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Zusammenfassung

Chronische Krankheiten, wie die koronare Herzkrankheit, Krebs, Demenz und Diabetes, gehoren
weltweit zu  den haufigsten,  folgenreichsten und  wirtschaftlich bedeutendsten
Gesundheitsproblemen. Auf globaler Ebene zdhlen chronische Erkrankungen, auch bekannt als nicht
Ubertragbare Krankheiten (non-communicable diseases, NCD), zu 7 von 10 der hé&ufigsten
Todesursachen. Sie sind verantwortlich fiir 74 % aller Todesfalle pro Jahr (ca. 41 Millionen Todesfille)
und betreffen Menschen aller Altersgruppen, Regionen und Lander. Der zunehmende Anteil der an
NCDs leidenden Menschen ist besorgniserregend, da diese Erkrankungen irreversibel sind und eine
lebenslange arztliche Betreuung erfordern, die Aktivitdten des taglichen Lebens einschranken und mit
erheblich héheren Gesundheitskosten verbunden sind. Folglich sind die epidemiologische Forschung
und die statistische Modellierung chronischer Krankheitsdynamiken, beispielsweise im Hinblick auf
deren Pravalenz und Inzidenz, persistente Themen, die immer wichtiger und dringlicher werden. Die
Literatur bietet einen umfangreichen statistischen ,Werkzeugkasten®, der verschiedene Modelle
chronischer Krankheiten umfasst. Diese Vielfalt bietet Chancen, kann jedoch die Wahl eines
geeigneten Ansatzes erschweren. Alle Methoden haben ihre Vor- und Nachteile und sind daher fir
bestimmte Forschungsfragen mehr oder weniger geeignet. Unterschiedliche Modelle bendtigen
unterschiedliche Eingabefaktoren, basieren auf parametrischen oder nicht-parametrischen Annahmen
und erfordern moglicherweise Individualdaten, wahrend in anderen Fillen aggregierte Daten
ausreichen. Die Implementierung kann einfach oder anspruchsvoll sein, ein Modell und seine
Ergebnisse kdnnen leicht verstandlich oder komplex und kompliziert zu interpretieren sein, ebenso
kénnen sich die Methoden hinsichtlich der Recheneffizienz unterscheiden. Das Ziel dieser kumulativen
Dissertation besteht darin, das statistische Instrumentarium der Modellierung chronischer
Krankheiten zu ergdnzen, es zuganglicher und verstandlicher zu machen und eine Anleitung fir die
Auswahl geeigneter statistischer Ansatze zu geben. Die Entwicklung, Anwendung und Bewertung
statistischer Ansatze zur Quantifizierung und Prognose der Belastung durch chronische Krankheiten
spielen in den fiinf Beitrdgen eine entscheidende Rolle. Um Verfligbarkeit und Transparenz zu
maximieren, sind die Quellcodes aller beitragenden Artikel 6ffentlich abrufbar.

Der erste Teil dieser Dissertation befasst sich mit epidemiologischen Vorhersagemodellen. Der erste
Beitrag vergleicht dazu drei Projektionsmethoden. Dabei liegt ein besonderer methodischer
Schwerpunkt auf der Anwendung partieller Differentialgleichungen (PDE), die Prdvalenz, Inzidenz und
Mortalitdt in Beziehung setzen und das lliness-Death Modell (IDM) beschreiben. Der Vergleich zeigt,
dass sich die Ergebnisse der Methoden erheblich unterscheiden. Die Verwendung sehr simpler
Methoden, die zeitliche Trends bei Inzidenz und Mortalitdit auBer Acht lassen, fiihrt zu einer
erheblichen Unterschatzung der kiinftigen Zahl von Menschen mit chronischen Krankheiten. Der
zweite und dritte Beitrag schatzen die Inzidenz und prognostizieren kiinftige Fallzahlen von Diabetes
in Deutschland, sowie damit verbundene wirtschaftliche Folgen. Beide Anwendungen unterstreichen
das Potenzial des IDMs und der zugehdrigen PDE fiir die epidemiologische Modellierung.

Der zweite Teil dieser Arbeit befasst sich mit der Ereigniszeitanalyse. In den letzten Jahren wurden
nicht- und semiparametrische Modelle und Hazard Ratios als ihr primares Ergebnis immer wieder
hinsichtlich Interpretation, technischer Umsetzung und Flexibilitat kritisiert. Als Abhilfe wird im vierten
Artikel ein neues parametrisches additives Modell vorgestellt und dessen Einsatz und
Leistungsfahigkeit in einer beispielhaften Anwendung und einer Simulationsstudie demonstriert. Per
Definition Giberwindet das vorgeschlagene Modell die oben genannten Einschrankungen und kann als
leistungsstarkes Werkzeug zur Ereigniszeitanalyse dienen.



Der letzte Teil ist dem Bereich von Simulationsstudien zum Vergleich verschiedener Modelle
gewidmet, um dem Mangel an Leitlinien fiir geeignete methodische Entscheidungen in der
medizinischen Forschung entgegenzuwirken. Ungeeignete statistische Methoden kdnnen zu
ungenauen Ergebnissen und irrefilhrenden Schlussfolgerungen fiihren, die die Qualitat der
Wissenschaft, der Evidenz und letztendlich die Qualitdt der Patientenversorgung gefahrden kénnen.
Im Hinblick darauf kénnen vergleichende Simulationsstudien Abhilfe schaffen. Solche Studien
ermoglichen es, die Leistung und Eigenschaften statistischer Methoden in einem Umfeld zu verstehen,
zu bewerten und zu vergleichen, in dem die , Grundwahrheit” bekannt ist. Der flinfte Beitrag zielt
darauf ab, den Status neutraler Vergleichsstudien zu starken. Dabei wird zudem ein Beitrag zur
medizinischen Forschung geleistet, indem drei frequentistische Ansdtze zur Meta-Analyse von
Diagnosestudien in verschiedenen Szenarien systematisch verglichen werden.



Abstract

Chronic diseases, such as coronary heart disease, cancer, dementia, and diabetes, are among the most
common, consequential and economically important health problems worldwide. At a global level, 7
out of 10 leading causes of death are chronic conditions, also known as non-communicable diseases
(NCD). They account for 74% of all deaths each year (approx. 41 million deaths), affecting people of all
ages, regions and countries. The increasing proportion of people suffering from NCDs is worrying as
these conditions are irreversible and necessitate ongoing, lifelong medical attention, constrain
activities of daily living and are associated with considerably higher healthcare expenses.
Consequently, epidemiological research that addresses NCDs and statistical modelling of disease
dynamics in terms of, for example, prevalence and incidence, are persistent topics that continue to
become greater in importance and urgency. Literature provides a large statistical “toolkit” that
encompasses various chronic disease models. This variety provides opportunity, but may complicate
the choice of an appropriate approach. All methods come with their advantages and disadvantages,
and therefore are more or less suitable for certain research question. Different models rely on different
input factors, they may require individual data while in other cases aggregated data is sufficient,
approaches may be based on parametric or nonparametric assumptions, theirimplementation may be
rather simple or challenging, a model and its results might be easily understandable or more complex
and complicated to interpret, and the methods will presumably differ in terms of computational
efficiency. The aim of this cumulative dissertation is to complement the statistical toolkit of chronic
disease modelling, to make it more accessible and comprehensible, and to provide guidance for
selecting suitable statistical approaches. The development, application and evaluation of statistical
approaches to quantify and project chronic disease burden play a crucial role in the five contributing
articles. To make the methodology accessible and to maximise transparency, the source codes of all
contributing articles are publicly available.

The first part of this dissertation deals with epidemiological projections. The first contribution
compares three projection methods, with a particular methodological focus on the application of
partial differential equations (PDE) that relate prevalence, incidence and mortality and describe the
illness-death model (IDM). The comparison shows that the methods’ results differ substantially. It
appears that using too simplistic methods which ignore temporal trends in incidence and mortality
leads to severe underestimation of the future number of people with chronic diseases. The second and
third contribution estimate the incidence and project the future number of people with diabetes in
Germany and its related economic consequences. The two applications underline the potential of the
IDM and its associated PDE for epidemiological modelling.

The second part of this thesis addresses the analysis of time-to-event outcomes. In recent years, non-
and semi-parametric models and hazard ratios as their primary outcome have continuously been
criticized in terms of interpretation, technical implementation, and flexibility. As a remedy, the fourth
article proposes a new parametric additive hazard model and demonstrates its use and performance
in an exemplary application and a simulation study. By definition, the proposed model overcomes the
above-mentioned limitations and may serve as a powerful tool for analysing time-to-event outcomes.

The last part is devoted to the field of comparison studies to counteract the lack of guidance on suitable
methodological choices in medical research. Inappropriate statistical methods may lead to inaccurate
results and misleading conclusions which could jeopardise the quality of science, evidence, and
ultimately, the quality of care given to patients. This is addressed by comparative simulation studies.
Such studies allow to understand, evaluate and compare the performance and properties of statistical
methods in a setting where the "ground truth" is known. The fifth article aims to reinforce the status
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of neutral comparison studies and contributes to medical research by systematically comparing three
frequentist approaches for the meta-analysis of diagnostic test accuracy studies in various scenarios.
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1 Introduction

“The major factors that brought health to mankind were epidemiology, sanitation,
vaccination, refrigeration, and screen windows.“ !
(Richard Lamm)

While infectious diseases have an essential impact on the health of people worldwide, chronic
conditions have evolved to a major global health threat. Chronic diseases, also called non-
communicable diseases (NCD), such as coronary heart disease, cancer, dementia, and diabetes, impose
great burden on humanity 2. NCDs are among the most common, consequential and economically
important health problems worldwide **. They are particularly worrying as these diseases are
irreversible, require lifelong medical care, restrict activities of everyday living, and are related to
remarkably higher healthcare costs. Globally, NCDs belong to 7 of the top 10 causes of death °. They
affect people of all ages, regions and countries and account for 74% of all deaths (about 41 million
deaths) per year >*°. By 2030, the number of deaths related to NCDs are estimated to reach 52 million
per year. Further, according to the World Health Organization (WHO), costs for treating the worldwide
NCD epidemic are projected to increase to $30 trillion by 2030 4. However, epidemiologic studies
provide evidence that up to 80% of all cases associated with NCDs such as diabetes, heart diseases and
strokes, as well as 40% of all cancer diagnoses are attributable to a number of known and, above all,
preventable risk factors 4. Thus, further research and the promotion to modify major risk factors such
as smoking, high cholesterol alcohol use, poor diet, high blood pressure, obesity and physical inactivity,
would likely result in reducing a considerable proportion of the burden caused by NCDs.

Overall, the rising proportion of people suffering from NCDs and the associated, ever-increasing
healthcare costs require more knowledge about diseases and forecasting of future chronic disease
burden in order to initiate preventive measures and estimate expected requirements. Consequently,
epidemiological research that inherently focuses on statistical modelling of chronic disease dynamics
is a persistent topic of great importance and urgency. The main purpose of this cumulative dissertation
is to advance statistical modelling in the context of chronic diseases, as well as to make it more
accessible and comprehensible. To achieve this, the thesis is made up of three distinct parts, each with
a different focus, which underline the relevance and usefulness of statistical approaches for chronic
disease modelling. The five contributing articles that accompany the three parts focus on the
development, application and evaluation of statistical methods to quantify and project chronic disease
burden.

Part | - Epidemiological Projection Models

Epidemiology is the study of the distribution and determinants of diseases in human populations and
focuses on the description of health-related states, rates, events and trends. Compared to clinical
research, which primarily works at the level of individual patient data, epidemiology concentrates on
research questions at the population level®. The essential aim is to inform health professionals and the
public at large, ultimately improving general health situations. For instance, epidemiologists study
chronic and long-duration diseases (e.g., asthma) as well as infectious diseases (e.g., cholera) which
may be derived from the idea of an “epidemic” (i.e., the appearance of a particular disease in a large
proportion of people in a particular region, community, or population at the same time)®. Since even
in the developing world, chronic diseases are among the most common causes of death, the
importance and amount of epidemiological research that focuses on the context of chronic conditions
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increases. With the constant rise of chronic disease burden over the past decades, epidemiological
measures continue to become more relevant and popular®. Being two of the fundamental measures,
the incidence and prevalence of diseases are commonly reported’. The incidence rate refers to the
number of new cases with a condition of interest within a specified period of time, while the
prevalence summarises the proportion of existing cases versus the considered population number at
a particular point in time®8. Further, projections of measures that quantify disease frequency and
anticipating future demands play a central role in disease surveillance and management as well as in
the guidance of future healthcare resources and policies. For this aim, statistical projection models are
powerful tools but obviously, different models may vary in their outcomes and closeness to reality. In
the context of chronic disease projections, several methodological approaches have been advocated®.
Among these statistical techniques, a common approach simply combines the previously estimated
prevalence of the disease of interest and future population numbers to project case numbers®®. This
method requires little data and statistical knowledge. However, it might be too simplistic to fully
capture the complex nature of chronic diseases. As an alternative, multistate models, also called
compartment models, are able to incorporate underlying disease-specific transition rates and have
proven to more accurately mirror reality'®!!, The illness-death model (IDM) is a typical compartment
model in the epidemiology of chronic diseases that considers the three states healthy, diseased and
dead and that represents the transition rates from one state to another as continuous-time stochastic
processes’. The theoretical background of the IDM allows to derive differential equations that relate
prevalence, incidence and mortality'>!3. As there remains considerable debate about the appropriate
methodological approach for chronic disease projections, this thesis derives, employs and critically
discusses selected methodologies. By assessing the strengths and limitations of the different
techniques, this dissertation aims to help researchers to refine estimations of future chronic disease
burden. As one of the PDE approaches shows particular potential in the context of chronic disease
epidemiology, this thesis illustrates the method using aggregated and routinely collected data to
estimate and project epidemiological and economic measures of diabetes in Germany.

Part Il - Time-to-Event Models

Survival analysis, or more generally time-to-event analysis, refers to a set of statistical procedures for
analysing the time which elapses until some event occurs. In health care research, the time period and
the well-defined endpoint of interest could be the diagnosis of a disease, relapse from remission, or
recovery, as for instance, the time period between a confirmed response versus the first relapse and
recurrence of cancer, the cessation of breast feeding, the time between fertilization and conception
or the discharge from hospital after surgical treatment of a distal radius fracture **°, Often in medical
research and as indicated by the term "survival analysis", the endpoint considers the death of a person.
Such survival or time-to-event outcomes are mostly analysed by the Cox Proportional Hazards (PH)
model, which is an essentially non-parametric method *°. As a result of the Cox regression model, it is
common practice to report the hazard ratio (HR), i.e. the ratio of hazard rates in e.g. an exposed versus
non-exposed group. Conveniently, the estimated HR summarizes the treatment effect over the entire
length of the trial in a single number whereas other measures such as median survival only compare
survival time at one point. Recently however, the Cox model and the HR have been criticized for a
number of reasons. Most relevant points of concern were (i) that the HR must be interpreted
judiciously and that it is often mistaken as relative risk ¥/, (ii) its inherent selection bias or left truncation
bias even in randomized trials * and (iii) its non-collapsibility, i.e. conditioning on a covariate that is
related to the event generally changes the HR, even if this covariate is unrelated to the exposure °.
Despite these disadvantages, the Cox model and the HR remain one of the most used statistical models
and conventional effect measure in time-to-event analysis. This gives rise to the question why
parametric survival models are not preferred over the Cox model, particularly when knowing that in
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regression models for continuous, binary, nominal, or ordinal outcomes typically rely on parametric
modelling. Parametric methods have been developed long before the Cox model, they are easier to
estimate, interpret and communicate 221, This thesis addresses this controversy and, as a remedy,
proposes a new parametric additive hazard model that does not suffer from the disadvantages
mentioned. The exemplary application using data from a study investigating medical care to lung
cancer patients shows that the approach works well in practice.

Part Ill - Comparison and Benchmark Studies

In many scientific fields, there are strong incentives to devote to the development of new methods.
New methods are expected to “improve our world”, be it by simplifying processes or bringing results
of statistical analyses closer to the truth. For authors, it seems appealing to entail new analytical
approaches in their research as it is one of the most straightforward ways for a work to be considered
as novel and innovative, a prerequisite for publication?2. Consequently, the development of methods
is an active area of research in statistics. This situation is a double-edged sword: it provides opportunity
but at the same time it is a serious challenge as the choice of a method may considerably affect
results®®. With the constant introduction of new algorithms and models, it is becoming increasingly
difficult to remain informed and to select the most appropriate approach. This problem is addressed
by comparison and benchmark studies which aim to systematically analyse and compare several
methods in an unbiased manner?. Using simulated or real data sets and by assessing the methods in
different conditions, they provide guidance for suitable method choices depending on the respective
study setting, hypothesis or research question. This dissertation aims to contribute to the
improvement of research practices and methods by (i) reinforcing the status of neutral comparison
studies and (ii) contributing to medical research by conducting a comparison of three frequentist
approaches for the meta-analysis of diagnostic test accuracy (DTA) studies.

