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Abstract

This thesis aimed to improve the clinical prediction of short- and long-
term outcomes after stroke by developing, evaluating, and comparing clas-
sical statistical and modern machine learning models. Using large, high-
quality national stroke registries, specifically the Swedish national stroke
register (Riksstroke) and the Sentinel Stroke National Audit Programme
(SSNAP), the thesis investigates whether advanced machine learning mod-
els offer added value in predicting clinical outcomes compared to tradi-
tional models and importantly in which contexts such improvements oc-
cur and are clinically meaningful. It addresses several key gaps in the
literature, including the lack of external validation for many prediction
models across different health systems, the limited research on predict-
ing multi-class functional outcomes, few comprehensive simulation-based
evaluations of prediction models under different realistic data conditions,
and the need for multiple-horizon evaluations of competing risk prediction
models to support fair model selection.

The first paper of the thesis evaluated models for predicting short-
term mortality after stroke using large national registries from two Euro-
pean countries (Riksstroke and SSNAP). The results showed that machine
learning models offered only modest performance gains over well-specified
logistic regression models, demonstrating that traditional approaches re-
main competitive, especially when predictors are limited and the dataset
is structured.

The second paper performed multi-class prediction of functional out-
comes three months after stroke, a clinically important, yet method-
ologically challenging outcome. All models demonstrated similar over-
all accuracy. However, machine learning, particularly neural networks
and gradient-boosting models, indicated clearer advantages over multino-
mial logistic regression in distinguishing the functional dependence cat-
egory. Using explainability approaches such as SHapley Additive exPla-
nations, the study demonstrated that complex models can still provide
interpretable insights into the contribution of risk factors in predictions.

The third paper comprehensively evaluated the classical Cox propor-
tional hazards model and machine learning models for predicting time-
to-event outcomes using both simulation and real-world registry data.
The Cox regression model performed better when its assumptions were
satisfied or when the violations of the assumptions were minimal, while

vi



tree-based models demonstrated better performance in the presence of
non-linearity, misspecification, or large number of noise variables.

The final paper compared multiple modeling frameworks for predict-
ing competing risks at multiple evaluation time points (horizons). The re-
sults showed that the performance of the models depended on the dataset
and the evaluation time point, and no model consistently performed the
best. Tree-based and deep-learning models achieved better discrimina-
tion when events were common, while pseudo-observation-based and Fine-
Gray models showed better calibration, especially at longer horizons.

In summary, the thesis demonstrated that model choice should be
guided not by popularity but by data structure, clinical context, and
evaluation using different metrics and at multiple time horizons. Tra-
ditional and machine learning models each have strengths and rigorous
validation, calibration assessment, and explainability are crucial for trust-
worthy clinical prediction.

KEYWORDS: Predictive modeling, Machine learning, Survival analysis,
Stroke.

vii



Popularvetenskaplig sammanfattning

Denna avhandling undersoker vilket merviarde avancerad maskininlarning
kan ge vid prediktion av utfall efter stroke, jamfort med etablerade statis-
tiska metoder, samt under vilka férutsattningar detta merviarde uppstar.

Med hjalp av det svenska kvalitetsregistret for stroke (Riksstroke), en
brittisk motsvarighet (SSNAP) och simulerade data behandlar avhan-
dlingen flera viktiga fragor. Hit hor bristen pd extern validering av
prediktionsmodeller i olika populationer och sjukvardssystem, den be-
grinsade forskningen kring prediktion av patientutfall med flera kate-
gorier, fa heltdckande och rattvisa simuleringsbaserade jamforelser mellan
traditionella och maskininldrningsbaserade modeller under realistiska vil-
lkor, samt behovet av utvarderingar ¢ver flera tidshorisonter for konkurrerande-
risk-modeller for att mojliggora rattvis och tillforlitlig modellselektion.

Artikel I utvecklade och externt validerade en modell for att predicera
30-dagars mortalitet efter stroke inom tva nationella sjukvardssystem.
Fordelen med maskininldrning jamfért med logistisk regression var marginell,
vilket visar att traditionella modeller kan prestera likvardigt i struktur-
erade datamaterial.

Artikel IT utvarderade om maskininldrningsmodeller forbattrar predik-
tionen av patienters funktionsstatus tre manader efter stroke, klassificerat
som oberoende, beroende eller avliden. Den ¢vergripande prestandan var
liknande for alla modeller, men maskininldrningsmetoderna var béttre pa
att identifiera patienter som 6verlever men forblir beroende av daglig hjalp
vilket ar ett kliniskt viktigt utfall for rehabiliteringsplanering och resurs-
férdelning. Studien visade ocksa att forklaringsmetoder kan ge tolkbara
insikter i hur riskfaktorer bidrar till prediktionerna.

Artikel I1I jamforde en klassisk 6verlevnadsmodell med vanligt forekom-
mande maskininldrningsmodeller med hjilp av bade registerdata och simuler-
ade dataset. Resultaten visade att den traditionella 6verlevnadsmodellen
presterar battre nir dess antaganden uppfylls eller nar avvikelserna &r
smé, medan maskininldrningsmodeller uppnar béttre prestanda nér sam-
banden i datan &r icke-linjdra, ndr modellantaganden bryts eller nar mod-
ellen innehdller manga brusvariabler.

Artikel IV utvirderade olika modeller i situationer med konkurrerande
utfall (t.ex. risk for ny stroke samtidigt som risk att avlida). Resul-
taten visade att ingen enskild modell konsekvent presterade bést vid alla
utvarderingstidpunkter. Modellprestandan varierade bade éver tid och
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mellan dataset.

Sammanfattningsvis visar denna avhandling att prediktion av utfall
efter stroke inte handlar om att hitta en enskild "bésta” modell, utan om
att vilja modeller som &ar anpassade till datan och det kliniska samman-
hanget, och att validera dem i olika populationer.
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Muhtasari (Summary in Swahili)

Tasnifu hii imelenga kuboresha utabiri wa kitabibu wa matokeo ya muda
mfupi na muda mrefu baada ya kiharusi kwa kuunda, kutathmini, na
kulinganisha modeli za kitakwimu za kia jadi na modeli za kisasa za
ujifunzaji wa mashine. Kwa kutumia rejista kubwa na bora za kitaifa
za wagonjwa wa kiharusi, hasa rejista ya kitaifa ya kiharusi ya Uswidi
(Riksstroke) na Sentinel Stroke National Audit Programme (SSNAP), tas-
nifu hii inachunguza iwapo modeli za hali ya juu za ujifunzaji wa mashine
zina thamani ya ziada katika kutabiri matokeo ya kitabibu ikilinganishwa
na modeli za kitamaduni, na muhimu zaidi, katika muktadha gani ma-
boresho haya hutokea na kuwa na maana ya kitabibu. Inashughulikia
mapungufu kadhaa muhimu katika fasihi, ikiwemo ukosefu wa uthibitisho
wa nje wa modeli nyingi za utabiri katika mifumo tofauti ya afya, utafiti
mdogo juu ya utabiri wa matokeo ya kiutendaji ya aina nyingi (multi-class
functional outcomes), ukosefu wa tathmini za kina zinazotegemea usanisi
(simulation-based evaluations) za modeli za utabiri chini ya hali mbalim-
bali halisi za data, na haja ya tathmini za muda mbalimbali (multiple-
horizon evaluations) za modeli za utabiri wa hatari zinazoshindana (com-
peting risk prediction models) ili kuwezesha uteuzi mzuri wa modeli.

