This type of analysis is com-
monly applied in fields such as medical research and epidemiology. In
this thesis, which focuses on stroke, we are interested in the time to a
recurrent stroke or the death of a patient who survived a first stroke.

Hazard ratios are one of the main parameters estimated in time-to-
event studies. Hazard ratios involve comparing the risk of experiencing
the event between two groups, usually a treated group and an untreated
group. They can also involve other factors, such as different age groups.
Hazard ratios can be estimated from the data by using the Cox regression
model.

Observational data, in contrast to experimental data, involves data
collected without any intervention or random assignment of treatment to
the individuals. Confounders, that is, variables that distort or obscure
the true relationship between treatment and outcome, are always present
and need to be controlled for in observational studies.

National registers are an important source of observational data. A
national registry is a centralized database or system that collects, stores,
and maintains information about a specific population or group of indi-
viduals within a country. Sweden is known for its detailed and complete
national registers. In this thesis, data from the Swedish Stroke Register
(Riksstroke) is used to study factors related to stroke.

In time-to-event studies involving observational data, several chal-
lenges may arise for the researcher during data analysis. Some individuals
may not experience the event during the observation period and thus the
information about their time until the event is incomplete. These in-
dividuals are considered as censored. Some individuals may experience
another event rather than the one of interest, a competing risk. Addi-
tionally, models must be properly constructed, with researchers selecting
variables and determining the suitable functional form.

Four papers are included in the thesis. Paper I demonstrates how to
handle competing risks in survival analysis. The study involves comparing
individuals with and without standard modifiable risk factors and their
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risks of a recurrent stroke or death using data from the Swedish Stroke
Register.

The estimation of marginal hazard ratios is a common theme in the
other three papers. All involve simulation studies in order to extend
methods and explore best practices when estimating marginal hazard
ratios.

Paper II explores non-parametric methods that can be used as alter-
natives to more traditional parametric methods when balancing datasets
in order to estimate a marginal hazard ratio. A case study was also con-
ducted using data from the Swedish Stroke Register involving the pre-
scription of anticoagulants at hospital discharge after a stroke.

Paper III is about how censoring affects marginal hazard ratio esti-
mation, even with perfect balancing of the dataset. We study this issue,
taking into consideration varying effect sizes and censoring rates. A pro-
cedure to attenuate the problem is also studied.

Paper IV concerns covariate selection in the case of high-dimensional
data. High-dimensional data involves cases in which the number of co-
variates in the study is comparable to the number of individuals, and
therefore covariate selection methods are needed. In the paper, we ex-
plore some of these methods and suggest a best-performing procedure.
As Paper II, Paper IV involves a case study of anticoagulant prescription
using data from the Swedish Stroke Register.

KEYWORDS: survival analysis, causal inference, hazard ratios, marginal
hazard ratio, stroke, balancing
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Sammanfattning (Summary in Swedish)

Syftet med denna avhandling dr att understka nagra av de utmaningar
som kan uppsta ndr man genomfor tid-till-hédndelse-studier baserade pa
observationsdata. Tid-till-hdndelse-analys (dven kédnt som 6verlevnads-
analys) anvands for att undersoka hur olika faktorer paverkar tiden till
att en specifik héndelse intraffar for en individ. Denna analysmetod &r
vanlig inom medicinsk forskning och epidemiologi. I denna avhandling,
som fokuserar pa stroke, undersoks tiden till en aterkommande stroke
eller doéd hos patienter som Gverlevt en forsta stroke.

Viktiga parameter i tid-till-héndelse-studier ar hasardkvoter, som jam-
for risken for handelsen mellan tva grupper. T.ex. en medicinskt behand-
lad och en obehandlad grupp eller olika aldersgrupper. Vanligtvis anvands
en Cox regressionsmodell for att uppskatta hasardkvoter.

Observationsdata skiljer sig fran experimentella data genom att de
samlas in utan intervention eller slumpmasig tilldelning av behandling.
Forvixlingsfaktorer, som kan forvrianga eller délja det verkliga samban-
det mellan behandling och utfall, maste da tas i beaktning i observation-
sstudier.

Nationella register dr en viktig kélla till observationsdata. Ett na-
tionellt register ar en central databas eller ett system som samlar in, lagrar
och underhaller information om en specifik population eller grupp av in-
divider inom ett land. Sverige ar ként for sina detaljerade och kompletta
nationella register. I denna avhandling anvinds data fran det svenska
strokeregistret (Riksstroke) for att studera faktorer relaterade till stroke.