Outline

Section 2.1 is devoted to statistical projections methods for epidemiological research. It introduces
and compares different approaches for estimating and projecting common epidemiological measures,
i.e., the incidence, prevalence and case number of people with a specific disease, as well as disease-
related healthcare expenses. Section 2.2 deals with statistical methods used for time-to-event analysis.
It critically discusses commonly used approaches as well as the most popular effect measure in that
field, the HR. Building on this background, the main focus of section 2.2 is to introduce a new
parametric additive hazard model. Section 2.3 gives a brief introduction to the background and
relevance of comparison and benchmark studies. Further, the section provides information on three
recently published frequentist methods for the meta-analysis of DTA studies that are then
systematically compared in a simulation study. Chapter 3 provides a short overview of the software
used to implement the statistical models. Further, it specifies whether and how the data and code that
support the results of the studies can be accessed. Finally, Chapter 4 concludes with a general
discussion of the main findings and implications.

Contributing articles

Each of the sections 2.1, 2.2 and 2.3 encompasses at least one contributing article which has been
either published in a scientific journal, has been accepted or is currently under review for publication.
In the latter case, the latest version of the submitted article is included. Alongside the articles, a
specification of the contributions of all authors involved in creating each of the manuscripts is
provided.
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2.1 Epidemiological Projection Methods

“It is far better to foresee even without certainty than not to foresee at all.“ ?*
(Henri Poincare)

One of the main purposes of epidemiology is to study the patterns, causes and effects of health and
disease on population level, as well as to describe the frequency and distribution of a disease in a
specified population 2. In order to understand the epidemiology of a disease, it is essential to
continuously and systematically collect, analyse and interpret health data. This ongoing collection of
information and monitoring of a disease is known as surveillance 2. It is among the main goals of disease
surveillance systems to determine the need for public health actions, support information-based
decision making in healthcare, and contribute to planning, implementing and evaluating public health
practice, policies, prevention activities and disease management programs. Further, epidemiological
research and disease surveillance aim at informing about temporal changes of a health problem and
potential future burden caused by the surveyed disease 8.

In order to reach the goals of epidemiology and disease surveillance, various quantitative measures,
e.g., incidence, prevalence, disease-related complications and mortality, are estimated and projected.
Particularly the incidence and prevalence are among the central concepts and are commonly
encountered in epidemiology ?°. The prevalence represents the proportion of people in a population
having a disease 8. By that, this measure of disease status may also function as indicator on the burden
of a disease in a certain population in terms of monetary costs, quality of life, life expectancy or
morbidity %. Such knowledge is often crucial for decision makers to determine where investments in
health care should be targeted. While the prevalence reflects on the existing cases of a disease, the
incidence refers to the number of new disease cases within a certain period %°. The incidence rate is an
important measure for assessing the risk and burden of a disease on the population, for the economy
and the health sector. Insights on the incidence rate are key for instance for decision making about
future public health interventions and policies, as well as for planning and evaluating prevention
activities 2>,

Knowing that the proportion of people suffering from chronic diseases is continuously increasing and
that disease management activities have shown the potential to reduce the risk of acute complications,
premature mortality and the general suffering caused by chronic diseases, epidemiological research
and disease surveillance are of utmost importance in the context of chronic diseases %27, Though,
effective responses to any chronic disease require accurate estimates of current and future chronic
disease burden to tailor healthcare activities. Consequently, projections of epidemiological measures
are central for planning and anticipating future need of health care resources, for evaluating
prevention activities as well as for identifying potential risk factors or high-risk groups %%, However,
in order to be of use, information from disease surveillance must be representative, timely and
efficient. This can be achieved by using mathematical models and the best available, i.e., most
representative, comprehensive and up-to-date, data allowing to compile reasonable projections under
certain assumptions %%, Thereby, statistical projection models can be valuable tools to speculate on
future distribution of diseased and non-diseased.

With regards to statistical projection methods of chronic diseases, there remains considerable debate
about methodological approaches. Obviously, different models may vary in their assumptions,
outcomes and closeness to reality 28, Further, projection methods are inherently limited by the
availability of epidemiological and demographic data. In the context of projecting chronic disease case
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numbers, one ‘status quo approach’ is most often used which relies on a simple application of the
observed prevalence from a base year to population projections 2°3%, Precisely, the age- and sex-
specific prevalence p(t, a) at time t can be obtained from

I(t, a) (1)
H(t,a) +I(t,a)

p(t,a) =

Where I(t,a) and H(t,a) denote the number of people with and without a disease, respectively. To
project the number of age- and sex-specific future cases I(t, a), the estimated prevalence p(t, a) is
then applied to the age-, sex- and time-dependent future population number N(t, a) as in

I(t,a) = p(t,a) X N(t,a) (2)

Other epidemiological factors, such as the incidence, are only incorporated implicitly in the prevalence.
However, this method disregards the fact that prevalence is a consequence of incidence and mortality
and ignores any other epidemiological determinant. Hence, it is questionable whether this method is
able to accurately mirror reality. Vice versa, statistical methods that reflect on underlying disease-
specific transition rates, i.e., incidence and mortality, may better mirror the complex nature of chronic
diseases. Therefore, some (more advanced) studies rely on multistate models that relate disease-
specific transition rates. These include for instance time-discrete Markov models 2%, Poisson

regression to model disease-specific transition rates 3233 or differential equations 121334,

Overall, further developing and spreading the knowledge about accurate projection methods is
essential to counteract the ever-worsening chronic disease situation. For that aim, the part on
epidemiological projection models is structured as follows: Section 2.1.1 introduces the theoretical
background of multistate models and specifically, the illness-death model (IDM) as one popular
example of multistate models in epidemiology. Section 2.1.2 focuses on the projection of case numbers
via a set of two partial differential equations (PDE). Section 2.1.3 relates the prevalence, incidence and
mortality of a chronic disease in a single PDE. The purpose of Section 2.1.4 is to give a practical example
of how to model the future epidemiological and economic burden of diabetes mellitus in Germany.
The overall section 2.1 serves as basis for the first three contributing articles which are all devoted to
projections of the current and future burden of type 1 and type 2 diabetes (T1D, T2D) in terms of case
numbers, prevalence, incidence and a variety of healthcare cost measures.

2.1.1 The lliness-Death Model

Most generally, a multistate model represents a stochastic process X(t) with a set of two or more
discrete and disjunct states which determines the state space S. Depending on the context, multistate
models are also referred to as compartment or state models. It is assumed that all individuals of a
population are in one of the states. As implied by the function of t, multistate models are dynamic in
the way that the number of individuals in each compartment may fluctuate in the course of time. The
progression from one state to another is described by probabilities to occupy one of the different
states and the intensities for the transitions.

Multistate models are most often built around deterministic differential equations °. Such
deterministic models produce consistent outcomes for a given set of inputs, i.e., each problem belongs
to one set of specified values and only one solution. Its mathematical characteristics are known, none
of them is random and from deterministic perspective, there is no allowance of error. Deterministic
models have the advantage of being both, relatively easy in terms of implementation and conceptually
simple. However, they lack stochasticity which may be a relevant feature in the context of modelling
of chronic conditions. In contrast to deterministic models, stochastic methods are able to incorporate
this random element at some level by integrating unknown components into the model. Essentially,
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compartment models can also be used with a stochastic (random) framework °3>3¢, In some cases,
representing disease onset or disease-related mortality in a human population may be more
realistically represented by a stochastic process that comprises a certain level of randomness . In that
view, a stochastic framework may sometimes be more suitable and more realistic for epidemiological
modelling, although it may be more complex to analyse.

Compartmental models are a general modelling technique and nowadays, a common tool for
mathematical modelling of infectious and chronic diseases. For example, they are valuable statistical
tools for predicting how a disease spreads within a certain population, for estimating or projecting the
total number of diseased, to model the duration of an epidemic or pandemic, or to computing various
other epidemiological measures such as the incidence, reproduction number or years of life lost (YLL)
as a measure of premature mortality. The origin of such models dates back a long time to the early
20" century where they have first appeared in the context of infectious diseases in pioneering works
of Ross (1916) ¥, Ross and Hudson (1917) 3, Kermack and McKendrick (1927) 3° and Kendall (1956) °.
In chronic disease epidemiology, compartment models have appeared later and gained more attention
since the 1950" %!, In epidemiology, a well-known compartment model is the competing risks model
(Figure 1)*2. Most generally, competing risks are events which preclude the occurrence of a primary
event or outcome of interest or modify the risk of the considered outcome****. In medical context, one
common example of competing risks may refer to disease relapse and death in remission®**. For
instance, a competing risks model may consider different causes of death, and the final state “death”
is divided into two or more states (see Figure 1)*2. Two special cases of the competing risk model that
are commonly applied in epidemiology, are the susceptible-infected-removed model (SIR model)
(Figure 2) and the IDM (Figure 3). The SIR model originates in infectious disease modelling. In this work,
the focus is on the IDM (Figure 3) as it has been proven valuable in reflecting on the complex interplay
of three basic epidemiological parameters, namely, the incidence, prevalence and mortality of a

chronic disease 3%,

Figure 1: Exemplary competing risk model. The model consists one state “Alive” (A) and three states “Dead” that represent
different causes of death (D1, D2, D3).
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infectious
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Figure 2: SIR model. The state S denotes the number of susceptibles, i.e., individuals that may infect with a specific disease.
State | represents the number of infectives which may transmit the disease to other susceptibles. State R refers to the
number of recovered people who return back to state S, who remain in state R with immunity or who died.

Healthy

Incidence IR(t,a)

H(t,a)

=

Mortality
mO(tla)

Dead

Mortality
ml(tla)

Figure 3: lliness-Death-Model of a chronic disease. All people in a population are assumed to be in one of the three states:
Healthy, Diseased, or Dead. H(t,a) and I(t,a) denote the number of people without and with the disease of interest,
respectively. It is assumed that at birth, all people start in the healthy state. Depending on time t and age a of each

respective person, they will then transition to another state which is described by the incidence IR, the mortality of the non-
diseased mg, and the mortality of the diseased mj.

The IDM is a multistate model that represents a Markov process in continuous time {X;; 0 < t < oo}.
In the context of chronic diseases, the IDM can be restricted to modelling three states, i.e., a state
space S = {1, 2, 3}, as depicted by the IDM (Figure 3). More specifically, it consists of the three states
"Healthy" (with regards to the chronic disease of interest), “llI” and “Dead” and it is assumed that each
individual of a population is in one of the relevant disease states. Therein, H(t,a) depicts the number
of non-diseased aged a at time t, the disease state "llI" comprises the number of ill people depicted
by I(t, a) and the death state indicating the number of deaths. It is assumed that at birth all individuals
begin in the healthy state. From there on, they can either be diagnosed with a chronic disease and
then die at some point in time, or they can transition directly to death state (without ever contracting
the disease under consideration). The arrows in Figure 3 indicate the possible progressions between
the states. These are modelled by transition rates which are all functions of calendar time t and age a.
The transition rates are given by the incidence rate IR(t, a) the mortality of the non-diseased m(t, a)
and the mortality of diseased people m, (t, a). Reflecting on chronic conditions, there is no remission
from the diseased back to the healthy state.

2.1.2 Projecting Case Numbers via a Two-Dimensional Set of Partial Differential Equations
Building upon the theoretical background of the IDM and assuming its transition rates as constant in
the short term (e.g., for the time period of a year) *°, Murray et al. %’ showed that the relation
between prevalence, incidence and mortality can be expressed in terms of a set of ordinary differential
equations (ODEs) 3. An ODE is a differential equation dependent on only one single independent
variable %8, which is, in the framework of Murray et al. %7, age a. Hence, the age variable a describes
the (only) temporal progression. In the so-called incidence-prevalence model, Murray et al. ¢4
describe the evolution of the susceptible, i.e., healthy, population and infected or ill subpopulations.
A system similar to the one presented by Murray et al. *# is given by
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dH )
— = —[IR(a) + mo(a)] X H(a)

da
dl 4
= IR(@) X H(a) ~ my(@) X 1(@) @
where j—z and :—; denote the change in the number of people without and with the disease under

consideration, respectively. IR (a) denotes the incidence rate, while my(a) and m, (a) represent the
mortality rate of the non-diseased and diseased, which are all dependent on age a. The set of ODEs
presented in (3) and (4) is linear and of first order #°. It assumes time-homogeneity, i.e., time
dependence only with regards to temporal changes of age a, and that the transition rates (i.e., the
incidence IR(a) and mortality rates my(a) and m, (a)) are non-negative and sufficiently smooth 7.
The system of ODEs implies that the population is stationary and closed (i.e., no migration for instance),
and that the birth rate is constant. The age-specific prevalence p(a) is defined as

@ 1@ (5)
P I(@) + H@)

The analytical solution of the corresponding initial value problem with initial conditions H(0) = H, >
0,1(0) =1, = 0and Hy + I, > 0 can be formulated as in *°

H(a) = H, X exp (— faIR(T) +m0(‘c)dr> (6)
0

I(a) = exp <— faml(r)dt> X (10 + ]aIR(T)H(T) exp (]Tml(t)dtdr>> 7)
0 0 0

In reality however, the assumption of time-homogeneity is doubtworthy, and the dynamics of the IDM
are more likely to depend on multiple time scales, such as age, calendar time and duration of a disease
13 Apart from the age a, disease rates commonly also depend on the calendar time t. For instance,
disease patterns of asthma and chronic obstructive pulmonary disease (e.g. in terms of prevalence and
symptoms) were found to vary by season®. The dependence of the parameters on the two time scales
of age a and calendar time t in the IDM can be illustrated in a Lexis diagram (Figure 4).

25 //{ //’,’/ //
20 // / ,’/ /

Age 15 [ A A

/ ’ 7 P
/| 7
10 - 4 4

0 & [} vl

1940 1950 1960 1970
Calendar year

Figure 4: Lexis diagram of birth, onset of disease and death: birth e, healthy - - - -, diseased ------- , death [. Each line in the
diagram represents the lifeline of one individual.

The lines depicted in the Lexis diagram represent the life course of individuals along the two time scales
%5, The end of such a life line indicates the point in time where the respective individual has left the
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population under consideration, e.g., due to death or emigration *. As age a and calendar time t grow
at the same pace, all life lines have a slope equal to 1. Assuming that the transition rates depend on
more than one time scale, i.e., they are affected by changes in age a and calendar time t, Brunet et al.
>1 have shown that and (3) and (4) can be rewritten as a two-dimensional system of PDEs 1135 |n
contrast to the ODEs defined above, a PDE is defined as equation that depends on partial derivatives
of a multivariable function, i.e., one with two or more independent variables “¢. The rates
mg(t, a), m,(t, a) and IR(t, a) henceforth depend on age a and calendar time t. The following system
of PDEs describes the population flows of the IDM in the context of chronic diseases at any time t and
age a:
0H(t,a) = —[IR(t,a) + my(t,a)] X H(t,a) (8)

0I(t,a) = IR(t,a) X H(t,a) — my(t,a) X I(t,a). (9)

0H (t, @) indicates age-, sex- and time-specific changes in the number of people without the disease of
interest, while dI(t, a) represents changes in the number of diseased. Equations (8) and (9) are now
classified as PDEs, as they govern partial derivatives with respect to the two variables age a and
calendar time t, instead of only one variable. As such, they describe the temporal changes of the
number of diseased and non-diseased along the life lines in the Lexis diagram.

In epidemiology, it is typically the case that m,(t, a) and/or m,(t,a) are unknown *. However, the
general mortality rate m(t, a) of the overall population of interest (i.e., a convex combination of the
mortality of diseased and non-diseased) is commonly observed and reported in life tables. As a
remedy, it has been shown mathematically equivalent to incorporate the general mortality m(t, a)
and the mortality rate ratio (MRR), that is, the ratio of the mortality rates of people with versus without

the disease under consideration (MRR(t, a) = M) 3,
my(t,a)
The general mortality can be computed from
m(t,a) = p(t,a) X my(t,a) + (1 —p(t,a)) X my(t, a) (10)
=my(t,a) X [p X MRR — 1) + 1]. (12)

Implementing the prevalence p(t, a), the general mortality (mt, a) and the MRR(t, a) in

‘g = m(t,a) (12)
Mo(t, @) = T @) x (MRR(L, @) — 1))
and
my(t,a) = my(t,a) X MRR(t,a) (13)

it is possible to derive my(t, @) and m, (¢, a). The estimates of the two mortality rates can then be
used as input data to apply the two-dimensional set of PDEs shown in (8) and (9).