Karatasi ya kwanza ya tasnifu ilitathmini modeli za kutabiri vifo vya
muda mfupi baada ya kiharusi, ikitumia rejista kubwa za kitaifa kutoka
nchi mbili za Ulaya (Riksstroke na SSNAP). Matokeo yalionyesha kuwa
modeli za ujifunzaji wa mashine zilitoa uboreshaji mdogo tu wa utendaji
ikilinganishwa na modeli za logistic regression zilizobainishwa vizuri, na
hivyo kuonyesha kuwa mbinu za kitamaduni bado zinashindana vyema,
hasa pale ambapo vihashiria ni vichache na seti ya data imepangwa vizuri.

Karatasi ya pili ilifanya utabiri wa multi-class wa matokeo ya kiuten-
daji miezi mitatu baada ya kiharusi, matokeo ambayo ni muhimu kitabibu
lakini yenye changamoto za kimbinu. Modeli zote zilionyesha usahihi wa
jumla unaofanana. Hata hivyo, modeli za ujifunzaji wa mashine, hasa
neural networks na modeli za gradient boosting, zilionyesha manufaa
ya wazi zaidi kuliko multinomial logistic regression katika kutofautisha
kundi la utegemezi wa kiutendaji. Kwa kutumia mbinu za ufafanuzi kama
SHapley Additive exPlanations (SHAP), utafiti ulionyesha kwamba hata
modeli changamano bado zinaweza kutoa ufahamu unaoeleweka kuhusu
mchango wa visababishi hatari katika utabiri.

Karatasi ya tatu ilitathmini kwa kina modeli ya kitamaduni ya Cox



proportional hazards na modeli za ujifunzaji wa mashine kwa ajili ya
kutabiri matokeo ya muda hadi tukio, ikitumia data za usanisi na data
halisi za rejista. Modeli ya Cox regression ilifanya vizuri zaidi pale am-
bapo dhana zake zilitimizwa au pale ambapo uvunjaji wa dhana hizo
ulikuwa mdogo, ilhali modeli zinazotegemea miti ya maamuzi zilionyesha
utendaji bora zaidi pale kulipokuwepo na kutokuwiana kwa mstari (non-
linearity), ubainishaji usio sahihi (misspecification), au idadi kubwa ya
vigezo visivyo na taarifa (noise variables).

Karatasi ya mwisho ililinganisha miundo mbalimbali ya modeli kwa
ajili ya kutabiri matukio yanayoshindana (competing risks) katika nyakati
tofauti za tathmini (horizons). Matokeo yalionyesha kuwa utendaji wa
modeli uliathiriwa na seti ya data na muda wa tathmini, na hakuna modeli
iliyofanya vizuri kwa uthabiti katika nyakati zote. Modeli zinazotegemea
miti ya maamuzi na ujifunzaji wa kina (deep learning) zilipata ubora zaidi
wa kutenganisha matukio pale ambapo matukio yalikuwa ya mara kwa
mara, ilhali modeli zinazotumia pseudo-observations pamoja na modeli za
Fine-Gray zilionyesha upangaji bora (calibration), hasa katika tathmini
za muda mrefu.

Kwa muhtasari, tasnifu hii imeonyesha kwamba uchaguzi wa modeli
haupaswi kuongozwa na umaarufu wake, bali na muundo wa data, muk-
tadha wa kitabibu, na tathmini inayotumia vipimo mbalimbali na katika
vipindi tofauti vya muda. Modeli za kitamaduni na modeli za ujifunzaji
wa mashine kila moja ina nguvu zake, na uthibitishaji makini, tathmini
ya upangaji (calibration), pamoja na ufafanuzi wa utabiri ni muhimu ili
kuhakikisha utabiri wa kitabibu unaoaminika.
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1 Introduction

Prediction models are increasingly used in healthcare to support clini-
cal decision-making by identifying high-risk patients, guiding diagnosis
and prognosis, as well as facilitating patient guidance and counseling
(Alowais et al., 2023). Due to the complexity of diseases such as stroke
(including primary prevention, patient characteristics, comorbidities, di-
agnosing, acute management, secondary prevention, and organization of
stroke care), the application of traditional methods such as logistic regres-
sion (LR) and Cox regression models may be insufficient to predict short-
or long-term outcomes after stroke. For this reason, modern machine
learning (ML) models such as support vector machines (SVM), random
survival forests (RSF), eXtreme Gradient Boosting (XGBoost), among
others, are becoming popular (Alhumaidi et al., 2025) as an alternative
approach, as they can capture complex relationships especially in high-
dimensional datasets, and offer a flexible way to learn patterns directly
from data without relying on model assumptions (Sreckovi¢ et al., 2022).
ML models including SVM, artificial neural networks (ANNs), and
eXtreme Gradient Boosting (XGBoost) have shown promising results in
different clinical classification tasks (Trabassi et al., 2022; Mufti et al.,
2019; Wang et al., 2022b). Predictive modeling of survival outcomes
is based on methods specifically designed to handle time-to-event data,
which often include censoring. More recently, ML models including RSF,
survival gradient boosting models (especially XGBoost), and neural net-
works (DeepSurv) have been commonly used for modeling survival data.
(Teshale et al., 2024; Huang et al., 2023, 2025). Monterrubio-Gémez et al.
(2024) provides a comprehensive review of competing risk models in sur-
vival analysis such as RSF, boosting models, and deep-learning models.
Despite the widespread adoption of ML models in clinical practice,
several well-known challenges remain that can threaten their reliability,
fairness, and trustworthiness. A common concern is overfitting, where a
model performs extremely well on the training data but fails to generalize
to new cases (Lynch and Liston, 2018). ML models are often considered
‘black boxes’, which hinders interpretability and transparency (Vayena
et al., 2018). Another issue is that ML models can inherit the same
biases as the data on which they are trained (Kumar et al., 2025).
Previous research on the performance of ML models compared to tra-
ditional approaches such as LR has produced inconsistent findings. An



evaluation of ML models on 121 public datasets reported that ML mod-
els often outperform LR in classifying categorical outcomes (Fernandez-
Delgado et al., 2014). However, two systematic reviews found no clear ad-
vantage of ML models over LR in predicting binary outcomes (Christodoulou
et al., 2019; Mahmoudi et al., 2020). This highlights the need for more
rigorous and context-specific evaluations of ML models in clinical predic-
tion.