I tid-till-hdndelse studier med observationsdata kan flera utmaningar
uppsta for forskaren under dataanalysen. Vissa individer kanske inte
upplever héndelsen under observationsperioden och dérmed &r informa-
tionen om deras tid fram till hdndelsen ofullstdndig. Dessa individer be-
traktas som censurerade. Vissa individer kan uppleva en annan héndelse
an den som &r av intresse, en konkurrerande risk. Dessutom édr noggrann
modellkonstruktion, med bra variabelval och lamplig funktionell form,
avgorande.

Fyra artiklar ingar i avhandlingen. I Artikel I demonstreras hur man
hanterar konkurrerande risker i 6verlevnadsanalys. I studien jamfors in-
divider med och utan standardiserade modifierbara riskfaktorer och deras
risk for aterkommande stroke eller dod med hjélp av data fran det sven-
ska strokeregistret.
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Uppskattningen av marginella hasardkvoter ar ett gemensamt tema i
de 6vriga tre artiklarna. Alla innehaller simuleringsstudier for att utvidga
metoderna och utforska bésta praxis vid uppskattning av marginella
hasardkvoter.

I Artikel IT undersoks icke-parametriska metoder som kan anvindas
som alternativ till mer traditionella parametriska metoder nar man bal-
anserar dataset for att uppskatta en marginella hasardkvoter. En fall-
studie genomfordes ocksa med hjélp av data fran det svenska strokereg-
istret om forskrivning av antikoagulantia vid utskrivning fran sjukhus
efter en stroke.

Artikel I1I handlar om hur censurering paverkar skattning av marginella
hasardkvoter, dven med perfekt balansering av datasetet. Vi studerar
denna fraga och tar hiansyn till varierande effektstorlekar och censurerings-
frekvenser. En procedur for att minska felskattningen vid censurering
studeras ocksa.

Artikel IV handlar om urval av kovariater vid hogdimensionella data.
Hogdimensionella data innebér fall dar antalet kovariater i studien &ar
jamforbart med antalet individer. I uppsatsen utforskar vi nagra av dessa
metoder och foreslar ett forfarande som ger bést resultat. I likhet med
Artikel II innehéller Artikel IV en fallstudie av forskrivning av antikoag-
ulantia med hjalp av data fran det svenska strokeregistret.



Resumo (Summary in Portuguese)

O objetivo dessa tese é examinar alguns desafios que podem surgir quando
realizam-se estudos de tempo até evento usando dados observacionais.
Analise de tempo até evento (também conhecida como de andlise de so-
brevivéncia) ¢ um cendrio que envolve a analise de como diferentes fatores
podem influenciar o periodo de tempo até que um individuo vivencie o
evento de interesse. Esse tipo de analise é comumente aplicado em areas
como pesquisa médica e epidemiologia. Nesta tese, que tem como foco
acidente vascular cerebral (AVC), estamos interessados no tempo até um
AVC recorrente ou até a morte de um paciente que sobreviveu a um
primeiro AVC.

Razoes de risco s@o um dos principais parametros estimados em es-
tudos de tempo até o evento. Razdes de risco envolvem a comparagao
do risco de ocorréncia do evento entre dois grupos, geralmente um grupo
que recebeu tratamento e um grupo nao tratado. Razoes de risco também
podem envolver outros fatores, como diferencas de idade. Razdes de risco
podem ser estimadas utilizando o modelo de regressao de Cox.

Dados observacionais, em contraste com os dados experimentais, en-
volvem dados coletados sem qualquer intervencéo ou atribuicao aleatéria
de tratamento aos individuos. Fatores de confusdo, ou seja, as varidveis
que distorcem ou obscurecem a verdadeira relagdo entre o tratamento e o
resultado, estdo sempre presentes e precisam ser controlados em estudos
observacionais.

Registros nacionais sdo uma importante fonte de dados observacionais.
Um registro nacional é um banco de dados ou sistema centralizado que co-
leta, armazena e mantém informagoes sobre uma populacao especifica ou
um grupo de individuos em um pais. A Suécia é conhecida por seus reg-
istros nacionais detalhados e completos. Nesta tese, os dados do Registro
Sueco de AVC (Riksstroke) sao usados para estudar fatores relacionados
ao AVC.

Em estudos de tempo até o evento envolvendo dados observacionais,
varios desafios podem surgir para o pesquisador durante a andlise de da-
dos. Alguns individuos podem néao passar pelo evento durante o periodo
de observacao e, portanto, as informagoes sobre o tempo decorrido até
o evento sao incompletas. Esses individuos sao considerados censurados.
Individuos podem também passar por outro evento em vez daquele de
interesse, um risco concorrente. Além disso, os modelos devem ser con-
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struidos adequadamente, com os pesquisadores selecionando as varidveis
e determinando a forma funcional adequada.