To derive and project the number of cases of a chronic disease via the two-dimensional set of PDE
shown in Equation (8) and (9) in a practical example, the proposed approach requires disease-specific
and demographic input data. The method relies on input values on the age- and sex-specific
prevalence, the age- and sex-specific MRR and the age- and sex-specific general mortality for a base
year. Aggregated data are sufficient. The latter are used to estimate the mortality of the non-diseased
and the mortality of diseased people. Further, if in a projection it is of interest to model temporal
trends in the incidence and/or mortality rate, this would require additional information on the rate
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development over time. Projection results would be independent from future population estimates
beyond the year used to determine initial values of my(t, a) and m, (¢, a).

2.1.3 Relating Prevalence, Incidence and Mortality in a Single Partial Differential Equation

In epidemiology, the prevalence is a fundamental measure to quantify disease frequency. Defined as
the proportion of a specified population found to be affected by a (medical) condition at a certain point
or period of time, it is often the preferred measure over absolute case numbers. Consequently, it is of
interest and of great practical value to express (8) and (9) in terms of the age-specific prevalence
instead of explicitly modelling the numbers of diseased and non-diseased. In 1999, and building upon
the theoretical framework of the IDM in the context of chronic conditions, Brunet et al. >* were among
the first to present a differential equation that describes the relation of the prevalence odds and the
incidence and mortality rates of the chronic disease under consideration. Their approach has been
generalised, extended and reformulated, for instance to the context of infectious disease
epidemiology, to allow for modelling remission rates or migration 723, The following section shows
how to derive the age-specific prevalence as solution of a PDE. For that means, it is possible to relate
the theory of stochastic processes and (deterministic) differential equations °.

1 q01

Figure 5: Theoretical lllness-Death Model expressed as Markov chain in continuous time. The boxes represent the states and
the arrows depict possible transitions from one state into another.

Precisely, to derive the formulation of the prevalence in terms of a PDE, the IDM from Figure 3 is now
considered in a more theoretical setting and expressed as Markov chain in continuous time {X;; 0 <
t < oo} (see Figure 5). This continuous-time stochastic process consists of a mathematical system that
describes a sequence of possible transitions from one state into another in which the probability of
each event depends only on the state attained in the previous period. In the context of chronic diseases
and the IDM (Figure 3), the system is restricted to three states, i.e., a state space S = {1, 2, 3}. States
are changed according to the probabilities of a stochastic matrix Q (¢t) := (qx(t))jkes = 0.The arrows
in Figure 5 indicate the possible transitions from one state into another. The rate matrix, also-called
intensity matrix, Q(t) comprises the rates or intensity functions g (t) which denote the transitions
from state j to a subsequent state k where j, keS,j # k. Generally, the terms intensity and rate are
used synonymously. The concrete associated intensity matrix to the current setting is

doo  qo1 Yoz —(qo1+q02) qo1  Goz (14)
Q) = 910 911 12| = 0 —q12  q12
q20 421 Y22 0 0 0
with g19 = g20 = @21 = @22 = 0. With regards to the rates,
z qjx(t) =0 (15)
k

which implies that
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q;;j(t) = —Zq,-k(t) Vj € S. (16)

Jj*k

The elements q;; are non-negative for j # k. Rates are chosen such that each row of the intensity
matrix Q(t) sum to zero. As usual in the theory of Markov models, the process is assumed time
homogeneous, i.e., transition probabilities P]-k(s, t) are independent of t. For an individual in state j
at time s which transitions to state k at time t with j,k €S and 0 < 5 <t < oo, the transition
probabilities Pj (s, t) equal

Py(s,t) = P(X, = k | X, = J). (17)

Using Kolmogorow’s forward differential equations to define the temporal change of the probability
that a continuous-time Markov process is in a certain state, the transition probabilities are given by

d

i@ (s, t) = Z Py (s, t) X qj. (18)
3

With (18) and for the present context, all relevant probabilities and their corresponding solutions can
be defined as in the following ODEs:

%Poo(sl t) = —(q01(t) + CIoz(t)) X Pyo(s, t) (19)
- (f @ ()d) 20
Pyo(s,t) — exp| — ) qo1(u) + g1 (w)au
d _ p (21)
apn(s' t) = —q12(t) X Py1(s,t)
t 22
PuGs,t) ~ P <_fs qlz(u)du) )
%Pu(s' t) = qu2(t) X P1(s,t) (23)
Pi5(s,t) =1— Pi;(s,t) (24)
t 25
=1-exp (‘j Chz(”)du) (25)
%PM(S: t) = qo1(t) X Pyo(s,t) — qq2(t) X Py1(s,t) (26)
t t u (27)
Py;(s,t) = exp <—f Q12(u)du)f qo1(w) X Py (s, u)du X exp <f Q12(v)d17> du
' ‘ (28)
= f Poo(s,u) X qo1(u) X exp (f (hz(v)d']) du
' (29)
= [ P0G % q01 00 X Py, O
%Poz(sj £) = qo2(t) X Poo(s,t) + q12(t) X Py (s, t) (30)

28



Poo(s,t) = 1—="Pyo(s,t) — Py1 (s, 0). (31)

The probabilities Py, and Py; are unique solutions with initial conditions Py (s,s) = 1and Py,(s,s) =
0. Shown by Yang 2 and Brinks et al. °, the prevalence p(t) at time t = 0, the intensity functions 4k
and transition probabilities ij(s, t) can be related as in

Py1(0,1) (32)
Pyo(0,t) + Py1(0,t)

p(t) =

p(t) is mathematically well-defined as it holds that Pyy(0,t) + Py;(0,t) > 0 for allt = 0. Since

Py, (0,t) = 0 it follows that p(t) = 0 and Py, (0,t) > 0 implies that p(t) = % where 20000 >
1+P01—(O:t) POl(Ort)

0. Thus, p(t) € [0,1] for all t = 0. Further, (32) can be rearranged to

POO(OI t) (33)
Pyo(0,t) + Py, (0, t)

1-p@®) =

The temporal change of the prevalence with initial condition p(0) = 0 is given by

d d
d g @000 + Pu0,0] = o (0.0 g [Poo(0.0) + Por (0,0) (34)

T [Poo(0,t) + Py1(0,0)]?

This equation can be reformulated using Equation (32) and (33) as
d d
4 - AP Pn 0.0 (O gg P (0.0 (35)
acP\ T Pyo(0,t) + Py, (0,1)

d (36)

d d
P (0,0 = p(®) [ g5 Poo (0. 8) + g Por (0, 1)]
Pyo(0,t) + Po1(0,t) l

Using Equation (20) and (29), we get

d
P
_ (qm(O, t)Poo(O, t) + qll(ol t)POI(OI t)) - p(t) [POO(O' t){qoo(o! t) + q01 (0! t)} + POI(O' t){qlo(ol t) + qll(ol t)]

Pyo(0,t) + Py(0, 1)

(37)

(1 =p®)Pys(0,£)q00(0, ) + (1 = p(t))Po1 (0, £)q11(0,£) = p(£) (Poo (0, £)q00 (0, t) + P51 (0,£)q10(0, 1))
B Pyo(0,t) + Py1(0,t)

(38)
= (1—p()2q01(0,8) + p()(1 — p())[g11(0, 1) — oo (0, )] — P(£)%q40(0, 1) (39)

which can be rearranged using the properties ¢;1(0,t) = —q10(0,t) —q12(0,t) and
q00(0,t) = —qo1(0,t) — qo2(0,t) to

= (1-p(©))*q01(0,8) + p(t)(l - p(t))[—q10 (0,8) = 1200, ) + qo1(0,)+q02(0, )] — p(£)?q1,(0, )

(40)
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such that finally the temporal change in the prevalence can be defined as
= (1 -p(£))q01(0,t) — p(t)q10(0,t) — P(t)(l - P(t))[‘hz(O. t) — qo2(0,1)]. (41)

For the context under consideration (see Figure 5), it is known that q,,(0,t) = 0, and thus (41) can be
simplified to

d
= p(8) = (1 = ()01 (0,0) = p(O(1 — P12 (0, ) = G0 0, O] 2

Overall, this shows that the temporal change of the prevalence can be found as solution of the
Kolmogorov equations (20) and (29). As discussed by Brinks et al. °, the theory of ODEs proves that
there exists a unique function to equation (42) that fulfils the initial condition p(0) = 0.

In the epidemiological context of chronic diseases and considering the IDM (Figure 3), Equation (42)
can be rewritten to a more intuitive formulation. Henceforth, the parameter t is interpreted as time
and the states S = {1, 2, 3} denote the conditions “Healthy”, “Ill” and “Dead”. As discussed in section
2.1.2, it is more realistic to reflect on more than one time-scale. Consequently, in a practice, all states
and transitions are considered as sex-specific functions of age a and calendar time t. The time scales
of age a and calendar time t will however be omitted in the following equations for the purpose of
better readability. It is assumed that all individuals begin in the healthy state at birth, hence, the initial
conditions Pyy(s,s) = 1 and Py,(s,s) = 0 are met. Thereafter, they can either be diagnosed with a
chronic disease and die at a certain point of time, or they die without the disease of interest. Since
death is considered the final state, it holds that P,,(s,s) = 1. Modelling a chronic disease with no
remission, the process is irreversible which implies that ij(s, t) = 0 for j > k. Referring to the
notation introduced in sections 2.1.1 and 2.1.2, H(t, a) represents the number of healthy people, i.e.,
those without a specific disease in state “Healthy”, and I(t, a) represents the number of ill people, i.e.,
those in state “lII”, who have contracted the disease of interest. The transitions between the states are
given by m,(t, a) and m, (¢, a), that is, the mortality of the non-diseased and diseased, respectively,
and the incidence rate IR(t, a). In this setting, the age- and time-specific prevalence is defined as

I (43)

Since the states and rates depend on two time scales, the ODE defined in (42) becomes a PDE to
express the change in the prevalence over time:

0 0
( _>p = (1 -p) x[IR —p(my —my)]. (44)

—+
dt  da

As discussed, for the majority of diseases, the mortality of people without a disease of interest m, is

commonly unknown. However, it is possible to incorporate the general mortality m(t, a) as defined in

(10) and the MRR, defined as mortality ratio of the diseased versus non-diseased. In that case, (44) can

be reformulated to

Jda 0 B p X (MRR — 1) Xxm (45)
(EJF%)I’_(1_p)X[IR_px(MRR—1)+1)'

Integration of the PDE shown in (45) yields the estimated age-, sex- and calendar time-specific
prevalence p(t, a).

Practical application requires disease-specific and demographic input data. Precisely, the PDE
presented in this section relies on sex-, age- and calendar time-specific information on mortality,
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prevalence, and incidence rates as well as input information on the population structure, i.e., sex-, age-
and calendar time-specific population numbers. The PDE reflects on the complex interplay of the
incidence and mortality rates, and thus, in a projection allows for incorporating temporal trends of
these rates. Consequently, if the latter is of interest, it is necessary to provide information on the
temporal development of the incidence and/or mortality.

The PDE is flexible enough to allow for possible extensions, other areas of application and
reformulations that may be valuable for epidemiological research. With regards to potential
extensions of the PDE, it is possible, for example, to include the duration of the disease %, to transfer
the PDE to a context of reversible diseases and model remission from a disease °, or including a phase
of undetected disease preceding the diagnosed stage >3. Alternatively to estimating the prevalence, it
may be of interest to estimate and/or project case numbers of a disease as discussed in Section 2.1.2
and shown in contribution 1. This can be achieved by firstly estimating the prevalence using the PDE.
In a second step, the estimated prevalence is multiplied with the population counts which yields the
number of people with a disease (e.g., diabetes or dementia) in the respective population 334>
Another area of application might be to reformulate the PDE and express it in terms of the incidence
(see contribution 1 and 2). In epidemiology, it is typically more complicated to compute incidence of a
disease compared to calculating the prevalence. The PDE offers a valuable and efficient approach for
that purpose. Using information on the age-specific prevalence for two points in time, the general
mortality of the population, as well as information on the MRR of the populations with and without
the disease, it is possible to estimate the age- and sex-specific incidence of a chronic disease using the
following equation:

p(a,t) X (m(a,t) — 1) (46)
p(a,t) xm(a,t) + (1 —p(at))

|55

o o
IR(a,t) = (& 4 %) p(a,t) + MRR(a, t) X

For practical application see e.g. contribution 2 or Hoyer et al. >, who estimated the age-, sex-, and
race/ethnicity-specific incidence of diabetes. Another application domain would be to estimate the
relative mortality of a chronic disease. As discussed by Brinks et al. ° and Egeberg et al. *¢, this may be
valuable in cases where information on the prevalence and incidence of the disease are registered but
not followed-up for mortality. Furthermore, in view of the considerable increase in the number of
people with chronic conditions and its associated costs, another context of application would be to use
the PDE for estimating and projecting cost of illness information (see contribution 3). Cost of illness
estimates are relevant from economic, medical and political point of view, and are necessary for
effective healthcare management, resource planning, meeting future medical needs and evaluating
measures for prevention and intervention ?®, In combination with healthcare cost data, the PDE
allows to project age- and sex-specific healthcare expenses of chronic diseases considering future
demographic, disease-specific and cost trends. To achieve this, per capita healthcare cost data are
combined together with the demographic structure of the population under consideration, the disease
prevalence, incidence and mortality. As a result, direct per capita costs, total annual costs, cost ratios
for diseased versus non-diseased and attributable costs can be estimated and projected to the future.
The proposed method is able to reflect on temporal trends in epidemiological, demographic and cost
dynamics simultaneously. At the same time, the approach remains transparent, clear and
understandable in its application. Further, the statistical method can be easily applied to other
countries and chronic diseases and are flexible enough to anticipate impacts of alternative policy
scenarios.

2.1.4 Future Epidemiological and Economic Burden of Diabetes Mellitus in Germany
For illustration purposes, the following section shows the practical application of the approaches
presented in Section 2.1.2 and 2.1.3. First, this chapter provides background information on the global
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diabetes epidemic, in order to illustrate the public health relevance of the disease and the resulting
need for diabetes surveillance. Following, Section 2.1.4 briefly describes the employment of the
statistical methods to quantify current and future epidemiological and economic measures in the
context of the chronic disease diabetes in Germany.

Worldwide, diabetes mellitus is one of the most common chronic diseases, and hence, is a disease with
high public health relevance >~*°. In 2021, the global diabetes prevalence was estimated 10.5% among
adults (20-79 years), i.e. 537 million people, and caused healthcare costs of at least $966 billion ©°.
Most generally, diabetes refers to a disorder of carbohydrate metabolism 8. As such, it comprises a
group of diseases that are characterised by impaired ability of the body to produce or respond to
insulin which in turn manifests in an incapability of the body to maintain proper levels of sugar, i.e.,
glucose, in the blood *%. Therefore, the disease requires a structured self-management plan,
monitoring blood glucose level, physical activity, diet and daily insulin treatment °”°8, The increasing
proportion of people suffering from diabetes is peculiarly worrying as the condition constrains
activities of daily living, necessitates ongoing medical attention and hence, causes remarkably higher
costs and healthcare expenses. Besides severe late complications, the disease is associated with
considerably higher mortality and is estimated to lead to 1.5 to 4.4 times higher health-care costs
compared to people without diabetes ?°. Diabetes has many subclassifications, including for instance
T1D, T2D, maturity-onset diabetes of the young (MODY), gestational diabetes, neonatal diabetes or
late onset (or latent) autoimmune diabetes in adults (LADA). Overall, diabetes is considered a chronic
condition, with the exception of prediabetes and gestational diabetes which are potentially reversible
diabetes conditions 8.