Concerns about model development and reporting further complicate
the adoption of ML-based clinical prediction models. A systematic review
of ML models for predicting stroke outcomes identified several flaws, in-
cluding poor adherence to reporting standards and the absence of publicly
available models for external validation (Wang et al., 2020). Moreover,
many ML models rely on variables that are not consistently recorded
across clinical registries (Wang et al., 2022b). An additional review of
the opportunities and challenges in developing risk prediction models us-
ing electronic health record data highlights the need to evaluate the added
value that more complex models may offer compared to traditional ap-
proaches (Goldstein et al., 2016). Although modern ML models may
offer potential improvements, their accuracy, interpretability, and clini-
cal relevance must be thoroughly validated and compared across different
datasets (Zihni et al., 2020; Huang et al., 2023; Stahl, 2024).

In survival analysis, accurate prediction is crucial, yet selecting an
appropriate model remains challenging due to the complexities of real-
world survival data, such as censoring, nonlinear patterns, violations of
the proportional hazards assumption, and noisy predictors. Consequently,
identifying the best-suited model for a given endpoint requires comparing
methods under realistic conditions (Kantidakis et al., 2021). Simulation
studies facilitate such comparisons (Morris et al., 2019), but previous
work has been criticized for unclear or poorly reported simulation de-
signs, including insufficient details on data-generating mechanisms and
performance metrics (Smith et al., 2022). Additionally, because abso-
lute risk changes during follow-up, evaluating competing risks models at
a single fixed time point can fail to reflect time-dependent variations in
measures such as calibration, discrimination, and overall accuracy.

This thesis focuses on the development, evaluation, and reporting of
the performance and feasibility of modern ML models compared to tra-
ditional regression models. Paper I develops and externally validates



a generalizable prediction model for predicting 30-day stroke mortality
(binary outcome) using large nationwide stroke registers in the UK and
Sweden. Previous research has largely focused on the prediction of so-
called ‘hard endpoints’, such as survival, readmission, and other binary
outcomes (Wang et al., 2020, 2022b, 2023; Goyal et al., 2021). Paper
II aimed to develop and evaluate the performance and explainability of
models in predicting multi-class outcomes after stroke using routinely-
collected data. Paper III presents a comprehensive simulation study to
evaluate the predictive performance of models for time-to-event data,
focusing on realistic challenges such as sample size, censoring, model mis-
specification, and noisy variables. Finally, Paper IV comparatively eval-
uates models for competing risk prediction across multiple time horizons.

The remainder of the thesis is structured as follows. Section 2 outlines
the objectives of the thesis. Section 3 describes the datasets used in the
analyses. Section 4 presents the theoretical background of the thesis,
including definitions of different types of outcomes, a brief overview of
the prediction models included in the thesis, and the key steps involved
in developing and validating a prediction model. Section 5 provides a
summary of the papers. Section 6 highlights ethical considerations in
this study, followed by a summary of the contributions of the thesis and
possible areas for future research in Section 7.

2 Objectives of this thesis

The primary objective of this thesis was to develop and evaluate modern
ML models, assess their performance and feasibility compared to tradi-
tional regression models in predicting stroke outcomes. Specifically,

¢ to adapt and externally validate pre-trained ML models to predict
survival after stroke.

e to assess their performance and explainability in predicting func-
tional outcomes (multi-class outcomes) after stroke.

¢ to evaluate their performance in predicting time-to-event outcomes
under different simulation scenarios.

¢ to evaluate their predictive performance in the presence of compet-
ing risks across multiple prediction horizons.



3 Stroke and stroke registers

Stroke is a medical condition that occurs when blood flow to the brain
is blocked or reduced (ischemic stroke) or a blood vessel ruptures (hem-
orrhagic stroke), damaging brain cells. It is a complex disease (includ-
ing risk factors, stroke characteristics, primary prevention, comorbidi-
ties, acute management, secondary prevention, and organization of stroke
care), which makes it a suitable example for studies of predictive model-
ing approaches that can capture non-linear relationships and interactions
between variables. Stroke is expected to remain a major cause of mortal-
ity and long-term disability worldwide after other cardiovascular diseases,
with ischemic stroke the most common subtype (Tsampasian and Bloom-
field, 2025; Feigin et al., 2025). Despite increasing crude epidemiological
indicators associated with stroke, age-standardized stroke mortality and
prevalence are generally declining (Chong et al., 2025; Tsampasian and
Bloomfield, 2025). In Sweden, a decline in incidence and an improve-
ment in survival have been observed between 2005 and 2018 (Eriksson
et al., 2021). However, more than 20,000 cases occur yearly, of which
20% are discharged to an assisted living facility, 15% die, and 14% de-
pend on others to perform activities in daily living 3 months after stroke
(Riksstroke yearly report 2024). In addition to its serious effects on pa-
tients, stroke care is costly and places a heavy burden on families and
countries (Lekander et al., 2017). Accurate prediction of stroke outcomes
and the identification of key prognostic features are essential for guiding
individualized treatment and secondary prevention strategies, informing
clinical decision-making, and optimizing the allocation of healthcare re-
sources.

3.1 The Swedish Stroke Register (Riksstroke)

All four papers in this thesis used empirical data from Riksstroke. Riksstroke
is the Swedish national quality register for stroke care and is the world’s
longest-running national stroke quality register, established in 1994 (As-
plund et al., 2011). It includes all hospitals (around 72 hospitals) in
Sweden that admit acute stroke (ischemic, primary intracerebral hemor-
rhagic, or unspecified type of stroke) patients. The estimated coverage
is over 90% of all stroke patients treated in hospitals. Currently, about
20,000 to 23,000 new events are registered each year. The registry in-
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cludes information from the entire chain of stroke care, including primary
prevention, acute management, rehabilitation measures, secondary pre-
vention, and family and community support. Basic patient characteris-
tics (such as age, sex, living conditions, history of previous stroke, and
comorbidities), diagnosis, level of consciousness on arrival, pharmaceu-
tical treatment, complications, and sequence of care (including type of
stroke care organization and department) are recorded at the hospital. A
questionnaire-based follow-up that collects patient-reported outcomes is
also conducted three months and sometimes one year after stroke. De-
tailed information about the register can be found on the Riksstroke’s
website (www.riksstroke.org).

3.2 Sentinel Stroke National Audit Programme (SSNAP)

Data from SSNAP were used in Paper I for model development and in-
ternal validation. SSNAP is a national stroke care quality improvement
audit commissioned by the Healthcare Quality Improvement Partnership
and currently hosted at King’s College London. The registry collects
prospective patient-level data on over 90% adults admitted to National
Health Service hospitals with acute stroke (ischemic or primary intrac-
erebral hemorrhage) in England, Wales and Northern Ireland. It in-
cludes a clinical audit, which records patient care, rehabilitation, and
outcomes up to 6 months after stroke, and organizational audits, which
describe how stroke services are structured and staffed. Data are collected
and validated by clinical teams and entered into the SSNAP database
via a secure web-based platform. Initial data collection began in early
2013 and continues as an ongoing national clinical audit of stroke care.
More information about the registry is provided on the SSNAP website
(www.strokeaudit.org).

4 Theoretical background

4.1 Types of prediction outcomes

Prediction models can target different types of outcomes depending on
the clinical questions and data structure. Outcome variables are typi-
cally classified as continuous (e.g., cholesterol level) or categorical (e.g.,
presence or absence of disease recurrence) (Hastie et al., 2009). Contin-
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uous outcomes are commonly predicted using linear regression models,
whereas categorical outcomes, binary or multiclass, are predicted using
classification models, such as logistic regression and SVM.