Quatro artigos estdo incluidos na tese. O Artigo I demonstra como
lidar com riscos concorrentes na andlise de sobrevivéncia. O estudo en-
volve a comparac¢ao de individuos com e sem fatores de risco modificaveis
padrdo e seus riscos de um AVC recorrente ou morte usando dados do
Registro Sueco de AVC.

A estimativa de razdes de risco marginais é um tema comum nos out-
ros trés artigos. Todos envolvem estudos de simulacao para ampliar os
métodos e explorar as praticas recomendadas ao estimar razoes de risco
marginais.

O Artigo II explora métodos nao paramétricos que podem ser usados
como alternativas aos métodos paramétricos mais tradicionais ao equili-
brar conjuntos de dados para estimar uma razao de risco marginal. Tam-
bém foi realizado um estudo de caso usando dados do Swedish Stroke
Register envolvendo a prescricdo de anticoagulantes na alta hospitalar
apés um AVC.

O Artigo III trata de como a censura afeta a estimativa de razdes
de risco marginal, mesmo com o balanceamento perfeito do conjunto de
dados. Estudamos essa questao, levando em consideracao o tamanhos de
efeito do tratamento e diferentes taxas de censura. Também é estudado
um procedimento para atenuar o problema.

O Artigo IV trata da selecao de covaridveis no caso de dados de al-
tas dimensoes. Os dados de altas dimensoes envolvem casos em que o
nimero de covariaveis no estudo é compardvel ao nimero de individuos
e, portanto, sdo necessarios métodos de selecdo de covariaveis. Neste ar-
tigo, exploramos alguns desses métodos e sugerimos um procedimento de
melhor desempenho. Como no Artigo II, o Artigo IV envolve um estudo
de caso de prescricdo de anticoagulantes usando dados do Registro Sueco
de AVC.
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1 Introduction

This thesis focuses on the study of best practices and applications of
hazard ratio estimation or survival analysis in a time-to-event setting,
based on observational data. Observational studies involve the collection
of data without imposing any treatments or interventions on the subjects,
in contrast to experiments where treatments are assigned (Herndn and
Robins, 2020).

In time-to-event studies, the researcher is often trying to understand
the effect of a certain treatment or possible risk factors on the time from
beginning of follow-up until an event occurs in individuals from a certain
population. Time-to-event studies are most commonly found in epidemi-
ology and medicine, but they are also used in a range of other scientific
disciplines such as economics, the social sciences, the environmental sci-
ences, and engineering (Kleinbaum and Klein, 2005).

Hazard ratios are some of the most commonly estimated parameters,
usually relying on the Cox proportional hazards model. Hazard ratios
represent the relative likelihood of an event happening in one group com-
pared to another group over time. The two groups usually compared are
one under the treatment regime and another untreated (control) group
(Kleinbaum and Klein, 2005).

In scientific research the effects of treatments or interventions are tradi-
tionally studied using randomized controlled trials (RCTs), which provide
a way to isolate the treatment effects on the time-to-event from other pos-
sible confounders (or confounding variables). In this case, a confounder is
any variable that might distort or obscure the true relationship between
treatment and outcome. However, RCTs have limitations related to the
number of participants as well as the cost, generalizability, ethics, and
duration of the study. For example, if we wanted to study the effects of
smoking on the human body, it would be unethical to encourage study
participants to smoke or to continue smoking (Herndn and Robins, 2020).

These problems can be circumvented by conducting an observational
study. While such studies inevitably include confounding variables, they
have become more common in recent years with advances in technology
that facilitate the collection and storage of large amounts of data. There
is thus growing interest in using observational data to emulate the con-
ditions found in RCTs, for example, by removing confounding bias and
establishing causal links between variables (Rosenbaum, 2017).



This thesis aims to explore a diverse range of problems that may arise
when estimating hazard ratios from time-to-event data derived from ob-
servational studies. Paper I is an application of methods to estimate
conditional hazard ratios of a recurrent stroke in the presence of com-
peting risks of death using observational data from the Swedish Stroke
Register (Riksstroke). Paper Il examines non-parametric methods for
balancing datasets and estimating the marginal hazard ratio, with an
application regarding the use of anticoagulants in post-stroke recovery.
Paper III and Paper IV are further extensions on marginal hazard ratio
estimation considering more extreme scenarios, respectively, high censor-
ing and high-dimensional data.