T1D and T2D are the major subtypes of the disease, however, the onset, pathogenesis and symptoms
of T1D and T2D are considerably different 81, Therefore, each type has its own risk factors,
pathophysiology, presentations, aetiologies, and treatments. T1D usually arises in children and young
adolescents, thus sometimes referred to as juvenile-onset diabetes ®2. Vice versa, T2D usually occurs
after age 40 and becomes more common with increasing age and most often, is a result of poor lifestyle
and dietary choices. T2D is far more prevalent than T1D, accounting for about 90% of all diabetes cases.
Current T2D prevalence is estimated with 7.4% among men and 7.0% among women in Germany aged
40 years or older 3*%3,In 2009 in Germany, estimates of the prevalence of T1D was 0.17% for girls and
0.19% for boys younger than 19 years . The prevalence among women and men (aged between 20
to 79 years) was estimated between 0.28% to 0.39% and among the elderly population (80+ years)
between 0.47% and 0.50% ®3%%. The total number of people with T1D in Germany ranges from 256,000
to 373,000 in 2009 and 2016, while for T2D, more than 9 million people of the German population are
estimated to be positively diagnosed %54, As observed over the past decades, the incidence and
prevalence of T1D and T2D are expected to rise further 348,

However, little is known about diabetes-related economic consequences and future healthcare
expenses in Germany °7®, Further, the few studies investigating the current and future population
with T1D or T2D in Germany as well as associated healthcare expenses are limited to certain ages or
demographic cohorts, they ignore temporal trends in disease-related rates and/ or do not distinguish
the diabetes types 1345, As a remedy, this thesis shows that using the statistical approaches presented
in Section 2.1.2 and 2.1.3, it is possible to compute nationally representative estimates of the age- and
sex-specific incidence, prevalence and the number of people diagnosed with T1D and T2D in Germany
in 2010 until 2040. Further, this work shows that there exists a projection method that is capable of
reflecting the complex interplay of future demographic, disease-specific and cost trends
simultaneously to project diabetes-related healthcare expenses. Specifically, the approach enables to
project sex-, age-, year- and diabetes-type specific per capita costs, total excess costs and cost ratios
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of people with and without T1D and T2D, as well as attributable costs in Germany from 2010 until
2040.

The projection of the diabetes burden and its related healthcare costs in Germany requires several
demographic, epidemiological and economic input data. All applications rely on anonymised,
aggregated data, i.e., no individual data was required and data on population level is sufficient. In the
best case, input information was obtained in differentiated manner with regards to age, sex and the
specific disease, the data should comprise the time period considered in the estimation (or should at
least be relatively recent or close to the time period of interest) and should be as reliable and
representative as possible for the target population. Necessary input information may be obtained
from secondary data which is commonly more resource saving compared to collecting primary data
(e.g., with regards to time and costs). Further, the proposed methodologies allow for estimating and
projecting the disease burden based on data derived from cross-sectional studies, i.e., collecting data
from lengthy and costly longitudinal studies may be dispensable. Depending on the field of application
and the concrete context, the required input data may be provided by governments, insurances or
disease-specific registries, sometimes even publicly.

First, demographic input data in form of the observed and expected age- and sex-specific population
distribution and the mortality of the general population in Germany for each year from 2010 to 2040
and all ages from 0 to 100 years are provided in the official population projection of the German
Federal Statistical Office (FSO) . The FSO focuses on demographic change in Germany and releases
several variants wherein they assume different future birth rates, life expectancies at birth, and
migration. For projection purposes, it may be recommendable to consider several variants to account
for uncertainty in future demographic developments.

Second, epidemiological input information, i.e., starting values for the prevalence and incidence, were
derived from claims data that have been used in previous projections of diabetes prevalence ®*%’. The
data is taken from 65 million insures from all German statutory health insurances (SHI). Covering about
80% of the total population, the data set is considered representative for Germany 25343, As relevant
information, the data set provides information on age, sex and diabetes diagnoses in 2010. To define
T1D and T2D, the International Classification of Diseases (ICD) coding is used which is provided in the
underlying claims data 2634°861 The ICD-codes E10.- to E14.- specify the different types of diabetes,
with E10.- comprising all possible T1D diagnoses and E11.- denoting T2D. Information on the mortality
of people with versus without T1D or T2D is lacking in Germany. As workaround, it is possible to use
data on the age- and sex-specific MRR of people with versus without T1D or T2D. For T2D, Schmidt et
al. %’ report nationally representative estimates of the MRR in Germany in 2014. Due to unavailability
of the T1D-related MRR in Germany, the age- and sex-specific MRR from Denmark estimated by
Carstensen et al. 3233 were used to approximate the MRR of T1D in Germany. This is suggested by

previous studies since the two countries’ MRRs are claimed highly comparable 33346368,

Lastly, economic input values in terms of average per capita healthcare costs for people with and
without T1D or T2D were obtained from aggregated claims data ®3%’. The claims data consists of a 6.8%
random sample of all German people with statutory health insurance (SHI) (which covers almost 90%
of the German population). Due to regulations on data protection, routine SHI data were provided in
an anonymous and aggregated form. The cost data included direct per capita costs for physicians,
dentists, pharmacies, hospitals, sick benefits and others in 2010 in Germany from payer perspective.
Further, it contained ICD-10 codes which allowed to differentiate between costs associated with the
respective type of diabetes. These data were used as starting values of per capita costs, cost ratios for
people with versus without T1D and T2D as well as attributable costs in 2010.
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Contribution 1 presents a detailed comparison of three different projection methods and their
practical employment to project sex- and age-specific case numbers of people with diagnosed T2D for
Germany between 2010 and 2040. The second contributing article first estimates the age- and sex-
specific incidence and prevalence of T1D in Germany in 2010 using data from 65 million insurees of the
German SHI and then projects the prevalence of type 1 diabetes until 2040 assuming several scenarios
of the incidence and mortality. For the precise estimation methodology and projection results of future
age- and sex-specific direct medical costs related to diagnosed T1D and T2D in Germany between 2010
and 2040, see contributing article 3. The freely available software R (R Core Team, 2021 °°) was used
for implementation of the analyses related to contribution 1, 2 and 3. The complete R-codes and
relevant data sets for reproducing the analyses are publicly available.

34



Part |1

35



2.2 Time-to-Event Analysis

“Don’t know, really. In the light of some of the further results one knows since, | think | would
normally want to tackle problems parametrically, so | would take the underlying hazard to be
a Weibull or something. I’'m not keen on nonparametric formulations usually.” %°
(David Cox)

Time-to-event analysis is a branch of statistics that allows appropriate handling of data where the
variable under investigation involves times to some event of interest. It is commonly used to model
the expected duration of time until an event occurs, to approximate transition rates or intensities from
one state to another in a stochastic process with countably many states, or to estimate the effect of
prognostic factors. The area of application for time-to-event models is diverse 7°, ranging from e.g.
finance (estimating companies survival in financial crisis or time to default in credit scoring), marketing
(the probability of a customer leaving the company in the next months or the time until a customer
makes a repeat purchase), engineering (component failures in machines or the reliability of a gas
turbine), psychology (predictors of and time to potential criminal recidivism), logistics (lead times for
metallic components in the aerospace industry) and, most commonly, healthcare. In medical research,
the particular endpoint is commonly the time until occurrence of a particular disease, relapse from
remission, recovery or the time until death. For this reason, the term “survival analysis” is often used
synonymously for time-to-event analysis (or “failure time analysis” and “reliability analysis” in
engineering).

When modelling time-to-event data, the response variable of interest usually measures the time until
a specific endpoint. In its simplest form, time-to-event data consists of two tightly linked components,
that is, an event indicator and a time variable that indicates the relevant points in time. Time-to-event
data, i.e., data on the time between a starting point and an endpoint that refer to certain kind of
events, are often affected by a peculiar kind of “partial missingness” 7%, This is due to truncation and
censoring, which are two distinct phenomena that cause incompleteness in data samples. In the case
of right-censoring, subjects do not experience the event of interest during the follow-up time. For
example, if death is of interest, patients may not die during the overall study period. Vice versa, in left-
censoring, the event has occurred before the data is collected or study has started, i.e., only the upper
bound of time is known 2%, Truncation may arise due to a systematic selection process inherent to the
study design. It occurs if a value below (left truncation) or above (right truncation) a certain truncation
point is not recorded at all, one speaks of truncation. For instance, this may happen in cohort studies,
in which study participants must not have the disease of interest at the start of the study. Knowing
that traditional regression methods are not equipped to handle such data and that censoring and
truncation mechanisms may affect the response, survival analysis requires special techniques to
analyse the data properly and avoid biased estimates as well as incorrect conclusions.

The remaining part on modelling time-to-event data is structured as follows: Section 2.2.1 introduces
a clinical data set from a real-world study which serves as practical example for the remaining chapter.
Section 2.2.2 introduces basic mathematical terminology and notation used in time-to-event analysis.
Section 2.2.3 is devoted to Cox’s Proportional Hazards (PH) model and its generic effect estimate the
HR. Section 2.2.4 describes alternative semi-parametric additive hazard models. The focus of Section
2.2.5is on parametric additive modelling of time-to-event data and briefly derives the new approach.
Building on Section 2.2, the fourth contributing article makes use of the relations and the background
introduced and proposes a new parametric additive hazard model with time-independent covariates.
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2.2.1 Survival of Non-Small-Cell Lung Cancer Patients

For illustration purposes, the subsequent sections consider an example based on a data set from the
Halle Lung Cancer (HALLUCA) study 72. The population-based multi-centre study investigated
treatment options for non-small cell lung cancer patients in the region of Halle (Saale) in the eastern
part of Germany between 1996 and 1999. In the HALLUCA study, the authors investigated the survival
of 1,696 lung cancer patients depending on several prognostic factors. Thereof, 1,183 patients were
diagnosed with non-small-cell lung cancer. 188 were in clinical stages I-lllb (15.9%) and were treated
with radiation therapy alone. 1,349 patients of the sample (79.5%) died until the end of follow-up.
Minimal follow-up was 12 months, the median follow-up time 33 months. Survival time was defined
as starting from the day of diagnosis of lung cancer. The end of survival time was either death or the
end of the observation period planned for data collection in the HALLUCA study. The observed median
survival time of all patients was 10.2 months with a 2-year overall survival of 15.8%. Besides tumour
stage, radiation dose was found the most important prognostic factor for survival of patients after
primary radiation therapy.

Generally, lung cancer belongs to the leading causes of cancer mortality, with about 2.1 million new
cases and 1.8 million deaths in 2018 worldwide ’3. Non-small-cell carcinoma or non-small-cell lung
cancer (NSCLC) comprises a heterogeneous class of tumours that represents approximately 80 - 85%
of all lung cancers ’*. The disease is associated with a notably high proliferation, strong predilection for
early metastasis and poor prognosis particularly in later stages 3. It is confirmed that NSCLC has a
strong epidemiological link to tobacco, as its prevalence seems to reflect the smoking prevalence with
a lag time of about 30 years 7. Internationally, NSCLC is grouped into five stages (stage 0 to IV) using
the tumour-node-metastasis (TNM) classification 72. The lower the staging, the less the cancer has
spread with advanced disease represented by stage IV. Treatment and prognosis differ by stage. In the
past decade, treatment options have improved markedly with wider lung cancer screening, improved
radiation techniques, and treatment advances 7>74,

For the latter analysis, a dichotomized version of the TNM-scale was adapted for the classification of
malignant tumours as a predictor of survival. 739 patients had a TNM-scale of Il or smaller (TNM < 1V),
and 621 patients had a TNM-scale of IV (TNM IV). For the 336 remaining patients no TNM-scale was
reported, and they were therefore excluded from the analysis. We are thus considering a problem that
involves a binary covariate x (i.e., TNM IV versus TNM < IV, with TNM < IV as the reference) for each
study participant i as predictor of observed survival time t.

2.2.2 Mathematical Relations in Survival Analysis

Let T = 0 be a random variable representing the time of the event under consideration, i.e., death in
the HALLUCA study. Further referring to the data example of the HALLUCA study, the TNM
classification of each respective patient (i.e., TNM < IV versus TNM IV) acts as predictor variable of a
patient’s survival time included in a covariate vector x. The probability of survival of a single individual
with covariate vector x beyond time t can be modelled via the survival function S, (t) by

S,(t) =P(T >t), 0<t < oo, (47)

This can also be expressed as

Sx(t) =1-=FE(0), (48)
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with E.(t) = P(T < t) denoting the cumulative distribution function (CDF) which describes the
probability of having experienced the outcome of interest before or exactly at time t. The probability
density function (PDF) £, (t) describes the probability of the event occurring at exactly time t, given by

- P <T<t+Al) (49)
fe(@®) = lim Y
The PDF can be ascertained from the CDF 776 by
dF (t,) (50)
fx(t) = T
or vice versa it holds that
F(ty) = [, f(wdu. (51)

Integrating the PDF f,(t) from time t to +oo yields the survival function ¢, i.e., S, (t) can be related
to f,(t) asin

s = | " Fwdu (52)
t

with

9 (ty) (53)
Jt

f(tx) = -

as equivalent expression. Once the survival function and the PDF are specified, the corresponding
hazard function h, (t) can be determined.

Most often in time-to-event analysis, it is the aim of modelling the instantaneous potential (or risk,
with regards to death being the event) of having an event at a time t, given survival up to that time
71, The hazard function h, (t) describes this instantaneous rate ’® and is defined as

Pt<T<t+AtIT=t) (54)
At

he(8) = AP—{%+

or, expressed in terms of the survival function S(t) and PDF f,(t), as

_f(®)  —0S(ty)/ot (55)
YOG

h,(t)

Building on the example of the HALLUCA study, the relations between hazard, density, CDF and survival
can be depicted as shown in Figure 6.
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Figure 6: Relations between hazard, density, CDF and survival function shown for the example of the HALLUCA study. Using
the Kaplan-Meier method, the plot top left depicts an estimate of the survival curve for the HALLUCA data, while the plot top
right plots the cumulative event probability. The hazard function (bottom left) is modelled via the function bszahard() in R
which estimates the hazard function non-parametrically from a survival object. The depicted smoothed estimate is based on
B-splines. The plot bottom right visualises the distribution of the survival variable in the HALLUCA data, using
geom_density() (a function from the ggplot2 package) that creates smooth density estimate plots.

2.2.3 Cox Proportional Hazards Model and the Hazard Ratio

Often, one of the objectives of time-to-event analysis is to specify the potential effect of covariates
(such as sex, age, treatment, diagnosis) on event times 6. This can be solved using special regression
techniques such as the popular Cox PH regression model. In order to assess the effect of multiple
covariates on failure time of a system, Cox introduced his PH model in 1972 6, Precisely, Cox proposed
that the hazard takes the form of

h(ty) = ho(t)exp(B'x) (56)

where hy(t) is the baseline hazard, x is a set of observed covariates and f is a vector of regression
coefficients to be estimated, measuring the influence of each respective covariate x on the outcome
18 In other words, the model decomposes the hazard into two distinct parts that act multiplicatively:
First, into an arbitrary and unspecified, non-parametric baseline hazard that is shared across all
individuals and dependent on time only and second, a linear predictor that consist of a functional term
that is basically independent of time and that describes the effect that covariates have on the hazard.
By that, Cox regression relies on the background assumptions of linearity and additivity of predictor
variables. The model is essentially non-parametric as the functional form of the baseline hazard h(t)
remains unspecified 7’8, However, the implicit PH assumption is an important feature of the model
and implies that the HR, which measures the effect of the predictor, is constant over time for any two
individuals or strata compared. In order to be correctly specified, it must satisfy that the baseline
hazard is a function of time but does not involve the covariates 707798,
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The model’s generic effect estimate, the HR, is defined as ratio of two distinct hazard rates and is used
extensively as conventional effect measure in time-to-event analyses ’°. In medical research for
instance, the HR is typically reported to evaluate treatment effects or other safety and efficacy
outcomes of clinical trials comparing a treatment group and a control group 76. Assuming PH, the
hazard ratio for given values of a single binary covariate xy, (with referral to the HALLUCA study this
may be the TNM classification) is given by &

h(t|xrymiv=1) _ (57)
h(t|xrymw=0) exp(£).

In the context of time-to-event data, the Cox PH regression model has become one of the most popular
and widely-used regression techniques 7”81, From its introduction, it has generated a great amount of
interest and has become one of the most used and cited statistical models in applied research (the
original article ranks among the top 100 papers in terms of citation frequency). Its predominance and
popularity stem from several decades of application, together with the facts that (i) it allows for
censored observations, (ii) it is possible to estimate survival curves, (iii) it guarantees interpretable
hazard ratios as effect measures, (iv) it is implemented in standard statistical software, (v) it is a robust
model and (vi) it is essentially distribution-free as it does not require the investigator to assume any
underlying distribution of the baseline hazard function %7, Despite these key strengths of the model,
it does introduce some limitations. One inherent and overly strict assumption imposed by the Cox
model, the PH assumption, is that the hazard functions of all individuals are strictly proportional and
that the HR is thus constant over time 7. In practice however, this very restrictive condition inhibits
the model’s usefulness 7. In case of violation or misspecification, the Cox model may result in biased,
potentially misleading estimates and false inference #°. Considering the complexity of medical or
biological relations and associations, this assumption can rarely be justified. Instead, hazards may vary
because the susceptibility of a disease differs between patients or because a new treatment might
change the pattern of mortality over time, rather than the overall mortality rate. Another example
would be the decision between surgery and radiation treatments: the surgery might have a higher
initial risk, but a better long-term prognosis while this is inversed for radiation therapy.