Many clinical questions, including those focused on stroke, extend be-
yond identifying who is at risk, and also require predicting when the event
will occur. When time-to-event is part of the outcome, researchers use
survival analysis (Kleinbaum and Klein, 2011). These methods account
for censoring, which arises when the event has not occurred by the end
of follow-up.

Sometimes, patients may experience different mutually exclusive events,
where the occurrence of one event prevents the occurrence of the event of
interest. These are known as competing risks (Coemans et al., 2022) and
require appropriate statistical methods to obtain accurate predictions of
event-specific risks.

4.2 Models
4.2.1 Statistical models

In many clinical studies, logistic regression (LR) is the most widely used
statistical model for binary classification tasks based on a set of predictors
(Wang, 2023; Dreiseitl and Ohno-Machado, 2002; Badawy et al., 2023).
It is a standard generalized linear model that uses a logit link function.
LR model models the relationship between binary outcome, Y € {0,1}
and a set of p predictors, X; = (Xj1,...,Xjp), 4 =1,...,n patients. The
log-odds of the probability of the event, Y = 1, as a linear function of
predictors is expressed as;

P(Y =1|X,)
log(l “P(Y =1]X,)

) = Bo+ 81X + -+ BpXip,

which is equivalent to;

- LAy exp(Bo + S1 X + - + BpXip)
PY =1|X;8) = T oxp(fo+ AXu T T B Xe)

The model parameters, 8 = (5o, b1, .., Bp), are estimated by minimizing
the negative log-likelihood function;

—U(B) =~ _ [Yilogm(x;) + (1 — ;) log(1 — m(x:))],
i=1



where x; = (1, ..., ;) are the observed values, and 7(x;) = P(Y; =1 |
Xi =x;; 8).

Multinomial LR (mLR) is an extension of binary LR that handles
outcomes with more than two categories. An MLR model estimates the
probability of each outcome category ¢ of Y, given a set of p predictors.
The model is defined as;

eXp(BOc + Bchil + o+ chXip)
1+ S5 exp(Bog + BrgXit + -+ + BpgXip)

where ¢ = {1,...,C} (C = 3 levels: e.g., independent, dependent, dead),
and f’s are the model parameters also estimated by minimizing the neg-

P(Y =c| X 8) =

ative log-likelihood function.

In survival analysis, the Kaplan-Meier (KM) estimator and the Cox
PH (Cox regression) model are used to determine the survival rate or
factors affecting survival. KM is a non-parametric method for estimat-
ing the survival function when time-to-event data include right-censoring
(Kaplan and Meier, 1958). It constructs a stepwise survival curve that
decreases only at observed event times. For ordered event times ¢ <ty <
... <t with d; events at time ¢;, and n; patients at risk just before ¢;,
the estimator is expressed as;

§(t)—H<1—CZf>.

t;<t U

The Cox PH model is a semi-parametric survival regression model
relating the time to event (possibly censored) to a set of predictors. The
outcome is expressed through the hazard function (Cox, 1972). The model
assumes that the predictors have an exponential effect on the hazard and
the hazards remain proportional over time. For a patient ¢ with covariates
X; € RPX!  the hazard function is defined as;

h(t | X;) = ho(t) exp(B'X,),

where hg(t) is the baseline hazard and 8 € RP*! is a vector of regression
coeflicients, estimated from the training data by minimizing the negative
log partial likelihood function;

ﬂTXilog( > eXp(ﬂTXj))

JER(t:)

3

—log((B) = - Y4

i=1

(M)




where §; = 1 if the patient experiences the event and 0 otherwise, R(t;)
is the set of patients still at risk just before time ;.

In the presence of competing risks, cumulative incidence is estimated
using statistical models such as the cause-specific (CS) Cox model (Cox,
1972) or the Fine-Gray subdistribution hazards model (Fine and Gray,
1999). The CS Cox model describes how predictors influence the instan-
taneous risk of failing from a particular event type. For a cause k, the
CS hazard function is defined as the instantaneous rate of experiencing
event k at time ¢, given no event has occurred before t;

= lim )
At—0 At

hi (] X)

where g; denotes the type of event experienced by patient ¢. Each of the
CS hazards is modeled using Cox PH model, where failures from other
causes are treated as censored (Prentice et al., 1978);

hi(t | Xs) = hig(t) exp(Bi X),

where h{f(t) is the baseline hazard for cause k, and Bj represents the
covariate effects on the hazard of cause k, estimated by minimizing the
negative log partial likelihood function in Equation (1).

Unlike the CS Cox model, the Fine-Gray model directly models the
subdistribution hazard, providing a natural framework for predicting ab-
solute risk while accounting for competing events. The subdistribution
hazard for cause k for patient ¢ is defined as;

= At At

hi9(t | X,) ,
representing the instantaneous risk of failure from cause £ among patients

who have not yet failed from k, where the risk set includes those who have
already experienced competing events. The hazard is also modeled using

a Cox PH approach;

W9t | X;) = hig(t) exp(yy Xa),

with hﬁg(t) the baseline subdistribution hazard and -; the covariate ef-
fects, estimated by minimizing the weighted negative log partial likelihood
in Equation (1) (with a modified risk set accounting for competing events
through inverse probability of censoring weights).



4.2.2 Tree-based ensemble methods

Ensemble methods are based on the idea that combining the predictions
of multiple single models can lead to more accurate and stable results
than relying on any individual model alone. Individual models are often
sensitive to random fluctuations in the training data or to model-specific
biases, whereas aggregation can help average out these effects and improve
generalization performance. Depending on whether all models contribute
equally to the final prediction, ensemble methods are commonly divided
into uniform aggregation and non-uniform aggregation approaches. A
representative example of uniform aggregation is bagging, where all base
learners are combined with equal weights, while boosting represents non-
uniform aggregation by assigning different weights to models trained se-
quentially, with later models focusing more on previously mispredicted
observations. In the literature, tree-based methods are the most popu-
lar choice for single models in ensemble learning. It is a non-parametric
ML model that predicts an outcome by recursively partitioning the in-
put feature space into non-overlapping regions determined by data-driven
split rules (Hastie et al., 2009). Decision trees partition the feature space
recursively, and the way this partitioning is performed depends on the
type of the target variable. For example, classification trees split the fea-
ture space based on misclassification error rates or Gini index, whereas
survival trees find the sub-feature space based on log-rank statistic, or
likelihood-based criteria.