The thesis is organized as follows. Section 3 is an introduction to sur-
vival analysis. Section 4 is about hazard ratios and their role in survival
analysis. Section 5 concerns the potential outcomes framework and bal-
ancing of datasets. Section 6 deals with the basis of simulating survival
data with a prespecified marginal hazard ratio, a technique used in Pa-
pers II, III and IV. Section 7, summarizes the papers. Finally, Section
8 is a closing statement of the thesis, with some suggestions for further
research on the topics covered in this thesis.

2 Stroke and the Swedish Stroke Register

Stroke is a major cause of death and disabilities worldwide. It is a com-
plex disease and can be related to a wide range of risk factors, disease
processes and mechanisms, and their combinations (Kuriakose and Xiao,
2020; O’Donnell et al., 2016). The two main types of stroke are ischemic
stroke, caused by blockage of a blood vessel in the brain, and hemorrhagic
stroke, caused by bleeding in the brain (Murphy and Werring, 2020).

The risk factors for stroke can be classified into two major groups: non-
modifiable risk factor, such as age, gender, genetics, and modifiable risk
factors, such as hypertension, diabetes, atrial fibrillation (AF), smoking,
hyperlipidaemia, alcohol consumption and substance abuse, social eco-
nomic status (SES), and obesity. Age is usually considered to be the
most important risk factor, only about 10%-15% of all strokes happen in
individuals below 55 years old (Murphy and Werring, 2020).

In Sweden, 72 hospitals provide acute stroke care and register stroke
patients in the Swedish Stroke Register (Riksstroke). Riksstroke was



established in 1994 in order to help with monitoring and improving the
quality of stroke care in Sweden. It is estimated that more than 90% of
all strokes in Sweden are part of Riksstroke (Riksstroke, 2023).

Data collected by Riksstroke includes basic patient information such as
age and sex, as well as the patient’s cardiovascular risk factors such as AF,
hypertension, diabetes and smoking, living conditions before the stroke,
and dependency on others to carry out activities of daily living (ADL).
Riksstroke also collects information on acute care and secondary preven-
tion as well as follow-up data reported by the patients three months after
stroke, including ADL dependency. Individual information on Riksstroke
can be cross-referenced with other Swedish registers to include additional
information such as date and cause of death from the Cause of Death
Register (Eriksson et al., 2010; Lindmark, Glader, et al., 2014; Lind-
mark, Eriksson, and Darehed, 2022)

3 Survival analysis

Survival analysis, also known as time-to-event analysis or event history
analysis, focuses on understanding the distribution of the time it takes
for an event to happen. This type of analysis is particularly useful when
we are interested in estimating the probability of an event occurring over
a specified period. The main variable of interest in survival analysis is
the survival time (or time-to-event). This is the time from the start
of the study until the occurrence of the event or a predefined endpoint
(Kleinbaum and Klein, 2005).

The event of interest could be anything that takes place over time,
such as death, failure of a machine, finding a job, or recovery from a dis-
ease. Survival analysis is widely used in various fields including medicine,
engineering, economics, and the social sciences.

Censoring is an important factor to be considered in survival analysis.
An individual is considered to be censored when their survival time is not
completely known. This can happen in two main forms: left censoring
and right censoring.

In right censoring, the true survival time is not observed since the event
does not occur before the end of the study. Left censoring occurs when
the event of interest has already occurred for some subjects before the
study began, and their event times are known only within a certain range



or interval. When studying a disease, for example, some individuals may
already have developed the disease before the study and data collection
began (Leung, Elashoff, and Afifi, 1997).

The relationship of the censoring mechanism to other variables and
the time-to-event is another factor to be considered. Independent cen-
soring occurs when the the survival time 7" and the censoring time C' are
independent. Non-informative censoring occurs when the probability of
an individual being censored at a time ¢ does not depend on that indi-
viduals’s prognosis for failure at time ¢. Finally, when censoring time is
dependent on the time-to-event, the censoring mechanism is referred to as
informative censoring (Kleinbaum and Klein, 2005; Willems et al., 2018).

In survival analysis, one of the main goals is to estimate the survival
function (or curve), denoted as S(t). The survival function is the proba-
bility that an individual will survive beyond time ¢ without experiencing
the event. Given T as the time-to-event, a common estimator for the
survival probability at a failure time #;y is the Kaplan-Meier (KM) esti-
mator (Kaplan and Meier, 1958):

J
S(t(j)) = H PI“(T > t(m)|T > t(m)). (1)
m=1

The KM estimator is a non-parametric method that allows one to es-
timate the survival function from censored data and provides an estimate
of the probability of surviving beyond each observed time point. It is
particularly useful for visualizing survival trends and comparing different
groups within a dataset. An example of Kaplan-Meier curves can can be
seen in Figure 1.