In addition, the frequent use of the Cox model is surprising because the HR, its generic effect estimate,
has been repeatedly criticized in recent years ’°. Although the HR, may seem convenient, e.g., it is
easily estimated and summarizes the treatment effect into a single number 7%, it does continuously fall
in disgrace in terms of interpretation, technical implementation, and flexibility. For instance, the HR
may be hard to interpret (causally) and is commonly mistaken as relative risk although essentially, the
HR is a ratio of rates, and not one of risks 7798°, Another common point of critique is that even in
randomized trials, the HR has a built-in selection bias because it is estimated conditionally on the
survival of the set of observations which is still under risk 7%, This bias is even more severe in case
of misspecification, e.g. in terms of an omitted variable that affects the outcome of interest. Recalling
that the HR for a given value of a single binary covariate is given by (57) and now assuming an omitted
covariate xpy, the true conditional model would be correctly specified by

h(t|x) = ho(®)exp(BrumvXramiv,i + BovXov)- (58)

As the covariate X represents an omitted prognostic input factor, only the marginal population-
averaged HR h(tleNMIV,i) would be estimated, which is unequal to the true conditional and subject-
specific treatment effect . Though, it must be noted here that the presence of bias would only occur
in the presence of large treatment effects together with an omitted covariate that largely impacts the
outcome %, In case of a weak effect of treatment on survival and/ or weak impact of the omitted
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covariate, the imbalance in treatment estimates is negligible. More virulent is that the HR suffers from
non-collapsibility, i.e., adjusting for a covariate that is associated with the event will generally change
the HR, even if the covariate is not related to the exposure %82, Supposing that t denotes the survival
time of interest and assuming a binary exposure variable x and third variable z, the hazard function is
given by

h(t) = (t|1X = x,Z = z) = hy(t)exp(Bx + Bz). (59)
It follows that the marginal hazard function is equal to

_ Bx : L s __ E[S1{x,0(t);z}|X=x] 60
h(tlx) = ho(t)eF¥j{x, 6(t)} with j{x, 6(0)} = L i o= (60)

where  Sy{x, 0(t); z} = exp(=N\y(t) exp(Bx + Bz)), Si{x,0(t); z} = Sp{x, 6(t); z}exp(Bz) and
0(t) = {By, B No ()} with A as cumulative hazard function. That being the case, the causal hazard
function is then denoted by

h(t|x = x) = ho(t)exp(Bz)h{x, 6(t)} where h{x,0(t)} = % (61)

From there, the marginal exposure effect t(t) becomes

T(6) = B + log [1isge] (62)
Generally, if the marginal exposure effect differs from the marginal association, i.e., T(t) # B,, there
is confounding. Hence, in the given case, and even when z is independent, non-linearity (or as
commonly referred to, non-collapsibility) is present 8.

2.2.4 Semi-Parametric Additive Hazard Models

As the PH assumption may not always be true (for example, the effect of a treatment may change over
time) and in response to the disadvantages of the HR, alternative additive frameworks which allow
non-proportional hazards (i.e., time-varying covariate effects) have been proposed 8. As indicated by
the name, in additive hazards regression models, covariates act additively on the baseline hazard.
Unlike the PH model which estimates HRs, additive models estimate the difference in hazards 2.
Therefore, additive approaches are noteworthy because they do not suffer from the beforementioned
issues and instead offer additional pleasurable properties . First, when defined in continuous settings,
results do not suffer from non-collapsibility. Second, compared to HRs, hazard differences are more
comprehensible and can be more easily interpreted 7°. For instance, additive measures provide
information about a population’s base rates of the outcome of interest which in turn, can inform
clinical and policy decision-making 8. Thus, hazard differences are useful in assessing risks without
requiring additional data to estimate the baseline rates 8. Third, results from additive hazard models
can be translated to a relative survival scale. Relative survival quantifies the cumulative effect of
covariates on the relative survival probability and thus incorporates information about the strength of
the investigated association . This can be nicely interpreted as the observed survival probability of
the population studied, divided by the expected survival probability if the population was free of the
disease of interest. Knowing that absolute and relative results may generate diverging evidence,
proper interpretation of the effect of an exposure or treatment on survival times may require reporting
both effect measures. Supported by the reporting guidelines from the Consolidated Standards of
Reporting Trials (CONSORT) and Strengthening the Reporting of Observational Studies in Epidemiology
(STROBE), it is advocated to report both, absolute and relative measures, because the complementary
findings provide a more comprehensive risk picture 88, Though it must be noted that the choice of
the measure and whether to provide a combination of measures is still an ongoing debate in literature.
An overview of potentially useful measures is provided in Table 1. In view of that, additive hazard

41



models may appear as preferable alternative to multiplicative models which only capture relative
hazards .

Table 1: Overview of relative and absolute effect measures, together with their definition, interpretation, disadvantages and
advantages.

Effect measure | Definition | Interpretation Disadvantages Advantages

Relative Measures

Hazard ratio h(t|Xy) Hazard that the event time - Potentially misleading - Directly estimable from
(HR) #° h(t|X,) of a treated group exceeds - May exaggerate effects Cox regression model

the event time of a control
group conditional on the
other covariates

Easy to compute

Odds ratio Fi(t) Ratio between the odds of - Frequently mislabelled or | - Directly estimable from
(OR) 820 1 —Fi(t) | the treated vs. the odds of misused as RR a logistic model and
Fy(t) the control group - Hard to comprehend regardless of the study
1-Fy(t) - May exaggerate effects design (follow-up, case-
control, cross sectional)
Relative risk/ Fo(t) Ratio of risks of the treated - The RR can be the same - Easy to compute
Risk ratio (RR) Fi(t) group vs. a control group for very different clinical - Easy to interpret
8591 situations - Included in standard

- Potentially misleading statistical software
May exaggerate effects

Relative risk 1—RR Relative decrease in risk of - Potentially misleading - Easy to compute
reduction an adverse event in a
(RRR) °* treated vs. a control group
Absolute Measures
Risk difference Fo(t) Difference between the risk | - Difference in risk may - Easy to compute
(RD)/ Absolute - F@®) of an event in a control have greater importance - Easy to interpret
risk reduction group and the risk of an when risks are close to 0 - Clear meaning
(ARR)/ event in a treated group or 1 than when near the - Reflects both, the
Absolute risk middle of the range underlying risk without
increase (ARI) and with treatment
90,91
Number 1 Number of patients to be - NNT should be positive, - Easily understood
needed to RD treated to achieve the only defined if RD >0 - Addresses statistical and
treat (NNT) 8 _ L desired outcome in one - Its confidence interval clinical significance in a
a1 ARR patient who would not have does not include the way that is easily
benefited otherwise point estimator interpreted
Number 1 Number of patients needed
needed to ARI to treat to experience a
harm (NNH) & particular adverse outcome
(e.g. a significant side
effect)

The first introduced and most known additive hazards model was proposed by Aalen in 1980 2.
Thereafter, the approach of modelling time-to-event outcomes in an additive manner has been
considered by numerous other authors (e.g., Aalen (1980, 1989, 1993), Breslow and Day (1980, 1987);
Buckley (1984); Cox and Oakes (1984); Thomas (1986); Huffer and McKeague (1991); Andersen et al.
(1993)) . In his model from 1989, Aalen assumed that covariates act in an additive manner on an
unknown baseline hazard rate %*. Precisely, he proposed that the hazard function associated with a set
of time-independent covariates is the sum, rather than the product, of the baseline hazard function
and the regression function of covariates as in

h(t; Xij) = ho(6) + B1(®)xj1 (O)+ ...+ By (O)x, (1) . (63)

Therein, hy(t) represents the baseline hazard, X; denotes the set of covariates and S;(t) the
regression coefficients which are dependent on time t . The estimated hazard differences can be
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interpreted by plotting cumulative hazards over time. The unknown risk coefficients are allowed to be
functions of time, so that the effect of a covariate can easily be detected at each distinct survival time.
While this is a main advantage of the model, it also introduces its major drawback in terms of
application and interpretation. With regards to application, the Aalen approach gives large flexibility
in modelling, but this complicates parameter estimation considerably. Concerning interpretation, the
time-dependence of covariate effects renders their description more complex °. As the model
coefficients may change repeatedly over time (see Figure 7), they may be more complicated to
understand and no single quantifiable effect size can be offered .

0 200 400 600 800

Figure 7: Estimated cumulative regression function based on the dataset “lung” contained in the R library “survival” and
plotted using the function plot.aareg().

As a partial remedy, Lin and Ying % proposed an additive hazard model for time-independent
covariates as a special case of Aalen’s model ®3. Their semi-parametric model allows to reduce effects
that are time-invariant to a parametric form which results in a simpler description to those effects *°.
Precisely, in addition to assuming the linearity of continuous covariates, Lin and Ying suggested that all
regression functions, i.e., all covariate effects, except the baseline hazard are constant over time %’.
Thus, for a given subject i, the hazard is written as

h(t; XU) = ho(t) + ﬁ1Xj1(t)+ ot ,Bpij(t)gs. (64)

In view of the discussed properties, additive hazards regression models could take priority over the
popular Cox PH model if the absolute difference in hazard is of primary interest instead of modelling
the HR, or if the proportionality assumption cannot be justified 83, Additive approaches are said to
provide a better fit for survival data and to be more useful to assess underlying biological interactions
8699 Though, it isimportant to recognize that these approaches are not new and despite their coverage
in the literature, they are rarely applied in the routine analysis and reporting of medical data 1%, One
reason for this is that using a semi-parametric hazard may require long computation times in certain
contexts. Thus, they may be complicated in terms of implementation and interpretation. Another
drawback is that some additive methods are not yet widely implemented and available in commonly
used software %.

2.2.5 A new Parametric Additive Hazard Model

An alternative branch of time-to-event analysis that bypasses many of the discussed shortcomings of
non- and semi-parametric approaches, is fully parametric modelling. With parametric models, the
outcome of interest (e.g. survival time) is postulated to follow a particular distributional form. Thus,
the PDF f,,(t;) can be expressed in terms of unknown parameters. Once the PDF is specified, the
corresponding survival and hazard functions can be determined. Many parametric models are
accelerated failure time (AFT) models in which survival time is modelled as a function of predictor
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variables. Whereas a PH model assumes a multiplicative effect of covariates on the hazard, an AFT
model suggests that the effect of covariate is multiplicative, i.e., proportional, with respect to survival
time.

Given that the parametric form is correctly specified, parametric models for time-to-event modelling
were reported to be simpler, more informative, more robust, to have more validity and higher accuracy
in parameter estimates °%. Further, they allow to extrapolate beyond the available range of the data
and estimated survival curves are smoother. Another strength of parametric models is that estimation
is simplified using the maximum likelihood principle to estimate the parameters 12, Further appeal of
parametric approaches lies in the ease of interpreting the results: they have absolute effect measures
and hazard function readily available, and fitted values from the model provide estimates of survival
time, as well as the estimated coefficients or suitable transformations thereof function as clinically
meaningful estimates of the investigated effects 1. Albeit these numerous favourable properties, it
remains a phenomenon that parametric survival models are rather underutilised in medical
applications while semi- or non-parametric modelling persist being the more popular choice 1%.

One aim of this dissertation is to show that it is possible to exploit both, the advantages of additive
approaches as well as the advantages of parametric survival analysis. Evidently, the model assumes
that the hazard h, (t) at time t is modelled additively as in

hy(8) = hog(t) +xB . (65)

The parameters 3 are the regression coefficients that measure the impact of the covariates x and
ho g (t) denotes the parametric baseline hazard function which is independent of the covariates. The
parameter 0 denotes the distribution parameters. Depending on the choice of the baseline
distribution, 6 may differ in terms of number and commonly used notation. Using the relations
between PDF, hazard and survival function (see Section 2.2.2) and reformulating (55) to f,(t) =
h,(x)S(t), the PDF associated to the new model can be expressed as

_ [ fo® (66)
£u) = (29 + 15 ) 5.0
Substituting S, (t), this becomes
_( fo@®) (67)
fx(t) = <SO,9(t) + XB ) exp(_Hx(t))
And thus
_{ fo®) ‘ (68)
50 = (25548 Yoo (- [ )
Using Equation (65), the last part can be replaced by
t t t (69)
fi(t) = <% + xf ) exp <_Jo hoe(W)du — fo xﬁdu)
which is equal to
_(fo® exp(— [, ho,p(w)du) (70)
£ = <So,e(f) +xp ) exp(fotxﬁdu) '

Replacing the numerator by S, g(t) and further solving the equation, (70) can be rewritten to
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fo(®) N So,0(t) (71)

O = o) T o)
Finally yielding
_ Jo(®) +xB Sop(ti) (72)
FO =T wh)

with the corresponding survival function S, (t) given by

So,0(t) (73)
Sy(t) = ————=1-FE/(t

(D)= 2o = 1= RO

where E,(t) depicts the model’s CDF. Estimation is straightforward via maximising Equation (74) with
respect to the unknown regression coefficients § and the parameters of the assumed baseline
distribution using any software that allows maximising a hand-coded log-likelihood function. Precisely,
the log-likelihood function of the model for a single observation i at time t; and covariate vector x; is
given by

£ = (1= 8 og (i, () + 8 log (,(t)). (74)

Plugging in the derived expressions for f,.(t;) and S, (t; ) in Equation (66) and (73), respectively,
finally this becomes

£ = (1 - 5)00g (fo(t) + xiBSoe(t)) — tixiB) + 8 (log (See (1)) — tixiB). (75)

with §; as censoring indicator being &; = 0 for observed events and §; = 1 if an observation is
censored. For practical application, it is possible to assume a wide range of baseline distributions
whereby their fit is comparable via model selection criteria. In addition to the parameters of main
interest, i.e., the regression coefficients [, the distribution parameters and more intuitive
transformations thereof, the method is able to returns for instance relative survival or absolute
measures such as the number needed to treat (NNT). Referring to the binary covariate Xy from the
HALLUCA example and using the information from Table 1, the latter can be obtained via

= i = L = 1 (76)
NNT RD  Fy(t)-Fi(t) S1(t)=So,0(t)’
Knowing that for Xy, = 1 the survival function S; (t) is given by ;(;L((t;)) , this can be rewritten as
1 exp(t
NNT = _ p(th) (77)
SO(t) —-S (t) SO,O(t)(l - exp(tﬁ)
exp(tp) 0P

for the proposed additive hazard model.
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2.3 Neutral Comparison Studies

“Statisticians, like artists, have the bad habit of falling in love with their models.“ %
(Brad Efron)

In its broadest sense, statistical modelling refers to the analysis, approximation, depiction and
prediction of real-world events and dynamics in a formal and theoretical manner using mathematical
relationships and statistical assumptions. In fields such as computational science, bioinformatics and
medical research, the development of statistical models has always been a vivid research area 2223106,
New methods, i.e., approaches and procedures for analysing data, are expected to “improve the
world”, be it by simplifying processes or bringing results of statistical analyses closer to the truth. While
the motivation for this phenomenon should be the aim for continuous scientific progress and
improvement, it may also partly be attributable to pressuring publications policies and the prevailing
publish-or-perish-culture %7, In that regards it seems only logical that nowadays, most published
articles are devoted to the development of new methods, as it is one of the most straightforward ways
for a work to be considered as novel and innovative, a prerequisite for publication 2%23106108
Consequently, new statistical methods are currently flooding fields, resulting in a quickly evolving
situation with an ever-growing conglomeration of available models to be used.