XGBoost, a gradient-boosting algorithm, is considered to have promis-
ing performance in classification tasks (Wang et al., 2022a,b). It is a scal-
able and regularized implementation of gradient boosting that builds an
additive ensemble of decision trees in a sequential manner, where each tree
corrects the errors of the previous ensemble, while preventing overfitting
(Chen, 2016). For binary outcomes, it constructs an additive ensemble of
decision trees, where predictions are formed as the sum of the output of
each individual tree and mapped to probabilities using a logistic function.
The model is trained by minimizing a regularized objective function that
balances data fit and model complexity;

L= iayiagi) + Q) Gi= > fm(X), (2)

where /£(.) is the logistic loss function for binary classification, M is the



number of trees, f,, is the m!* regression tree, f,,,(X;) is the prediction
from f,, for patient i, and Q(fm) = 0Vin + 1A 307 w2, is the regulariza-
tion term (p is the complexity penalty, V;, is the number of leaves in the
mt" tree, wy,, are the weights of the v leaf in the m'* tree, and \ is the
L? regularization on leaf weights). The objective function is optimized
using a second-order Taylor approximation of the loss, using both gradi-
ent and Hessian information to drive greedy tree splitting and parameter
updates.

For multiclass classification, the loss becomes the softmax cross-entropy
over all classes, computed from the model’s predicted probabilities. Each
leaf stores a single weight for its class-specific tree, and the regularization
term in Equation (2) extends to all leaf weights across all class-specific
trees.

For application in survival analysis, the XGBoost objective function
is adapted to the Cox PH model by replacing it with the Cox partial
likelihood, enabling the model to handle time-to-event outcomes.

The RSF model is one of the most widely used non-parametric, ensem-
ble, tree-based methods for modeling survival endpoints (Teshale et al.,
2024; Huang et al., 2023). It extends Breiman’s RF (Breiman, 2001)
to right-censored survival data by growing many survival trees on boot-
strap samples and using random feature selection at each split (Ishwaran
et al., 2008, 2011). At each node, candidate splits are evaluated using
a survival-specific splitting criterion, such as the log-rank test. At the
terminal nodes, the cumulative hazard function is estimated using the
Nelson-Aalen estimator. The ensemble average gives the final cumulative
hazard estimate.

In the competing risk setting, the RSF uses a weighted log-rank split-
ting rule based on Gray’s test (Fine and Gray, 1999) and estimates the
cause-specific cumulative incidence function using ensemble estimates of
the sub-distribution cumulative hazard (Ishwaran et al., 2014).

4.2.3 Deep-learning models

Deep-learning-based models learn by transforming input data through
a sequence of layers, where each layer usually applies a weighted linear
combination to the inputs and then introduces nonlinearity through an
activation function. During training, the model compares its output to
the target using a loss function, and the resulting error is propagated
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backward through the network using backpropagation. The computed
gradients are then used to update the model parameters through gradient-
based optimization.

Artificial neural networks (ANNs) are widely applied to classification
tasks in various fields (Molina Menéndez and Parraga Alava, 2024). ANNs
are computational models inspired by biological nervous systems, con-
sisting of layers of interconnected neurons that transform input data into
output through weighted connections (Zakaria et al., 2014). Each neu-
ron applies a nonlinear activation function, e.g., ReLU or sigmoid, to a
weighted sum of its inputs, allowing the network to model complex nonlin-
ear relationships. The network is trained using gradient-based optimiza-
tion (e.g., backpropagation) to iteratively update weights and minimize a
cost function such as softmax cross-entropy (for multiclass classification
tasks).

DeepSurv (Katzman et al., 2018), a deep learning-based survival model,
has gained popularity and shown promising performance in predicting
time-to-event outcomes (Teshale et al., 2024). It extends the classical
Cox PH model by using a deep neural network to capture complex rela-
tionships between features and survival outcomes. The network weights
are optimized by minimizing the negative log partial likelihood with L2
regularization term to prevent overfitting.

DeepHit is a deep learning model for survival analysis, including com-
peting risk analysis that directly learns the joint distribution of event
times and event types without relying on parametric assumptions about
hazards or Gaussian processes (Lee et al., 2018). It models time to event
in user-defined discrete intervals. In a competing risks setting, DeepHit
uses a multitask architecture composed of a shared subnetwork, which
extracts features common to all causes, and cause-specific subnetworks,
which learn patterns associated with each type of event. The outputs
are combined and normalized with a global softmax applied across all
event-time combinations, ensuring a valid probability distribution. Sum-
ming these probabilities over intervals up to a given time point yields a
cause-specific cumulative incidence function for each patient. Training
uses a composite loss consisting of a log-likelihood loss that encourages
high probability for the observed event while handling censoring appro-
priately, and a ranking loss that promotes correct risk ranking, assigning
higher risk to patients who experience an event earlier.
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4.2.4 Other methods

Support vector machine SVM, also known as the maximum margin
classifier, is a classical linear classification method that maximally sep-
arates the classes of data points (Cortes and Vapnik, 1995). A basic
condition for the SVM is that the data are linearly separable in the origi-
nal feature space. However, in many real-world problems, this assumption
does not hold. In such cases, we can apply the kernel trick to kernelize
the SVM, implicitly mapping the data into a higher-dimensional feature
space where they become linearly separable, thus obtaining a nonlinear
classifier. Among various kernel functions, the Radial Basis Function
(RBF) kernel is the most commonly used. The RBF kernel is capable of
modeling complex nonlinear decision boundaries and is relatively robust
to parameter choices, making it a popular and effective default in prac-
tice. For multiclass classification tasks, SVMs are commonly extended
using strategies such as one-versus-all or one-versus-one (Hsu and Lin,
2002).

Pseudo-observation-based models A pseudo-observation-based model
is a statistical approach for handling right-censored time-to-event data
(Andersen and Pohar Perme, 2010). Instead of treating censored out-
comes as missing, each patient is assigned a pseudo-observation, a jackknife-
based estimate that approximates the expected value of a function of in-
terest in a population (e.g., cumulative incidence function or the survival
function) when survival data is censored. These pseudo-observations pro-
vide continuous outcomes suitable for direct use in standard regression or
ML models.

4.3 Model development and Validation

Prediction models are developed through a structured process to ensure
that they are reliable and well-calibrated (Efthimiou et al., 2024). The
first step is to define the research objective, including the outcome to pre-
dict and the target population. Next, verify that the features and outcome
variable in the dataset align with the objective. Perform data prepara-
tion, e.g., handling missing observations, applying transformations such
as one-hot encoding, and selecting features to improve the model’s ability
to capture meaningful relationships in the dataset. After data prepro-
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cessing, an appropriate predictive model is chosen based on the type of
task. The dataset is then partitioned for internal validation using resam-
pling methods such as k-fold cross-validation, or by randomly splitting the
dataset into separate training and test sets. The model is trained on the
training dataset by iteratively updating its internal parameters to mini-
mize the prediction error. Before final model training, hyperparameters
that govern the learning process can be optimized using hyperparameter
optimization strategies such as grid search or random search to maximize
predictive performance and improve generalization.

In x—fold cross-validation, the dataset is divided into x equal folds,
and the model is trained k times by iteratively using x — 1 folds for train-
ing and the remaining fold for validation. The overall performance of the
model is computed by averaging the evaluation metrics across all cross-
validation runs. For a random training-test split, the model is trained
only on the training set, and its performance is evaluated once on the
reserved test set. Finally, the entire modeling process and its results are
documented according to the Transparent Reporting of a multivariable
prediction model for Individual Prognosis Or Diagnosis (TRIPOD) re-
porting guidelines to ensure transparency, reproducibility, and detailed
reporting (Collins et al., 2024).