Group Untreated =+ Treated

\

=}
S

o
J
o

Survival Probability
o o
> 3

o
o
S

0 200 400 600 800
Time

Figure 1: Example of Kaplan-Meier curves

4 Hazard ratios

Suppose for each individual ¢ = 1,...,n we have p measured covariates
X = (Xi,..., Xip)T, a treatment status for each individual Z; (Z; = 1
if treated; Z; = 0 if untreated), and T; as the recorded follow-up time. T;
can be incomplete, or censored, when Cj, the censoring time, is lower than
Y;, the true time-to-event, that is, 7; = min{Y;, C;}. In this case, D; =
ly,<c; is the event indicator. Throughout this thesis, we will assume that
censoring is right censoring and non-informative, common assumptions in
time-to-event studies. If there are no competing risks, the hazard function
is defined as (Kleinbaum and Klein, 2005):

. Prob(t <T <t+ AT > 1)
MO = de A | .

The hazard function is a function of time and describes the instanta-
neous rate of occurrence of the event of interest among the individuals
still at risk. For example, if the event of interest is a stroke, the hazard
function describes the instantaneous probability of one of the individuals
at risk suffering a stroke.

The Cox proportional hazards model (a semi-parametric regression
model) (Cox, 1972) is a common way to estimate hazard ratios and relate
them to covariates and a treatment variable. It can be written as:

h(t|Xs, Zi) = ho(t)el @24 2 Xivow) 3)

where hg(t) is the baseline hazard function, e is the hazard ratio be-



tween Z; = 1 and Z; = 0 and e®* are the hazard ratios for each of the
p covariates respectively, given that all other variables are held constant.
As this model depends on variables being held constant, the hazard ratios
being estimated are conditional hazard ratios (CHRs).

However, in some cases we might be interested in estimating the
marginal hazard ratio (MHR), that is, the effect when no other covariates
are held constant. With an ideal RCT, this too can be accomplished us-
ing the Cox proportional hazards model, with the treatment as the only
regressor (Austin, 2014):

h(t|Z;) = ho(t)el®2%). (4)

This is possible with an ideal RCT since both the treated and un-
treated groups would be exactly the same in all possible covariates, dif-
fering only in treatment status and outcome. Thus, there is no source
of confounding between outcome and treatment, and the MHR can be
directly estimated (Austin and Stuart, 2015a).

However, if a subject can experience any of a set of different events, this
implies the presence of competing risks. The hazard functions of interest
in that case are the cause-specific hazard function and the subdistribu-
tion hazard function. The cause-specific hazard function is defined by
(Pintilie, 2006):

Prob(t <T <t+ At,D =k|T > t)

h(t) = Alimo
t—

where D denotes the type of event that occurred. In comparison, the
subdistribution hazard function is defined by:

< = >
B () = Alimo Prob ((t <T <t+ At,D Z|tT >t)or (T <tand D # k))
—
(6)

Both cause-specific and subdistribution hazard ratios can be estimated

by modified Cox regression models. In general, when competing risks are
present, cause-specific models are more common for researching etiologic
questions, while subdistribution models are more suited to estimating
incidence or predicting prognosis. However, when publishing time-to-
event studies involving competing risks, the general recommendation is to
report results for both cause-specific and subdistribution models (Austin,
Lee, and Fine, 2016).



5 Potential outcomes and balancing

If the data being used for analysis is observational and does not come
from an RCT, estimation of the MHR will be biased due to confounding.
However, it is still possible to achieve an unbiased estimation of the MHR,
by using balancing methods on the dataset. This procedure is based
on the similar problem of estimating treatment effects in the potential
outcomes framework (Austin, 2014).

In the potential outcomes framework, all individuals in the sample
have a pair of potential outcomes Y;(0) and Y;(1). This pair of out-
comes are, respectively, in the control regime (Z; = 0) and outcome under
treatment (Z; = 1). For each individual, only one outcome is observed:
Y = ZYi(1) + (1 — Z;)Y;(0) (Herndn and Robins, 2020). In this frame-
work, a commonly estimated parameter is the average treatment effect
(ATE), defined as ATE = E[Y;(1) — Y;(0)]. An important assumption for
ATE estimation in an observational study is that of unconfoundedness
(or ignorability). This assumption is represented by:

{Yi(0),Y;(1)} L Z[X,. (7)

We also define any covariate X that is part of the minimally suffi-
cient adjustment set for this unconfoundedness definition as a confounder
(VanderWeele and Shpitser, 2013). A common example of a confounder
is a covariate that affects both the treatment and/or assignment of the
treatment and the outcome itself. These relationships can be represented
by graphs (Pearl, 2009) and a simple case can be seen in the example in
Figure 2.