When first presenting a new method, authors commonly perform comparative studies (i.e., the new
versus established models or versus a gold standard method) as part of the introductory paper 2. This
is usually done with the (unconscious or deliberate) intention of demonstrating the dominance of the
new method compared to existing ones. In the past, such original research articles presenting new
methods have often been found to be biased in favour of the newly proposed method and over-
optimistic, stressing the superiority of the new method %1%, Based on anecdotal evidence, statistician
Efron claims that “new methods always look better than old ones. [...] In fact it is very [...] easy to
inadvertently cheat by choosing favourable examples, or by not putting as much effort into optimizing
the dull old standard as the exciting new challenger” 1. Into the bargain, there is substantial empirical
evidence that selective reporting, publication and optimistic biases are prevalent in diverse domains
of science and that it is comparably easy to make a method appear better than it actually is 2310,
Doubtlessly, this overoptimistic bias could become apparent without any intent to be fraudulent 1,
Nevertheless, it may arise through means of intentional bad scientific practice, such as “HARKing”
(Hypothesizing after the Results are Known) 2, p-hacking 3, fishing for significance *%°, data
dredging !¢, selective reporting ¥/, or “SOTA” (State of the Art) hacking '8, Further, literature confirms
that the author's level of expertise in the field of application and alternative statistical models, the
optimisation and overfitting of new algorithms to the data sets considered during the development
and introduction phase, the selection of favourable datasets and settings, a profitable choice of
competing methods, optimal parameter tuning for the preferred method, post-hoc modification of
specific design and/or analysis components, as well as selective reporting of method variants and
analysis settings play a crucial role %8110 With trust in science, it may be important to note here that
the superiority of a new method may obviously not necessarily be wrong and overt fraud is probably
rare 211! However, referring to Nuzzo who claims that “even an honest person is a master of self-
deception” *°, one must acknowledge that everyone is at risk of (consciously or unconsciously)
engaging in such questionable research practices %, The recurrent character of such claims of
superiority may seem somewhat suspicious, also because it is not systematically assessed and
validated from a neutral perspective.
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As concern over the use of problematic research practices in academia has increased in the past
decade, it is of interest to identify root causes of such behaviour. Cognitive biases (such as
confirmation, experimenter or hindsight bias) are considered as risk factors, but it is foremost claimed
that institutional and career-oriented incentives may encourage the use of bad scientific practices *%°.
The pressure to publish novel and positive results combined with low requirements from journals (e.g.,
with regards to code sharing, documentation and guidance on designing a comparison study) may
prompt researchers to being susceptible to engage in questionable research practices in comparison,
benchmark and simulation studies *2*. Further, studies that focus on the review, evaluation, validation
and comparison of only existing methods and that are written by neutral authors are generally
appreciated by readers, but are given poor consideration by many journals, editors and researchers
23108 This is in strong contrast to clinical research where most published medical papers do not suggest
new measures 2. Instead, the vast majority focuses on many other types of clinical research projects
such as large validation studies, phase IV clinical trials, or meta-analyses 22. Vice versa in other fields,
replication and comparison studies are often implicitly excluded from the journals’ scopes, not
deserving publication owing to lacking innovation and novelty 2.

This prevailing situation combined with publication, over-optimism and other reporting biases gives
rise to several dilemmas: Firstly, over-optimism may largely detriment the credibility and value of
research evidence in case subsequent comparison studies by independent authors fail to reproduce
the superior performance of the method of interest 2%2%106108110111 ‘gacondly, it seems that authors
have been afraid in the past of not being published when reporting balanced (and thus potentially less
exciting) results from comparison studies of existing studies without introducing any new features or
models. The little acceptance, tolerance or interest from the sides of editors and reviewers in such
studies results in a challenge for researchers as it remains open to debate on how to "properly"
compare methods and make recommendations %22, In recent years, pioneering works have put
forward some general guidelines, frameworks and recommendation on how to conduct comparison
studies 23106:108123-125 Thoygh, little thereof is put into practice, and despite this latest general advice,
for many issues relevant for practical application in reality no concrete guidance or methodology can
be found. Hence, researchers face a multiplicity of design and analysis options when conducting
benchmarking and comparison studies 2. Thirdly, the overload of available methods together with a
lack of neutral guidance results in a challenge for practitioners with regards to an appropriate choice
and correct application of a method. Often, it remains open to debate which method to use, or when
and how to apply a method. Consequent inappropriate applications of statistical methods may return
false and misleading, inaccurate or exaggerated findings 1!*. Altogether, these issues combined with
the publish-or-perish-attitude mentioned above contribute to an estimated waste of 85% of research
resources and ultimately 4, perpetuate the ongoing methodological replication crisis which centres
around problematic failures to replicate 22.

On this account and given the large set of publications in which researchers struggle with presenting
fair comparisons, some scholars have made a plea for neutral comparison studies in computational
sciences as possible solution 22. Having shown the potential to make the establishment of standards
more objective and to give fair chances to all methods, the need for and interest in studies that focus
solely on neutral and fair comparisons seems to deserve more attention in the scientific community.

Section 2.3 is divided into the following subsections: The purpose of Section 2.3.1 and 2.3.2 is to define
neutral comparison studies. Section 2.3.3 introduces DTA studies in general and gives information on
the tasks and particular characteristics of meta-analysis of DTA studies. Section 2.3.4 provides a brief
description of three different frequentist approaches previously proposed for the meta-analysis of ROC
curves from DTA studies. As the field presented in Section 2.3.3 currently lacks guidance on the
methodological choice, Section 2.3.5 describes the steps involved in generating a neutral comparison
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study for the methods introduced in Section 2.3.4. Using the methodological knowledge and
background information discussed in the overall Section 2.3, the fifth and final contribution follows the
“plea for neutral comparison studies”, and aims to neutrally and systematically compare three
frequentist approaches for the meta-analysis of receiver-operating-characteristics (ROC) curves in a
simulation study.

2.3.1 Neutral Comparison Studies
Neutral comparison studies are broadly defined and characterised by three main components which
make them essentially unbiased 2%

i The primary research goal of a neutral comparison study is to conduct a comparison of
methodological approaches proposed elsewhere instead of introducing a novel method 2.

ii. Neutral comparison studies should be performed by reasonably neutral authors, as non-
neutrality of the authors may induce a bias in general. Further, the authors should be equally
experienced with all methods under investigation and relevant in the field of application
22,23,126'

iii. Neutral comparison studies should be designed, analysed and reported in a systematic and
rational way. That is, the selection of the dataset(s), methods, and evaluation criteria should
be based on strictly pre-defined inclusion criteria 2223106115,

Analogous to clinical research in drug development, the development stage of a method can be
structured in four subsequent phases 2. Whereas the first phases of methodological development
focus on explorative, method-demonstrating and illustrative comparisons, later phases should consist
of confirmative, neutral comparison studies. The framework consists four subsequent phases of
methodological research defined as *%°:

Phase I: Initial introduction of a new methodological idea based on logical reasoning, proofs and
the assessment of asymptotic properties.

Phase II: Provision of empirical evidence in a narrow target setting, i.e., an application to data from
real-world practice.

Phase lll: Extensive investigation of the method and its assumptions in a wide range of settings,
across several data sets and for various outcomes demonstrating a method’s validity and
relative performance.

Phase IV: Examinations showing that a method itself, as well as its strengths and limitations are
sufficiently understood.

This entails that comparison studies become important only after early phases of method introduction.
Their aim is to firstly, validate and ensure the proper functionality of existing methods in concrete
settings and secondly, provide recommendations and guidance to applied and methodological
researchers 120122, The purpose here is to enable researchers, i.e., "method users", to find the
“optimal” method for her or his application. At the same time, it may provide evidence-based guidance
for "developers" by identifying potential limitations of existing methods and thus, shed light on the
need for development of extensions or new approaches 122,

Regarding terminology, there is a plethora of related expressions in the context of methodological
research and statistical reporting terms are used inconsistently in the literature. Generally, the main
emphasis in method comparison studies rests on a direct comparison of alternative methods, their
properties and performances. Often, the question of interest is whether the methods are comparable
to the extent that one method is superior to other ones, i.e., results in sufficient accuracy for a certain
research purpose. The overall heading of comparison studies includes different approaches, such as
benchmarking experiments or simulation studies. Essentially, benchmarking and simulation studies
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provide different approaches to a similar problem: using real or simulated data for evaluating the
performance of several alternative methods 22, Benchmark experiments or benchmark studies are
defined as a “systematic comparison between computational methods, in which all of them are applied
to a gold standard data set and the success of their [...] predictions are summarized in terms of
quantitative metrics [...]” ?’. They can be described as data example demonstrating the application of
proposed methods to real-world data. Thereby, benchmark studies allow for assessing of whether the
choice of methods matters in practice. As benchmarking studies are based on practical data examples,
they are likely to adequately reflect properties of real-world data and therefore allow for
generalisation of results 22, The term “benchmarking” originates from computer sciences ' and in
the context of e.g. artificial intelligence, machine learning and bioinformatics, scholars commonly refer
to “benchmarking" 198122127 | ess often used terms are “empirical study” 1?°, “empirical evaluation” 1%,
or “empirical comparison” 31, The main difference is that while benchmarking studies present a data-
driven approach, simulation studies follow a theoretic approach. Simulation studies are a common
statistical tool to complement the theoretical derivation of a statistical model. It is assumed that the
underlying statistical model and some theoretical concepts of the data-generating process are known.
The main advantage in simulation studies is that the “ground truth” is known which enables an
accurate investigation of the methods as the underlying true values are known by design 22, In contrast
to analyses using real-world data, simulation studies impose almost no restrictions on sample size.
Simulation studies are particularly useful when the aim is to (i) compare existing models' performances
in a given setting, (ii) assess small sample properties and asymptotic results of a method, (iii)
investigate a model's robustness in case of violated assumptions and (iv) study the model in contexts
of complex study designs (such as adaptive designs).

2.3.2 Guidance and Practical Recommendations for Conducting Neutral Comparison Studies

Ideally, neutral method comparisons should essentially guarantee a fair and systematic comparison of
existing methods across different scenarios. Although the three characteristics by Boulesteix et al. %
provide a clear formal definition of neutral comparison studies, these requirements may sometimes
be challenging to fulfil in practice. Moreover, as these requirements are relatively broad and leave
room for interpretation, several scholars have proposed concrete guidelines and recommendations for
the implementation of neutral comparison studies.

Condition (ii) of the definition of Boulesteix et al. 2 necessitates that the authors of a neutral study (at

least as a collective) do not have any method preferences as well as they should be experienced with
the methods of interest and their fields of application. In case of potential non-neutrality and
consequential potential to exploit the multiplicity of possible scientific options, strategies inspired
from blinding in clinical trials could present a remedy. For instance, in case simulated data is used for
the comparison, researchers could be blinded to the data generating process, that is, an independent
researcher would generate the data. This would render it substantially difficult if not impossible to
tune the parameters of preferred methods according to the known ground truth 2132, Alternatively,
blinding could be achieved by labelling the methods under investigation with non-informative names
during the analysis and evaluation processes %33, With regards to experience, it has been noted
decades ago that the performance of some methods is inherently tied to the skill of the analyst who
applies them 1%, There is substantial evidence that a low level of expertise is one of the mechanisms
leading to deteriorating performances in subsequent papers '°. An option to avoid such distorted
effects is to involve the initial authors of the method as co-authors, letting them each implement their
method themselves 133135, Alternatively, and potentially more easily feasible, another possibility would
be to contact the authors or well-known experts with substantial knowledge in the field of application
and who are familiar with the methods considered and ask for assurance that all methods are correctly

implemented .
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With regards to systematic and rational structure of a neutral comparison study stated in requirement
(iii) by Boulesteix et al. %, i.e., ensuring an adequate design, data choice, analysis and proper reporting
of results, researchers encounter a multiplicity of choices. In recent years, the available literature has
increased and now provides a modest foundation of guidelines on how to conduct comparison studies
106133 - statistical frameworks 1912312 (3| focused on the field of supervised learning) as well as

strategies to prevent over-optimistic result and avoid common pitfalls 23110135136 gnly to name a few.

In pioneering works for instance, Boulesteix 22 published ten rules for the development and testing of
new computational methods in methodological research to alleviate the considerable influence of
over-optimism in practice. These rules promote to assess the methods in a suitable context (Rule 1)
and comparing a new method to the best existing methods (Rule 2) in an appropriate manner (Rule 8).
With regards to data, Boulesteix recommends to consider several independent, reasonably chosen
datasets for evaluation and validation (Rule 3, 4, 7). In terms of reporting, Boulesteix urges to reporting
all information related to the methods and study itself (Rule 9), discuss several performance measures
instead of only single objective performance criterion (Rule 6) and particularly, clearly document any
limitation that may become apparent (Rule 5).

For concrete information on the choices of design and analysis options faced in a neutral comparison
study, see for example NieRl et al. 2. They developed a framework that (i) gives a detailed overview of
design and analysis options, (ii) shows how using alternative options for a specific choice affects the
results and (iii) give effective strategies to prevent over-optimistic interpretations and biased
conclusions. They found that particularly the choice of performance measure and data sets causes
major variability in the methods’ performances and that therefore, any related choice should be made
with caution. They refer to Hoffmann et al. ¥’ for further strategies to prevent over-optimistic results.
Hoffmann et al. ¥’ outlined six steps to increase the replicability and credibility of one's own
methodological research. Essentially, the steps proposed by Hoffmann et al. ¥ include that
researchers should (i) be conscious of the flexibility and multiplicity of analysis options, (ii) reduce
uncertainty, (iii) include uncertainty, (iv) report uncertainty, (v) acknowledge uncertainty and (vi) make
all source code, data and research material publicly available. In a subsequent work, NieRl et al. 11°
presented further strategies to prevent over-optimistic result and avoid common pitfalls in the
development and initial introduction of a new method. For instance, they suggest to involve the
authors of the investigated methods to overcome different and potentially insufficient levels of
expertise. Most importantly, they advocate maximum transparency and comprehensibility with
regards to documentation of (i) a method’s properties, field of application, limitations and the like, as
well as transparent reporting of (ii) the planning and execution of a method comparison.

With regards to the use of simulated or real-world data, advice can be found in a variety of works. See
Friedrich et al. 122 for an extensive discussion of the advantages and disadvantages of real versus
simulated data sets. They conclude that ideally, a combination of both approaches should be used for
method evaluation wherever possible. In addition, they suggest to establish infrastructure, databases
and gold standards to enable large-scale benchmarking and comparison studies, and encourage the
conduct and publication of comparison studies. Pawel et al. 3°> provide a wide body of
recommendations involving various stakeholders in the research community to increase the number
of well-designed simulation studies. Researchers should adopt pre-registered simulation protocols and
good computational practices in terms of code review, packaging and unit-tests. Further, researchers
are asked to maximise transparent reporting, and archive, time-stamp and share all code, data,
documentation and materials. To disclose multiplicity and bias, Pawel et al. 13> recommend that
researchers perform simulations in a blinded manner, assess uncertainty of results via sensitivity
analyses and collaborate with other research groups. Further, they advise researchers to engage in
teaching simulation study methodology in statistics (post)graduate courses. With regards to editors
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and reviewers, Pawel et al. 1% put forward that they should encourage (neutral) method comparisons
and (pre-registered) simulation protocols, as well as they should provide enough space for description
of simulation methodology. Journals and funding bodies should provide incentives and funding for
assessing and comparing methods in simulation studies. In addition, Pawel et al. 13° suggest that
journals and funders should promote standardized reporting, require code and data and adopt
reproducibility checks. Into the bargain, Morris et al. 13 published a tutorial that contains a wealth of
guidance and advice on how to run simulation studies and how to use simulation studies to evaluate
statistical methods. They introduced a structured approach (abbreviated as "ADEMP") which involves
defining aims ("A"), data-generating mechanisms ("D"), estimands ("E"), methods ("M"), and
performance measures (“P”). Beyond that, in a 16-point list with illustrating examples, Morris et al. 1%¢
offer advice on how to check a simulation study for potential errors, and how to optimally design and
conduct a simulation study to give results that are easier to check. For instance, they suggest to
carefully examine for outliers and failed estimation, and inspect surprising results against Monte Carlo
errors.

With respect to the evaluation of methods, Strobl et al. 12! argue that comparison studies should be
enriched by shifting the focus away from finding an overall winner towards more differentiated results.
They refer to the principle of “meta-learning” (or more specifically “algorithm recommendation”)
taken from the field of machine learning. In the spirit of meta-learning, comparison studies should aim
to predict which algorithm performs best on a specific data set based on its characteristics. They stress
the importance of scholars to accept that there is no universally best method and strongly argue
against the “one method fits all data sets” philosophy. Rather, Strobl et al. 12! advise to pursue the
objective of offering comprehensive information about concrete method properties and about which
methods performs well in which particular kind of data situation and choice of performance measures.
Ultimately, this could lower the pressure inherent in the publication process by reducing the
“necessity” to tweak parameters or cherry-pick data sets.