A prediction model should be externally validated before it is recom-
mended for clinical use (Ramspek et al., 2021). This involves evaluating
the model on datasets that are completely separate from the data used
during model development, preferably from a different but related popu-
lation, setting, or time period.

4.4 FEvaluation measures

4.4.1 Binary classification metrics

Many standard classification metrics (such as accuracy, precision, recall,
F1 score, and specificity) are derived from the confusion matrix, which
summarizes the performance of the model by comparing predicted class
labels against true class labels (Berrar, 2018). In a binary classification,
the matrix contains four outcomes, including True Positives (TP), False
Negatives (FN), True Negatives (TN), and False Positives (FP). The eval-
uation metrics include;
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Sensitivity or Recall or True positive rates (TPR) This measures
how well a model identifies positive classes correctly, TPR = %.
Specificity or True negative rates (TNR) This measures how well a
model identifies negative classes correctly, TNR = %.

The complements of sensitivity and specificity include false negative rates
(FNR) and false positive rates (FPR), respectively.

Precision or Positive predictive value (PPV) This measures how
TP

many positive predictions were actually correct, PPV = TPFP)

Precision-Recall curves The curve evaluates a binary classifier by plot-
ting precision against recall across all possible decision thresholds, sum-
marizing the trade-off between correctly identifying positives and avoiding
false positives. The area under the curve, obtained as the integral under
the precision-recall curve, provides a single measure of performance, with
higher values indicating better balance between the two measures.

Area Under the Receiver Operating Characteristic Curve (AUC-
ROC) AUC-ROC is a measure of a model’s discrimination. The re-
ceiver operating characteristic curve shows how well a binary classification
model separates two classes by plotting the true positive rate (sensitivity)
against the false positive rate (1—specificity) across all possible decision
thresholds, with the area under the curve summarizing the model’s dis-
criminative ability (Fawcett, 2006). The decision threshold ranges from a
value that classifies all patients as negative (TPR=0, FPR=0) to one that
classifies all patients as positive (TPR=1, FPR=1). At each threshold,
the TPR and FPR are computed from the corresponding confusion ma-
trix. A random classifier has an AUC-ROC of 0.5, and any model with a
value above 0.5 performs better than random. The higher the AUC-ROC,
the better the model’s discriminative ability. In binary classification out-
comes, AUC-ROC is identical to C-statistics (C-index) (Steyerberg and
Vergouwe, 2014).
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Brier score (BS) BS is the mean squared error between the predicted
probabilities p; and the observed outcomes y; (Glenn et al., 1950);
1 — 9
BS = EZ(M —yi)°

i=1

Lower values of BS indicate better prediction performance.

Calibration curves This evaluates how well a risk prediction model’s
estimated probabilities agree with the observed probabilities. The clas-
sical way to construct a calibration curve is to divide the dataset into
groups (often deciles) of patients based on their predicted probabilities.
For each group, the mean predicted probability is plotted against the
observed proportion of outcomes. Alternatively, a smoothed curve (e.g.,
generated using locally estimated scatterplot smoothing or spline func-
tions) can be used to estimate observed probabilities across the full range
of predicted probabilities to avoid grouping (Van Calster et al., 2019).
The model is well calibrated when most points or the smoothed curve
lie close to the diagonal line, while deviations above or below the line
indicate underestimation or overestimation of risk, respectively.

Decision curve analysis A decision curve illustrates the clinical value

of a prediction model by plotting its net benefit, % — % - ), across a
Y4

range of threshold probabilities (p;), the probability at which a patient or

clinician would choose treatment (Vickers and Elkin, 2006; Vickers et al.,
2008). At each threshold, the model classifies patients as test-positive if
their predicted risk is at or above that threshold, thus they would receive
treatment, and test-negative if below, implying no treatment. A model is
clinically useful only in the range of thresholds where its decision curve
provides a higher net benefit than the default strategies of treating all
patients or treating none, which are always included for comparison in
the decision curve.

4.4.2 Multiclass classification metrics

In multiclass classification, the confusion matrix extends to C' x C' ma-
trix, where the diagonal entries represent correct predictions for each
class, and off-diagonal entries represent different types of misclassifica-
tions across classes. Each class has its own TP, FP, TN, and FN values,
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that is, TP, (correctly classified patients for class ¢), FN, (patients of
class ¢ misclassified into other classes), FP,. (patients from other classes
incorrectly classified as class ¢), and TN, (all correct predictions that do
not involve class ¢). Here, the metric formulations from binary classifica-
tion are applied per class in a one-vs-rest strategy (Grandini et al., 2020).
The results can be reported directly or optionally aggregated (macro,
micro, or weighted) to obtain overall scores.

4.4.3 Survival outcome metrics

C-index This is the widely used measure of discrimination in survival
analysis, quantifying a model’s ability to correctly rank patients by their
risk of an event;

Cindex = P(Tz > ’ t; < tj),

where (t;,t;) and (r;,7;) are the pair of observed survival times and pre-
dicted risk scores for any randomly selected pair of patients (¢, j), respec-
tively.

The C-index can be estimated using Harrell’s approach (Harrell Jr et al.,
1996), which becomes biased under heavy censoring, or Uno’s approach
(Uno et al., 2011), which uses inverse probability censoring weighting to
adjust for censoring. C-index values closer to 1 indicate better discrimi-
nation and 0.5 shows random performance.

Integrated Brier score In survival analysis, BS measures the mean
squared error between the observed survival status and the predicted sur-
vival probability at a fixed time point 7 (Graf et al., 1999). The integrated
Brier score assesses the accuracy of predicted survival probabilities over
a specified time interval, that is, averaging time-dependent BS over a
specified time interval (Graf et al., 1999; Gerds and Schumacher, 2006).

Time-dependent C-index This is a suitable discrimination metric in
the presence of competing risks because, unlike the classical C-index,
it correctly accounts for competing events and time-varying risk sets,
ensuring that only valid comparable pairs contribute to the evaluation. It
is the probability that, in a randomly selected pair of patients (4, j), where
at least one has the event of interest before the prediction horizon 7, the
patient with the higher predicted cumulative incidence also experiences
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the event earlier (Wolbers et al., 2014). Censoring is also handled using
inverse probability weighting.

Integrated calibration index This summarizes the average absolute
difference between the predicted risks (cumulative incidence) and the
corresponding observed probabilities, in the presence of competing risks
(Austin et al., 2022).

4.5 Model explainability

Explainability refers to the ability of a model to make its decision-making
process transparent and understandable to the user. Unlike ‘black-box’
models, whose internal operations are difficult to interpret, explainable
models reveal how input features influence predictions, enabling users
to trust and verify results. Explainability can be achieved through in-
herently interpretable models, such as linear regression or through post-
hoc methods applied to models such as SHapley Additive exPlanations
(Strumbelj and Kononenko, 2014) and feature-importance visualizations.
These methods quantify the contribution of each input variable, highlight
the patterns a model has learned, and present explanations in easy-to-
understand formats.