@) ®

Figure 2: Example graph. X is a confounder when trying to estimate the effect
of Z (treatment) on Y (outcome)

Although we only observe one of the potential outcomes for each indi-



vidual, in RCTs it is easy to estimate the ATE at a population level, since
both the treated and the untreated groups are assumed to be equivalent,
in which case confounding bias is not present. In practice, we can esti-
mate how similar the treated and untreated groups are by using balancing
measures such as the absolute standardized mean difference (ASMD) (Z.
Zhang et al., 2019). For a covariate X, the ASMD is defined as:

ASMD — ‘Xtreated - Xuntreated’ (8)
\/(S%reated + Slzlntreated)/2

where Xireated a0d Xyntreated are the sample means of X in treated and
untreated subjects, respectively, and sZ,..q and s . . . the analogous
sample variances. Higher values of ASMD imply larger differences be-
tween the two groups. Usually an ASMD value of 0.25 in a covariate is
considered balanced, although stricter thresholds, for example, 0.10, have
also been suggested (Austin, 2009). It is common to plot ASMD values

to better grasp how unbalanced a dataset is, as in Figure 3

In observational studies, this unbalancing of the covariates between
groups is a source of bias due to confounding. In order to account for the
bias induced by confounding, we first define the concept of propensity
score in order to estimate the ATE. The propensity score is the probabil-
ity of an individual receiving the treatment, given its observed covariates:
Prob(Z; = 1|X;). Using the propensity score, there are two main meth-
ods that enable a researcher to control for confounders, so mimicking
the conditions of a RCT and obtaining a balanced dataset: propensity
score matching (PSM) and inverse probability of treatment weighting
(IPTW). Concisely, PSM pairs individuals in the dataset with similar
propensity scores while discarding the rest. IPTW, on the other hand,
assigns weights to each individual. Hence, both methods produce a bal-
anced dataset that is derived from the original one. The weights used for
ATE estimation with IPTW can be estimated by:

PS Zl 1-— Zz

YT Prob(Z, = 11X,) | 1= Prob(Z = 1[X,)’

(9)
b
3

In the time-to-event setting, both these methods can also be used to
produce balanced datasets. The next step is to then use this balanced
dataset in a Cox regression (equation 4). In a corresponding manner

where w!® is the weight assigned to individual i.
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Figure 3: Example of ASMD plot
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to ATE estimation and to RCTs, without any censoring involved, this
produces an unbiased estimator of the MHR (Austin, 2014; Austin and
Stuart, 2015b; Austin, 2013).

To estimate the propensity score, the most common method is the use
of a logistic regression:

ePotB1Xir+...0p Xip

Pr(Zi - 1|XZ) - 1 + ePotBriXit..BpXip (10)

In this parametric case, the selection of which covariates and their

transformations should be accounted for during the logistic regression is
an important factor. Model misspecification is known to cause bias during
the MHR estimation process. A commonly used method for variable
selection in association with logistic regression is ¢; regularization, also
known as lasso regression (Hastie, Tibshirani, and Friedman, 2001). This
is done by constraining the parameters of the logistic regression by:

p
D18l <A (11)
k=1

where A > 0 is a tuning parameter that controls the regularization. A
can be selected in a number of ways. Two possible alternatives are cross
validation (Hastie, Tibshirani, and Friedman, 2001) or, in the case of
balancing, directly targeting the ASMD of the covariates (Fowler et al.,
2017).

In addition to parametric methods, non-parametric methods can also
be used to generate weights. Non-parametric methods such as stable
balancing weights (Zubizarreta, 2015), entropy balancing (Hainmueller,
2012), and empirical balancing calibration weights (Chan, Yam, and Z.
Zhang, 2016), directly target the balancing of the covariates and have
been shown to be important alternatives for generating weights in causal
inference.

It is important to note that, unlike the ATE, the MHR cannot be
considered to be a causal parameter or causal treatment effect (Aalen,
Cook, and Rgysland, 2015; Hernan, 2010; Martinussen, Vansteelandt,
and Andersen, 2020). Even in an idealized RCT, the MHR concerns an
average between two populations, a treated population and an untreated
population, across time. However, it is not possible to guarantee that the
MHR will not change over time or that these two groups are comparable
across the entire period.

10



6 Simulation settings

Three of the papers in this thesis include simulation studies. This section
is a summary of the procedure to generate observational time-to-event
data with a prespecified MHR. The basic simulation scenario is based on
previous work by Setoguchi et al. (2008), Austin (2013) and Austin and
Stuart (2015b).