Lastly, there is general agreement that transparent and clear documentation is key 11134136 While the
mechanisms discussed above would reduce any deterioration of performance, there is no tradition of
explicit neutral comparison or replication studies. In other words, despite some general advice on the
design and analysis of neutral comparison and benchmark studies provided in recent literature, there
remains a lack of concrete guidance for several issues faced in reality. Hence, the conduct of such
studies still equals what statistician Gelman calls a "garden of forking paths" 3 and the researcher’s
degree of freedom remains inherent in the scientific execution of comparison studies 3. This stresses
the importance of clear, precise and comprehensive documentation of any preliminary actions, and all
choices made throughout and post-hoc to the execution of a study. Maximum transparency and
availability, also with regards to sharing of data, protocols, materials, and software, are crucial to
impede biased interpretations of results, over-optimistic conclusions and failures of validation or
replication 110134135

2.3.3 Meta-Analysis of Diagnostic Test Accuracy Trials

With the attempt to gather all available empirical evidence to obtain answers to a specific question,
systematic reviews are a centrepiece of evidence-based medicine **°. In the form of a meta-analysis,
the results of all studies comprised in a certain systematic review can be combined into an overall
result. Such meta-analyses offer the opportunity to combine and critically and systematically evaluate
results of comparable studies *°. Among other benefits, the statistical combination of results from two
or more separate studies increases the numbers of observations, improves the statistical power and
achieves higher certainty in estimates of the effect sizes of an association or intervention 4%, Meta-
analyses continue to become increasingly popular and with regards to interventional studies, there is
a range of well-established statistical methods combining the results from different studies 41,

52



Contrarily, the development of methods for meta-analysis of DTA studies is still an ongoing, vivid area
of research 3914, This is particularly attributable to the increased complexity of the bivariate outcome
of DTA studies 314!, Generally, the aim of DTA studies is to assess how accurate and well a diagnostic
test (e.g., a score, a biomarker, or an imaging parameter) is able to detect or exclude a target condition
of interest (i.e., in medical research this is often a disease of interest) at varying diagnostic thresholds
180142 This results in a bivariate outcome, i.e., two measures of probability, usually reported in terms
of sensitivity and specificity *2. Sensitivity refers to a test's ability to correctly appoint a diseased
individual as positive. Vice versa, specificity quantifies the test's ability to correctly identify a non-
diseased individual as negative. Meta-analyses in this context may even further be complicated, as
each DTA study reports several pairs of sensitivity and specificity which all belong to a different
diagnostic threshold **!. ROC curves are frequently used to graphically show the connection or trade-
off between sensitivity and specificity for different possible thresholds. Albeit there is a range of well-
known and routinely used methods for single pairs of sensitivity and specificity, there is a lack of
guidance on the methodological choice when meta-analysing ROC curves 1%,

Among the most well-known methods for bivariate meta-analyses of DTA studies are the hierarchical
summary receiver operating characteristic curve model proposed by Rutter and Gatsonis ** and the
bivariate model proposed by Reitsma et al. ** and Chu and Cole # 13941 These approaches take
heterogeneity and correlation between individual studies arising from different threshold values
across studies into account, but do not explicitly consider study-specific threshold values. Further, they
do not allow considering several and different thresholds per study. Though, accommodating only
sensitivity and specificity from a single threshold from each study may result in heavy information loss
139 In addition, as they do not use the actual numerical values of the thresholds, it remains unknown
what threshold value any pooled estimate (or point on the summary ROC curve) corresponds to. To
counteract these issues it has been suggested in the past to either use standard meta-analysis
methodology and select only one pair of sensitivity and specificity or to perform several independent
meta-analyses based on the same studies to estimate summary sensitivity and specificity at each
threshold 1%, However, this is far from optimal, potentially resulting in neglected correlations between
several thresholds, loss of knowledge due to ignorance of the full information from single studies and
unreliable estimates 1%, Literature provides more advanced and specialized statistical approaches that
are able to handle the full information in a unified analysis. Yet, they come with relevant limitations,
as for instance, the requirement of identical thresholds across studies, overoptimistic findings or the
ignorance of precise threshold values which turns inference on sensitivity and specificity at given
thresholds impossible 1*°. Other drawbacks are the assumption of fixed-effects, i.e., identical true
underlying values for sensitivity and specificity across studies or that methods are inapplicable in
extreme situations, e.g., with values of 100% for sensitivity or specificity (see *° for a detailed
discussion).

Recently, some advanced approaches with desirable properties have been proposed *'. These allow
handling data from multiple thresholds in a unified analysis and do not suffer from the
beforementioned issues '*!. Three of the methods have been shown to work well in practice, and have
been discussed as promising additions to the toolbox of meta-analysis of DTA studies. Precisely, the
three frequentist approaches have been proposed by Steinhauser et al. 1*, Hoyer et al. ¥, and Frémke
et al. 1*® and are presented in the following Section 2.3.4.

2.3.4 Methods for Meta-Analysis of Diagnostic Test Accuracy Studies with Multiple Thresholds

The method proposed by Frémke et al. 1*8 is essentially non-parametric, i.e., does not assume a certain
distribution. In contrast, the two other approaches that are introduced in this section assume that each
study to be included in a meta-analysis returns test results that differ in their distribution for diseased
and non-diseased. As outcome, the approaches model suitable transformed diagnostic test values of
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the diseased and the non-diseased, providing summary sensitivities and specificities for the respective
threshold values. In terms of notation and model definition, the following Sections 2.3.3 and 2.3.4 are
aligned with Zapf et al. 42,

k =1, ..., N denotes the studies included in a meta-analysis. The true disease state is captured by d =
0 (individuals without the target condition, i.e., non-diseased individuals) and d = 1 (individuals with
the target condition, i.e., here diseased individuals). The total number of diseased and non-diseased
individuals in study k is denoted by ny4, while each individual study participant is indexed by s =
1, ...,nyq. For each individual s, the actual result of the continuous diagnostic test in disease state d
and study k is labelled X 45. The different thresholds at which data are available in each single study
k are indexed by i = 1, ..., t,. The corresponding numerical threshold values to these indices are
labelled c;. The two measures sensitivity se and specificity sp are used for final evaluation of the
diagnostic test. The sensitivity se is defined as equivalent to the true positive fraction tpf, while the
specificity sp equals the true negative fraction tn. Accordingly, 1 — sp yields the false positive fraction

fpf. Lastly,
logit(x) = log(x) —log(1 — x) (78)

is used for logit-transformation of the threshold values.
The Random Effects Model by Steinhauser et al. (2016)

The approach proposed by Steinhauser et al. **’ relies on a two-stage random effects model. The model
assumes that at study level and for each value of the threshold, the observed true and false negative
fraction (i.e., sp and 1 — se, respectively) are transformed via a suitable quantile function f. Log-
transformation was used for the threshold value and the logit-function defined in (78) was used for f.
At meta-analysis level, Steinhauser et al. 14 apply a linear mixed model to fit the resulting values across
studies. Aligning with the assumption of the underlying Log-Logistic distributions for X;os and Xj1s,
this model is given by

logit(spyi) = ag + agr + (Bo + box) log(cki) + &k (79)

logit(1 —sey;) = ay + agx + (By + byy) log(cxi) + G- (80)

SPr, and sey, denote the crude estimates of specificity sp and sensitivity 1 — se at threshold c; in
study k. ay and a4 are fixed intercepts, while 5, and f8; represent fixed slopes for the non-diseased
and diseased individuals, respectively. Random intercepts and slopes are denoted by ag, a;x, box and
b1k, Which are assumed to follow a common four-dimensional normal distribution allowing for
correlation across studies. g,; and §y; are the within-study error terms. Each data point is weighted
using the inverse variance of the corresponding logit-transformed proportion. Model-based
distribution functions for the non-diseased and diseased individuals are obtained by back-transforming
the fixed effects. Finally, these distributions are used to obtain estimates of the summary ROC curve
with pointwise confidence regions. The area under the curve (AUC) can be estimated by numerical
integration based on the trapezoidal rule.

) 149

The Steinhauser model was implemented in the R package diagmeta (version 0.5-0 in the freely

available software environment R (R Core Team, 2021 ).
The Time-to-Event Model by Hoyer et al. (2018)

The model proposed by Hoyer et al. 39 assumes that diagnostic test values can be seen as interval-
censored since it is only known if test values exceed or fall below a predefined threshold. To model
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these interval-censored diagnostic test values, it is possible to choose from various distributions (e.g.,
Weibull, Log-Normal, Log-Logistic). In the context of DTA studies, and in line with time-to-event
models, the “events” of interest are here to be tested positive in the population of diseased or negative
in the population of non-diseased. Further, the “time” is here indicated by the diagnostic test value.
The event probability in the diseased population is thus reflected by the sensitivity, and the event
probability in the non-diseased population is represented by 1- specificity. The outcome, i.e., the
diagnostic test values, are log-transformed which results in an accelerated failure time model with a
unified linear predictor. Formally, the model equations are

log(xko) = bo + &0 + Uro (81)
log(xk1) = by + &1 + gy (82)
where
)@ (o, ") "
pop0y 01

and with by and b;denoting the location parameters after log-transformation of the outcome of
interest. &5 and &; depict error terms with distributions corresponding to the log-transformed
diagnostic test values x;o and x4 in the population of non-diseased and diseased, respectively. u;
and uy4 are study-specific random effects which are assumed to be bivariate normally distributed with
correlation parameter p and variances o and oZ. These random effects account for potential
between-study heterogeneity and correlations and are added to the location parameters after log-
transformation of the outcome. Sensitivities and specificities are predicted at several thresholds based
on the resulting survival function. The related AUC is obtained by use of the trapezoidal rule.

The approach was implemented in SAS 9.3 (SAS Institute Inc., Cary, NC, USA) with the source code
available in the original article of Hoyer et al. 1%,

The Non-Parametric Model by Fromke et al. (2020)

Frémke et al. 48

extended the non-parametric method for diagnostic studies by Konietschke and
Brunner % and transferred it to the context of meta-analysis of DTA studies with multiple thresholds.
Their proposed model explicitly avoids the concrete parametric distribution assumption for the test
values among the diseased and non-diseased. The approach proposes that the AUC equals the relative
effect
b= P(XkOS < Xkls) + %P(XROS = Xkls)- (84)

To estimate the AUC, all measurements X;45 are replaced by their global mid-ranks Ry ;s and for all
individuals with disease status d over all studies, the mean rank R ; is calculated. Then, it holds that
the AUC is estimated by

(85)

AUC = % + % (R1.—Ry)
withn =Y¥_, Ydefo,1] Tka @s the total number of participants from all studies included. To calculate
the ranks, this would require data on individual participant level X, 5. Though, for diagnostic studies
only aggregated data are available. Therefore, the number of diseased and non-diseased individuals
with diagnostic test values below or greater than the study-specific thresholds c; is used to generate
fictious data between the thresholds ci; and cj;+1 from a one-point or uniform distribution. Precisely,
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data are drawn uniformly distributed from the interval from the smallest and largest threshold that is
included in the meta-analysis for values below and above the first and last threshold. Specificity and
sensitivity are estimated by replacing the observations of the diseased and non-diseased, respectively,
by a one-point distribution. By means of the asymptotic equivalence theorem, it holds that

\/N(ﬁ —p)~N(0, 02). Wald confidence intervals for all estimates, i.e., AUC, specificity and sensitivity,
can be derived. Applying logit transformation to the confidence interval ensures that the boundaries
remain within the interval [0,1].

The model was implemented in R (R Core Team, 2021 ).

2.3.5 Neutral Comparison of Methods for Meta-Analysis of Diagnostic Test Accuracy Studies

Yet, there is a lack of (neutral) guidance on the usage of the different methods presented in Section
2.3.3 and it remains unclear which approach may be preferable in a given situation. This can be
changed through means of a neutral comparison study and using simulated data to systematically
compare the approaches and their respective performance in various scenarios when the ground truth
is known. The following briefly outlines the carrying out of such a comparative simulation study (for
details see Contribution 5). Incorporating the authors of the three approaches in the comparison study
ensures neutrality (at least to a certain level) and guarantees the required expertise in each
methodology and the field of application. Aligning the study with the guidelines provided by Morris et
al.13%, Boulesteix et al.?>1%, NieRl et al.?>!1 Friedrich et al.}?2 amongst others, warrants that the
analysis can be considered a valid basis for a fair and neutral comparison of the approaches. For
maximum transparency and to allow for replication, all data and code are publicly available on

Zenodo®?.

Design and Setting

As means to combine simulations and benchmarking and thereby maximize the advantages and
minimise the limitations of each type of data, Friedrich et al.’?2 recommend to simulate data based on
a real data example. Therefore, a case study meta-analysis from the field of nephrology conducted by
Haase-Fielitz et al.»? is used as an example to motivate the simulation setting. Haase-Fielitz et al.'*?
aimed to evaluate the diagnostic accuracy of neutrophil gelatinase associated lipocalin (NGAL) as a
biomarker for early prediction of acute kidney injury (AKl). The data has already been used as example
in the practical benchmarking study by Zapf et al.'*l. It provides a suitable context for the
implementation of the three methods and can be assumed representative for domain of interest as
recommended by Boulesteix?? (“it is important to make a selection of data sets that is “as
representative as possible” to cover the domain of interest”).

With regards to software, SAS 9.4 (SAS Institute Inc., Cary, NC, USA) is used to generate data.
Estimation is conducted in the software in which the models were initially implemented, i.e., SAS 9.4
for the approach of Hoyer et al. (2018) and R*3 for the models of Steinhauser et al. (2016) and Frémke
et al. (2022). For a unified evaluation, the results of all methods are summarised and visualised in R (R
Core Team, 2021 %).

Data-Generating Mechanisms

The approach of Hoyer et al. (2018) is used as parametric data generating model to simulate diagnostic
values of the diseased and non-diseased study participants. The Weibull-, Log-Logistic, Log-Normal and
Normal distribution are assumed as true underlying distributions. The latter is notable as it results in
misspecification of all three methods. To assess the approaches in a wide range of settings (108
different scenarios in total), several parameters are varied: The true underlying AUCs (0.7, 0.8 and 0.9),
the true disease prevalence (0.02, 0.2 and 0.5) and the correlation between random effects to model
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heterogeneity across studies (0.3, 0.6 and 0.9). Graphical and tabular representations are used to give
precise information on how the model parameters were varied to mimic the true AUCs, to report the
resulting true sensitivities and specificities for given values of thresholds at which the models are finally
evaluated and to visualise the theoretical distribution curves of both populations per scenario. For
each of the 108 scenarios, 1000 meta-analyses are generated. The uniform distribution is used and
values are rounded to the nearest integer to sample the number of studies per meta-analysis (5 to 30),
the number of participants per single study (30 to 300) and the number of thresholds per study (1 to
10). The size of the diseased population is derived by multiplying the true underlying prevalence by
the total number of study participants. The number of non-diseased can then be determined as
difference between the total number and number of diseased. To identify true positives and negatives,
individual diagnostic test values are compared to the generated thresholds. This information is used
to create a final diagnostic contingency table that serves as input data for the simulation.

Estimation Methods and Performance Measures

Data from each meta-analysis was incorporated in each of the three models as follows. Parameter
estimation for the approach of Hoyer et al. (2018) is implemented in SAS PROC NLMIXED with the
default settings and assuming that the interval-censored diagnostic test values are Weibull distributed.
Input values for the fixed and random effect parameters were derived from univariate models. The
logit-function defined in (78) is used to log-transform the threshold values for application of the
method proposed by Steinhauser et al. (2016). For the approach of Fromke et al. (2022), no distribution
specification is needed.

The performance of the three approaches is assessed by comparing the estimated sensitivities and
specificities together with their 95% confidence intervals at the specified threshold values of 50, 100,
130, 150 and 200. As recommended, several measures of interest are used for a comprehensive
evaluation of the approaches 34, Precisely, the absolute bias, the mean squared error, the empirical
coverage of the two-sided 95% confidence intervals and the model’s convergence are computed. The
latter is used to evaluate the robustness in terms of number of converged simulation runs 34,
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3 Availability and Aspects related to Data, Code and Software

Without any doubt, the best statistical method is of little use if it cannot be used in practice and does
not allow for application to an actual or simulated data set. Since one of the aims of this thesis is to
make statistical modelling of chronic disease-related data more accessible and comprehensible, as well
as to provide guidance for selecting and implementing suitable statistical approaches, all of the five
contributions incorporate a practical application of the relevant statistical approaches.

Some of the analyses (related to contributing articles 4 and 5) were implemented in SAS (SAS Institute
Inc., Cary, NC, USA). However, the open source software R (R Core Team, 2021 ®) was used for the
majority of the computational aspects related to perform the statistical analyses as well as for
summarising and visualising the results. To make the methodology accessible, to maximise
transparency and to allow for reproducing the analyses in the main articles and their supporting
information, the source codes and underlying data sets of all contributing articles are publicly available
on Zenodo or directly on the publisher’s website:

Contribution 1 - https://doi.org/10.1371/journal.pone.0264739

Contribution 2 - 10.5281/zenodo0.6799292

Contribution 3 - 10.5281/zenod0.8009685

Contribution 4 - 10.5281/zenodo.7124988

Contribution 5 - 10.5281/zenodo.7802089

Data are available either in a public, open access repository or have been published in previous
publications of other scholars as referenced in the code and in the according contributing article. Due
to data regulations, some data was not allowed for publication. However, in these cases only relevant
parts of the data are uploaded or a simulated data set is provided to being able to run the analyses.