5 Summary of papers

5.1 Paperl

The study aimed to develop and externally validate a cross-national pre-
diction model using large, high-quality stroke registries from the UK (SS-
NAP) and Sweden (Riksstroke). Data from SSNAP comprised 488,497
stroke patients in England, Wales, and Northern Ireland (2013-2019),
and Riksstroke included 128,360 patients in Sweden (2015-2020). Both
registries capture nearly all hospitalized stroke cases in their respective
countries. Thirteen predictors such as age, sex, comorbidities, level of
consciousness, pre-stroke functional status, and type of stroke were in-
cluded based on clinical relevance and mutual availability. The primary
endpoint was 30-day in-hospital mortality in SSNAP and both in-hospital
and all-cause mortality in Riksstroke.
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Three models, LR, elastic net LR with interaction terms, and XGBoost
were developed using the SSNAP dataset (80% training, 20% validation,
and temporal validation using 2019 data). They were externally validated
on the Riksstroke dataset. Missing data were handled through a combi-
nation of rule-based imputation (missing as category, missing indicators)
and multiple imputation by chained equations. Model performance was
assessed based on Brier scores, AUC-ROC, precision-recall curves, and
calibration plots, with clinical utility evaluated using decision curve anal-
ysis. Subgroup analyzes by stroke type (ischemic versus hemorrhagic)
and sensitivity analyzes using alternative modified Rankin Scale (mRS)
coding and all-cause mortality as the outcome were also performed.

Across both registries, 30-day mortality was higher among older pa-
tients and those with greater comorbidity burden, worse pre-stroke func-
tional status, hemorrhagic stroke, or reduced consciousness on admission.
XGBoost performed best overall but only marginally better than LR mod-
els. It achieved an AUC of 0.852 in the SSNAP temporal validation, while
the performance was slightly higher in the Riksstroke validation (AUC of
0.861). Models were well calibrated in SSNAP but slightly overestimated
the risk of mortality in Riksstroke for in-hospital deaths. Precision-recall
performance was higher in Riksstroke, and all models performed better
for hemorrhagic than for ischemic stroke. Sensitivity analysis showed no
impact on the results. Performance was consistent in both countries, sug-
gesting that the model is suitable for quality improvement analytics and
cross-national benchmarking. Although XGBoost performed slightly bet-
ter, the differences from LR were minimal, emphasizing that well-designed
classical models can match ML in settings with structured data and lim-
ited predictors. The model requires further validation if applied beyond
similar European health systems.

5.2 Paper II

The study developed and evaluated the performance and explainability
of three ML models and mLR in predicting death and functional depen-
dence three months after stroke. The dataset included 102,135 adult pa-
tients with ischemic, hemorrhagic, or unspecified stroke registered in the
Riksstroke from 2015 to 2020, after excluding patients younger than 18
years and those lost to follow-up. The variables comprised demographic
characteristics, cardiovascular risk factors, medications, pre-stroke func-

18



tional status, acute care, stroke type, and severity, among others. The
primary outcome was measured using mRS at three months after stroke,
categorized into independence (a scale of 0—2), dependence (3—5), and
death (6). Missing values in variable National Institutes of Health Stroke
Scale (NTHSS) (= 42.6%) were imputed using multivariate imputation by
chained equations, while other variables with minimal missingness were
assigned separate missing categories.

Three ML models, XGBoost, SVM and ANNs, and two classical mod-
els mLR with and without two-way interaction terms, were developed
using the same set of predictors. All models were trained on a 75/25
train-test split with preserved class proportions. Categorical variables
were one-hot encoded, while continuous variables were transformed using
Min-Max scaling. Hyperparameters for ML models were optimized using
5-fold cross-validated grid search based on weighted F1 scores. Model
performance was evaluated using metrics for multi-class outcomes, in-
cluding accuracy, precision, recall, Cohen’s Kappa, Mathew’s correlation
coefficient, F1 scores, and AUC-ROC, with 95% bootstrap confidence
intervals. The explainability of the models was assessed using SHapley
Additive exPlanations (SHAP) values, providing visualizations of feature
contributions to model predictions at the patient and population levels.

All models achieved similar overall accuracy between 69% and 70%.
However, ANNs and XGBoost models demonstrated better performance
compared to mLR in classifying the clinically challenging functional de-
pendence category, with F1 scores of 0.603 and 0.577, respectively, versus
0.544 for mLR. NIHSS was consistently the strongest predictor of all out-
come classes, followed by age, type of stroke, ambulance service to the
hospital, atrial fibrillation, and pre-stroke functional status. The study
demonstrated that ML models, particularly ANNs and XGBoost, offer
modest but meaningful improvements over traditional mLR in predicting
multi-class functional outcomes after stroke using routine registry data.
Both models showed promising performance in predicting functional de-
pendence, a key outcome in planning rehabilitation and resource allo-
cation. Although ML models lack explicit parameter estimates, SHAP-
based explanations provided interpretability comparable to traditional
models. The study emphasized the need to externally validate these mod-
els on independent datasets before their application in clinical practice.
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5.3 Paper II1

Paper III provided a comprehensive and fair comparison of the Cox PH
model to ML models by evaluating their performance under varying data
structures and benchmarking findings on real data from Riksstroke. Anal-
yses were conducted using both simulated and Riksstroke datasets. Data
were simulated to capture some aspects of the Riksstroke data structure
as follows:

o 17 independent covariates (X; € R*17; i =1,... n patients) were
sampled from predefined distributions (normal, binomial, and multi-
nomial), with specified parameters set from Riksstroke summary
statistics (mean, proportions), while the main linear effects ’s es-
timated from a Cox PH model fitted to the Riksstroke data.

o Survival times were generated under the Cox PH model with an ex-
ponential baseline hazard, A = 0.125, using the formulae in (Bender
et al., 2005);

log(U)

T—__ ""S\7/ .
Aexp(BTX;)’

U ~ Unif(0, 1).

o Censoring times were sampled independently of covariates from an
exponential distribution, C' ~ exp(«), where the parameter o was
varied to achieve the desired proportion of censoring.

 Survival outcome was defined by ¢t = min(7, C).

« Data generating processes included varying sample sizes (500, 1000, 5000, 10000),
proportion of censoring (0%, 10%, 50%, 85%), including noise vari-
ables in the fitted model (0,15,100,500), and in the presence of
model misspecification (weak non-linearity, moderate non-linearity,
violated PH assumption).

The Riksstroke dataset comprised 70,289 adult patients with ischemic
stroke registered between 2015—2020. They were observed for 2191 days,
from the onset of stroke until time of death (19,374 cases) or the end of
follow-up (72% right censored). Thus, the primary endpoint was overall
survival. The dataset included 17 covariates on demographics, cardiovas-
cular risk factors, acute care, secondary prevention, pre-stroke functional
status, and stroke characteristics.
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Three ML models, DeepSurv, RSF, XGBoost, and a classical Cox
PH model were trained on 70% of each dataset and evaluated on the
remaining 30% at the maximum observed follow-up time, using Harrell’s
C-index, Uno’s C-index, and the integrated Brier score. Hyperparameters
for the ML models were tuned on sub-samples of the Riksstroke dataset to
assess whether optimization improved predictive performance compared
to the default settings used for training in the simulation study.