The first step is to sample ten independent covariates X = X7, ..., Xjo.
In this case, X1, X3, X5, X, Xs, and Xy are Bernoulli(p = 0.5) dis-
tributed, while X5, X4, X7 and X7y are sampled according to a standard
normal distribution. A true propensity score is then created for every
individual ¢ in the dataset:

logit(Pr(Z; = 1|1X;)) = ¢I'X,, (12)

where ¢ = (0.8,-0.25,0.6, —0.4, —0.8, —0.5,0.7,0,0,0)”. Using these
true PS values, we sample a treatment status variable,Z;, for each in-
dividual. Thus we can generate a linear predictor (LP):

LP, = o} Zi + 87X, (13)

BT is set as k x (0.3, —0.36, —0.73, —0.2,0, 0, 0,0.71, —0.19,0.26)” and o*
is a log conditional hazard ratio of the treatment. It should be noted
that k& can be used to control the degree of overlap between the treated
and untreated groups. The base case of k = 1 represents strong overlap
between the two groups. Increasing values of k result in weaker overlap.
To visualize how k affects the overlap, see Figure.4: Finally, we can assign
a time-to-event Y;:

AN 1/n
where u; is sampled from a standard uniform distribution and n and ~+*
are set tp 2 and 0.00002, respectively. In order to generate a specific MHR
(cr,), we must then choose a value for o that corresponds to the desired
MHR. This is done through aniterative bissection process that involves
simulating both potential outcomes (for Z; = 1 and Z; = 0), checking the
corresponding MHR associated with o and then adjusting as necessary,
as suggested by Austin (2013).

11
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Figure 4: Overlap example dataset with k = 1 and k = 3

In order to account for non-informative censoring, we can sample cen-
soring times C; values from other distributions. Two common distribu-
tions when considering censoring are the uniform distributions and the
Weibull distribution. We consider the cases where C; ~ uniform(0, §) or
C; ~ Weibull(n, #). To achieve a specific censoring rate, the value of 6
can be chosen by solving the integral:

~(6]7) = /D Prob(w = ju,6) fr,(u)du — . (15)

where 7 is the desired censoring proportion, D’ is the domain of 7; =

%%@, w = lgy>cy is an indicator variable for censoring and f,(-) is
the density function of 7;. If C; is distributed according to uniform(0, ),

we have:

T 1
Pr(w = 1|7, ,9=—1F<—,9n">. 16
( |7i,m,0) 0 n(/) (16)
And if C; ~ Weibull(n, 9):
Pr(w = 1jm,m0) = — (17)
rw = 7—1,7777 - 1+(9/Tz)n’

where I'(,-) is the lower incomplete gamma function. It is not possible
to explicitly find f-,(u), when X is a mix of normal and Bernoulli distri-
butions, as in our case. However, as recommended by Wan (2017), it can
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be estimated with kernel methods, finding a 6 value that results in the
desired censoring proportion.

This scenario is further modified in Paper II to account for model
misspecification and overlap, in Paper III to create an analogous RCT to
the observational study, and in Paper IV to consider a high-dimensional
case. More details can be seen in the respective parts of the thesis.

7 Summary of papers

7.1 Paperl

In Paper I, data from the Swedish Stroke Register (Risksstroke) is used
to study the long-term prognosis of individuals with acute ischemic stroke
in the absence of standard modifiable stroke risk factors (SMoRFs). In-
dividuals were considered to possess a SMoRF if they had one of hyper-
tension, diabetes, hyperlipidemia, atrial fibrillation, or an active smoking
history. One in five individuals who had suffered an ischemic stroke had
no SMoRFs, but little is known about the long-term prognosis of these
individuals.

In total, 152,588 total individuals who suffered an ischemic stroke
in Sweden between 2010 and 2020 were considered in the study. The
differences between individuals with and without SMoRFs were compared
using several methods, including relative risks, odds ratios, cumulative
incidence curves, and hazard ratios, considering the competing risks of a
recurrent stroke and death.

From this study we concluded that patients without SMoRFs have
a lower risk of short and long-term mortality than patients with one or
more SMoRFs. This was the largest and most comprehensive study of
first-presentation ischemic stroke in patients without risk factors.

7.2 Paper II

Paper II explored the estimation of marginal hazard ratios (MHRs).
Specifically, Paper II focuses on the differences between modeling and
balancing approaches. Modeling approaches such as inverse propensity
score weighting often rely on the correct specification of a parametric
model without targeting either balance or stability. On the other hand,
balancing approach methods are usually non-parametric and target co-

13



variate imbalances directly, allowing the researcher to explicitly set the
desired balance constraints.