All models performed better with larger sample sizes. However, the
performance declined with heavy censoring and a greater number of noise
variables. The Cox PH model demonstrated better performance when
the model was either correctly specified or when the departures from
its assumptions were minor, whereas tree-based models (XGBoost, RSF)
performed better than Cox PH and DeepSurv models under moderate
non-linearity, violations of the PH assumption or in the presence of many
noise variables. Compared with default settings, tuning of ML hyper-
parameters yielded small performance gains, mostly observed in smaller
samples, but negligible changes in larger samples, and did not change the
model’s performance ranking. The findings in Paper III suggested that
the Cox PH model is preferable when its assumptions approximately hold,
while tree-based ML models are advantageous in settings with non-linear
or misspecified data structures, emphasizing the need to choose prediction
models based on research question and underlying data characteristics.

5.4 Paper IV

Paper IV comparatively evaluated the predictive performance of tradi-
tional, ML, and pseudo-observation-based competing risk models across
multiple time points. Two real-world clinical datasets were used. The
first dataset, Riksstroke, consisted of 50,356 patients discharged alive af-
ter a first-ever ischemic stroke between 2020—2023, followed for recurrent
stroke (event of interest), all-cause mortality (competing event) or cen-
soring. It contained 23 covariates on demographics, cardiovascular risk
factors, stroke severity, acute management, and secondary prevention.
The study also used the primary biliary cirrhosis (PBC) dataset (avail-
able in the R survival package), which included 276 patients enrolled
in a Mayo Clinic trial (1974 — 1984), with death as primary event and
liver transplantation as competing event, and 16 baseline demographic,
clinical, and laboratory covariates.
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Three modeling frameworks that included traditional models (CS Cox
PH and Fine-Gray models), a tree-based model (RSF), a deep-learning-
based model (DeepHit), and pseudo-observation-based models (RF, linear
regression, and elastic-net linear regression models) were implemented to
estimate the cause-specific cumulative incidence function at multiple pre-
diction horizons. The hyperparameters for RSF, RF, and DeepHit were
tuned based on cross-validated random search, after which all models
were trained on 70% of each dataset and evaluated on the remaining 30%.
The performance of the models was evaluated using the time-dependent
C-index (discrimination), smoothed calibration curves and integrated cal-
ibration index (calibration), and the Brier score (overall prediction error),
with 95% confidence intervals estimated by bootstrap resampling.

The results showed that model performance changed substantially
with the evaluation time point and dataset. In the PBC dataset, where
the event of interest was common, models demonstrated clear perfor-
mance differences, with RSF and DeepHit models achieving the highest
discrimination, and PO-based models showing better calibration, espe-
cially at longer horizons. All models indicated time-dependent miscali-
bration, typically underestimating risk in low-risk patients and overesti-
mating in high-risk patients, with RSF and DeepHit models showing the
reverse pattern. In the Riksstroke dataset, where stroke recurrence was
rare, discrimination was modest and similar across all models. The FG
model showed the most consistent calibration, while PO-based models,
especially elastic-net linear regression model, performed comparatively
better at longer horizons. In conclusion, the study showed that the pre-
dictive performance of competing risks models is dependent on both the
evaluation time point and dataset. When events are common, models
benefit from richer event information, resulting in clearer differences in
performance metrics across models. In contrast, when outcomes of inter-
est are rare, models achieve similar and only modest discrimination, and
achieve similar overall prediction errors regardless of the modeling frame-
work. The findings emphasize that no single model performs best across
all evaluation time points, and that meaningful comparison requires as-
sessing multiple performance metrics at multiple clinically relevant time
horizons to guide fair model selection.
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6 Ethical considerations

The use of Riksstroke data for the purposes of statistical model develop-
ment and evaluation in this thesis have been approved by the Swedish
Ethical Review Authority (ref. 2021-06152-01 for papers I-I1I, and ref.
2023-07750-01 for paper IV). Data was pseudonymized before it was ac-
cessed by the research group.

Patients are informed about registration in the quality registry Riksstroke
that the registry aims to support high and consistent quality of care for
stroke patients throughout Sweden, and that data may be used for re-
search purposes. In accordance with the Personal Data Act (Swedish law
No. SFS 1998:204), no informed consent is needed to collect data from
medical charts or inpatient records for quality registries. However, pa-
tients are informed of their rights to deny participation (opt-out consent).

SSNAP has approval from the Clinical Advisory Group of the NHS
Health Research Authority to collect patient-level data under section 251
of the NHS Act 2006. No patient-level data were transferred between
countries.

7 Conclusion and further research

The performance of the externally validated model was comparable across
two European countries (UK and Sweden). This supports cross-registry
generalizability within similar European health systems. The model could
strengthen hospital benchmarking by supporting fairer international com-
parisons of standardized mortality ratios (Roessler et al., 2021), and it
may also help identify patients at high risk of 30-day mortality who
could benefit from interventions. Machine learning models demonstrated
modest but significant improvements compared to the multinomial lo-
gistic regression model in predicting 3-month post-stroke functional out-
comes, especially the challenging outcome of functional dependence. The
improved multi-class prediction can support rehabilitation planning, re-
source allocation, benchmarking of outcomes across hospitals, and poten-
tially real-time clinical decision support systems. The findings demon-
strated that each model has strengths depending on specific conditions,
including when the model assumptions hold or not, when the dataset size
is small or large, when the proportion of censoring is small or not, and
the computational efficiency of the model. Additionally, the prediction
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performance of competing risks models depends on the evaluation time
points and the dataset, which emphasizes the need to report multiple
measures evaluated at different clinically relevant time points to guide
model selection.

This thesis was based on a limited set of predictive features. Ex-
tending the models to include more detailed information on diagnosing
(e.g., imaging), clinical biomarkers (e.g., blood pressure levels, choles-
terol), and comorbidities (e.g., cancer, heart disease) could improve their
performance further, as these factors may provide additional prognos-
tic information. Our external validation of the risk prediction model
of 30-day mortality demonstrated good agreement between the UK and
Swedish stroke settings. An extended external validation, including dif-
ferent time periods and settings, and in particular of the other models
in this thesis is needed to evaluate their generalization and potential use
in supporting decision making. Because these models require substan-
tial computational resources, the thesis did not explore a wider range
of hyperparameters during model tuning. Future studies could investi-
gate a broader hyperparameter space to identify potential performance
improvements. Additionally, while tree-based models demonstrated com-
paratively better performance in the presence of noise, tuning is needed to
determine whether this reflects genuine robustness or simply unintended
overfitting. The simulations used independent covariates with fixed log-
hazard effects, providing a straightforward and controlled setup to assess
model behavior; however, the design lacks realistic covariate correlations
and may not reflect real-world effect sizes. Additional simulations could
incorporate correlated covariates and more complex data-generation sce-
narios to evaluate whether the model’s behavior is consistent under more
realistic conditions.
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