The finite sample properties of different modeling and balancing ap-
proach methods were evaluated by estimating the marginal hazard ratio
using Monte Carlo simulations. The methods examined were logistic re-
gression, lasso, non-parametric covariate balancing propensity score, cali-
bration and entropy balancing, and stable balancing weights. The Monte
Carlo simulations evaluated scenarios with misspecification of the model,
censoring, and overlap. The methods were also illustrated by analyzing
data from the Swedish Stroke Register in order to estimate the effect of
anticoagulants on time to recurrent stroke or death in stroke patients with
atrial fibrillation at patient discharge.

In this paper we find that in simulated scenarios the balancing ap-
proach methods with good overlap and low or no model misspecification
performed similarly to the modeling approach methods. In scenarios in-
volving bad overlap and model misspecification, the modeling approach
method incorporating variable selection performed better than the other
methods. This indicates that methods that target covariate balance for
estimating MHRs are a valuable alternative. However, good performance
is not guaranteed in situations with, for example, poor overlap, high cen-
soring, or misspecified models/balance constraints.

7.3 Paper II1

Paper III continues the study of estimating the MHR, focusing on the
effects of non-informative censoring. For this goal, a Monte Carlo simu-
lation was set up with varying degrees of censoring.

The Monte Carlo simulation was adapted to consider scenarios with
varying degrees of censoring, two different censoring mechanism distribu-
tions (uniform and Weibull), and different values for the true MHR. The
process of estimating the MHR, was also considered using weighting and
matching and involving observational or experimental data.

In this paper, we show that the estimation of the MHR, is biased by
non-informative censoring, even under perfect randomization. This bias
increases as the rate of censoring is larger and the effect of the treatment
is stronger. When there is a treatment effect, the estimation is also un-
biased.

A procedure to minimize this censoring is also suggested. This proce-
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dure is successful at low and medium rates of censoring, but it is not able
to eliminate bias at the highest rates of censoring.

7.4 Paper IV

Paper IV is a further extension on MHR estimation. In this paper we
explored the best practices in estimating the MHR using high-dimensional
data. A Monte Carlo simulation was set up and a case study involving
Stroke Register data was also performed to showcase the methods studied.

The methods explored are well known in causal inference literature,
but have never been explored in the time-to-event case. Covariate se-
lection was performed with lasso to find sets of covariates related to the
treatment assignment and to the outcome. These groups were used in a
post-lasso regression to create weights used for the MHR estimation. The
union and intersection of these groups were also considered.

In addition, a multiply robust approach combining all the sets and
their combinations was studied as a way to improve the MHR estimation.
This inclusion of a multiply robust approach was shown to be successful
in improving performance, especially in the most complex scenarios.

8 Final remarks and further research

This thesis set out to explore some of the challenges that may arise when
conducting time-to-event studies based on observational data. Competing
risks, censoring, misspecification of models, and covariate selection were
explored in the papers that constitute this thesis.

Among these, the most important problem that remains unsolved is
related to censoring when estimating the MHR. The solution explored in
Paper I1I is only partial and was not able to solve the bias in the estima-
tion in scenarios with high censoring. This problem needs further study
as censoring is one of the most important components of time-to-event
studies. A possible solution might be the use of pseudo-observations,
which have been used previously to solve problems related to censoring
in survival analysis (Andersen and Pohar Perme, 2010; Andersen, Syri-
opoulou, and Parner, 2017).

Paper IV presents recommendations for covariate selection. It should
be noted that the experiments conducted in this case involved linear sce-
narios of data generation, and therefore lasso regression was an appropri-
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ate method. In the future, it would be interesting to see the performance
of more advanced machine learning methods in selecting covariates for
both treatment assignment and outcome, especially in non-linear scenar-
ios (Spooner et al., 2020).

Finally, one of the major disadvantages of the marginal hazard ratio is
that it cannot be interpreted as a causal parameter (Hernan, 2010; Mar-
tinussen, Vansteelandt, and Andersen, 2020; Aalen, Cook, and Rgysland,
2015). There have been advances in relation to investigating and estimat-
ing a causal HR (Axelrod and Nevo, 2023), but this is an estimator that
is quite new and still needs development, especially regarding the cases
involving observational data.

Ethical considerations

Statistical method development for fair comparison of stroke care and
outcome was part of the EqualStroke-project, approved by the Ethical
Review Board in Umeé (Dnr: 2012-321-31M, 2014-76-32M). Patients and
next of kin were informed about the registration and aim of the Riksstroke
register and their right to decline participation (opt-out consent).
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