The software R consists of some core packages (known as “Base R”) which are already included when
installing the software. The core language of R is extended by numerous packages that contain
reusable code and documentation and which are published online. These additional packages
comprise further functions for analysing data with regard to research questions from various different
contexts. The following essential packages (besides “Base R) have been used for this dissertation:

addhazard functions for fitting additive hazard models for survival analysis

deSolve functions for numerical treatment and solving of differential equations

diagmeta functions for the meta-analysis of DTA studies with multiple thresholds

dplyr functions for data transformations, such as tools for mutating, rearranging or
joining data.

forcats functions for manipulating data in the form of factors

ggplot2 functions for visualisations and graphics

gridExtra functions for working with "grid" graphics, i.e., to arrange multiple grid-

based plots on a page, and draw tables

haven enables R to read and write various data formats used by other statistical
packages
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matrixcalc functions to support matrix calculations for probability, econometric and
numerical analysis

meta functions for standard methods for meta-analysis

numbDeriv functions for calculating (usually) accurate numerical first and second order
derivatives

optimx general-purpose optimisation wrapper function that calls other R packages

and functions for optimisation, such as the existing optim() function

purrr tools for working with functions and vectors

readr functions for importing data from different sources

stringr functions for manipulating data in the form of strings

survival functions for analysing survival data

tibble functionalities for data wrangling and storing data in a tidy form

tidyr functionalities for data wrangling and storing data in a tidy form

tidyverse set of packages which help to transform and better present data. It assists

with data import, tidying, manipulation, and data visualisation.
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4 Discussion

“Statistics is the grammar of science.” 154

(Karl Pearson)

Statistics can be defined as mathematical discipline that concerns the collection, organisation, analysis,
interpretation, and presentation of data'*®>. Nowadays, due to the growing amount of electronic
medical records, intensified data sharing and access, the available data from health research grow
faster than ever'®. Further, particularly in medical research, evidence-based decision making
increasingly shifts to the centre of attention as it supplies the body of content that can lead to viable
decisions®’. This, along with the fact that that scientific knowledge continuously evolves as a valued
resource in our society, the role of statistics becomes more and more crucial.

With regards to the increasing burden of chronic conditions, research on health and (chronic) diseases
of a population, i.e., epidemiological research, continuously emerges as highly relevant scientific field*
>, Epidemiology has always had centrality in producing evidence to improve population health, to
advance the quality of life and to extend life expectancy, amongst others®. Epidemiological findings
and insights intrinsically matter because they shed light on what ameliorates or worsens population
health and suggest ways to improve well-being®.

Therefore, the central aim of this thesis lies in highlighting the relevance and usefulness of statistical
methods for epidemiological research in the context of chronic disease modelling. This is achieved by
(i) developing and introducing new methods, (ii) by raising awareness of useful statistical approaches
and showing how to implement them in practice, (iii) by (neutrally and systematically) comparing
existing and new models to advance methodological research and (iv) by applying and assessing the
proposed statistical approaches to various diseases and contexts of chronic disease research to answer
potential research questions that may arise in these fields.

Precisely, this dissertation investigated a variety of statistical modelling approaches from different
areas of application in epidemiological research. The thesis is made up of three distinct parts that
altogether highlight the importance and benefits of statistical methods for chronic disease modelling.
Each part has a different focus and is accompanied by at least one contributed manuscript. Part | is
devoted to epidemiological projections, e.g., projections of prevalence, case numbers or disease
specific costs. Part Il covers the analysis of time-to-event outcomes. It aims at justifying and motivating
the need of a new statistical method. Precisely, its key contribution is to propose, implement and apply
a new parametric additive hazard model. Part lll focuses on the field of (neutral) comparison studies
and provides guidance on suitable methodological choices by formally and systematically comparing
three frequentist approaches for the meta-analysis of DTA studies in various scenarios.

Part | - Epidemiological Projection Models

Part | is concerned with statistical estimation and projection methods of epidemiological measures in
the context of chronic diseases. Strengths and limitations of the different techniques are assessed and,
for illustration purposes, the methods are applied in a practical example using aggregated and
routinely collected data to estimate the current and future epidemiological and economic burden of
diabetes in Germany. Overall, the findings of all contributing articles 1, 2 and 3 imply that Germany
will possibly face greater demand for diabetes-related education, healthcare, and medical resources.
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Altogether, the contributing articles highlight the need for urgent action to prepare for the potential
development of diabetes and mitigate its consequences.

The first contribution focuses on a comparative analysis of existing chronic disease projection methods
and introduces a new statistical modelling approach. Three methods are critically reviewed and
compared in a practical application with the aim of estimating the number of men with diagnosed T2D
in Germany between 2010 and 2040. The “status quo” approach simply combines the sex- and age-
specific prevalence of T2D in 2010 with future population distributions'***. Method 2) models the
prevalence of T2D employing a scalar PDE (see Section 2.1.3) which incorporates incidence and
mortality rates. Subsequently, the estimated prevalence is applied to the population projection of the
FSO®. The newly proposed method 3) uses a two-dimensional system of PDEs which directly return
future case numbers (see Section 2.1.2). The results of the three methods differ substantially: method
1 projects an increase by 29% in the number of men with diagnosed T2D in Germany in 2040 compared
to 2010 (3.6 million versus 2.8 million in 2010). Methods 2) and 3) project increases by +104% (5.9
million men) and +116% (6.0 million men), respectively. It became evident that ignoring temporal
trends in disease-specific rates, i.e., incidence and mortality, may result in misleading projections of
future chronic disease numbers3#>*,

Contribution 2 provides estimates for the incidence, prevalence, and number of people with diagnosed
type 1 diabetes for the whole German population between 2010 and 2040. Compared with 2010, the
relative increase of the people with T1D ranges from 1% to 32% in 2040. A main driver of this
considerable increase are temporal trends in the incidence. The work confirms that ignoring these
trends, i.e., applying a constant prevalence to population projections, probably underestimates future
chronic disease numbers. Further, the analysis showed that the peak of the age-specific prevalence is
projected to shift toward older ages.

Based on nationwide representative routine data from 2010 from the SHI in Germany (almost 90% of
the population’s insurance)?%3, contribution 3 projected age- and sex-specific healthcare expenses
separately for TID and T2D considering future demographic, disease-specific and cost trends.
Currently, diabetes imposes a large economic burden on Germany which is projected to increase
substantially until 2040. Total annual expenses were projected to rise remarkably until 2040 (versus
2010) by 1% to 281% for T1D (€1 to €4 billion) and by 8% to 364% for T2D (€30 to €131 billion). In 2040,
and depending on annual cost growth (1% versus 5% p.a.), annual per capita costs were projected to
rise to €6,581 to €12,057 for T1D and €5,245 to €8,999 for T2D. Temporal trends in the incidence and
cost growth are main drivers of this increase.

With regards to methodology, the first part of this work contributes to the field of chronic disease
modeling by presenting several statistical approaches for estimating and projecting epidemiological
measures and healthcare costs. This is important because appropriate planning of economic and
health care resources and the development of effective disease management programs require
appropriate quantifications of current and future burden!!. In order to be of use, epidemiological
measures need to be representative, available in a fast and timely manner, estimated in a transparent
way and must be communicated understandably®. However, many of the statistical principles and
techniques that may be used to solve epidemiological problems require individual data from primary
studies whose collection is time consuming and costly®*', For instance, conducting longitudinal
observational studies to survey long periods of time is a difficult task, if not even infeasible in some
contexts. Secondary data provides a pleasing alternative, as the data has already been collected albeit
for another purpose. Yet, due to strict data protection and security regulations, access to secondary
data from individuals for research purposes is often limited or fully prohibited. In contrast to traditional
approaches which are commonly based on individual, primary data, the presented methodological
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approaches in Section 2.1.2 and 2.1.3 and in the associated contributing articles 1, 2 and 3 bear the
potential to survey chronic diseases more efficiently. No individual data are needed, i.e., data in
aggregated form as for instance routinely documented secondary data, are sufficient. Using secondary
instead of primary data, the approaches are inherently resource-saving. For instance, the proposed
methodologies show large potential to reduce costs and to improve timeliness of a surveillance system.
In addition, the quality of epidemiological estimates and projections could improve and may even be
considered representative, as such aggregated and routinely documented secondary data often
comprise large sample sizes and evenly reflect on all age groups and other demographic factors. In
view of the little time and cost expenses required for the application of the proposed methods, it would
also be possible for poorer countries to develop and maintain disease surveillance activities.

Of course, in order to profit from the advantages of secondary data, it needs to be available for
research purposes in a timely manner. Future valuable efforts should focus on collecting, integrating
and archiving data in a standardised way and making it publicly available (or at least openly available
for scientific research purposes). This is imperative for the data to be of actual use for surveillance
purposes of diabetes or any other chronic disease. In Germany, there is room for improvement and it
may be valuable to develop such collective systems and data bases. In countries such as Sweden,
Denmark or Belgium, this is achieved through population-based registries that contain records for all
individuals of a particular population diagnosed with a certain disease3*33. Such registries show high
potential to enrich chronic disease surveillance activities. However, they are relatively costly to
establish and maintain and as shown, the proposed PDE may actually serve as a valuable alternative
to estimate, for instance, the incidence based on secondary data of a disease’s prevalence and
mortality only.

Unfortunately, the PDEs discussed are rarely used in epidemiology or public health contexts®*. This
infrequent use of such statistical models is in contrast to the high potential of compartment models,
the use of mathematical relations and to the tremendous worldwide burden of chronic diseases®. One
of the reasons may be that only a few researchers are aware of the equation and its potential. Further
important avenues for future research would be to apply the proposed methods to other countries
and/or other chronic diseases and to update previous epidemiological findings of chronic diseases as
soon as more up-to-date data would be available, in order to raise awareness of these (more advanced)
modelling approaches. Another advantage of the proposed mathematical relations is their flexibility,
e.g. in terms of the possibility of simulating scenarios and assessing the effect of covariates or
interventions on future case numbers. Future valuable efforts may concentrate on considering further
reformulations or extensions that may be relevant in chronic disease modelling and epidemiology.
Such investigations could yield valuable insights into the respective disease situations and could
contribute for instance to future development of efficient disease management, appropriate resource
planning, effective prevention activities or to the refinement of health policies.

Part Il - Time-to-Event Models

The model presented in contribution 4 aims at providing an alternative statistical approach to already
existing models used for time-to-event analyses. Implementing the new model in a practical
application of a real-world example and a simulation study showed that the model works well in
practice and yields valid results. The findings from the practical application to real-world data from the
HALLUCA study investigating the survival of NSCLC patients indicate that per year, there are on an
additional 84 deaths among cancer patients in TNM stage 4 per 100 person-years compared to those
with a lower TNM-class, i.e., the increase in hazards is about 0.8. Particularly from a clinical point of
view, it is key to being able to comprehensibly and clearly communicate results from any analysis. This
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facilitated interpretation, for instance in terms of communicating outcomes on the original time scale
and including time-independent covariates, is one of the model’s most convincing advantages. The
implications for medical care of lung cancer, however, are not the primary focus here. Instead, the goal
was to derive the new approach itself and thereby advance statistical modelling techniques in the
context of time-to-event data. In principle, the model could also be used in any other subject than the
medical field.

The available source code implements the proposed parametric additive hazard model in a relatively
simple setting. Though, the proposed approach is highly flexible and exciting direction for further
research would be to focus on extending it and exploit all of its properties. Therefore, current work
focuses on another application of the parametric additive hazard model with the ultimate aim of
describing how to derive, compute and interpret the NNT. Furthermore, the method allows for
instance for modelling correlated data by including random effects in the linear predictor or allows for
specifying baseline distributions that have more than two parameters. Extending the algorithm in that
terms would highly increase the flexibility in processing more complex time-to-event data and would
contribute largely to further development and refinement of the model. Lastly, future valuable efforts
could focus on creating and publishing an R-package for maximum user-friendliness and ease of
practical application.

Part Ill - Comparison and Benchmark Studies

The goals of part Ill are twofold. The first aim was to fill the research gap indicated by Zapf et al.*** and
systematically assess the advantages and limitations of three different, existing statistical approaches
for meta-analyses of DTA trials with multiple-threshold information. Therefore, the fifth contribution
conducted a simulation study for a joint evaluation to allow for a fair comparison of the methods.
Depending on the simulation scenario (108 were assessed) all methods could be presented as best or
worst. Overall, the approach by Hoyer et al. (2018) can be recommended for most cases, returning
smallest bias and empirical coverages closest to the specified ones. The model of Steinhauser et al.
(2016) can be considered a suitable alternative as it leads to satisfactory results in many settings. In
case of non-convergence, the approach by Fromke et al. (2022) could be used as back-up strategy.

The second aim was to further raise awareness and promote the conduct of neutral comparison studies
to improve and support continuous innovation, development and improvement in methodological
research??. In an ideal future world and in analogy to the concept of “evidence-based medicine”,
statistics should establish standards and guidelines based on the results of well-done, neutral
comparative studies and consensus from independent teams?%1%, Though, currently, multiple biases
such as over-optimism prevail in academia and produce inefficiency in knowledge building, and are
likely to continue to do so in the future?. Of crucial note is that the problem of over-optimism is partly
caused by the contemporary publication system?%23, Future valuable efforts may thus focus on how to
change publication policies and the attitude of journals, editors, funding agencies, institutions,
regulators, the public, referees or a combination thereof, and in the future, promote an efficient, self-
correcting research process'®. For researchers, there are several additional possibilities to minimize
the impact of biases in academia without disrupting innovation and instead maximise efficient
development of a credible knowledge base and a reliable corpus of published research?380:110,121,134-136
Most important is to be aware of the presence of such biases?®!°. Further, an important avenue for
future research is to focus on of neutral comparison studies of existing studies, rather than only on the
proposition of new statistical approaches. Future works should integrate the strategies and potential
correctives proposed by other scholars and ensure that more stringent requirements with regards to
transparent documentation are met. Also, it should be discussed how to optimize the formation and
efficient co-working of collaborative consortia of scholars.
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Abstract

Background

Accurate projections of the future number of people with chronic diseases are necessary for
effective resource allocation and health care planning in response to changes in disease
burden.

Aim
To introduce and compare different projection methods to estimate the number of people
with diagnosed type 2 diabetes (T2D) in Germany in 2040.

Methods

We compare three methods to project the number of males with T2D in Germany in 2040.
Method 1) simply combines the sex- and age-specific prevalence of T2D in 2010 with future
population distributions projected by the German Federal Statistical Office (FSO). Methods
2) and 3) additionally account for the incidence of T2D and mortality rates using partial differ-
ential equations (PDEs). Method 2) models the prevalence of T2D employing a scalar PDE
which incorporates incidence and mortality rates. Subsequently, the estimated prevalence
is applied to the population projection of the FSO. Method 3) uses a two-dimensional system
of PDEs and estimates future case numbers directly while future mortality of people with

and without T2D is modelled independently from the projection of the FSO.

Resulis

Method 1) projects 3.6 million male people with diagnosed T2D in Germany in 2040. Com-
pared to 2.8 million males in 2010, this equals an increase by 29%. Methods 2) and 3) proj-
ect 5.9 million (+104% compared to 2010) and 6.0 million (+116%) male T2D patients,
respectively.
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Conclusions

The results of the three methods differ substantially. It appears that ignoring temporal trends
in incidence and mortality may result in misleading projections of the future number of peo-
ple with chronic diseases. Hence, it is essential to include these rates as is done by method
2) and 3).

Introduction

The increasing proportion of people suffering from chronic diseases is peculiarly worrying as
these conditions constrain activities of daily living, necessitate ongoing medical attention and
hence, are associated with considerably higher costs and healthcare expenses [1]. Disease man-
agement activities have been shown to reduce the risk of acute complications and premature
mortality caused by chronic diseases [2]. Though, effective responses require accurate esti-
mates of current and future chronic disease burden to tailor health care planning and resource
allocation [3]. Worldwide, diabetes mellitus is one of the most frequent chronic diseases, and
thus, is a disease with high public health relevance [1, 2, 4]. Current type 2 diabetes (T2D)
prevalence is estimated with 7.4% among men and 7.0% among women in Germany aged 40
years or older [4, 5]. Besides severe late complications, diabetes mellitus leads to significantly
higher mortality and is associated with 1.5 to 4.4 times higher health-care costs compared to
people without diabetes [1].

Projection models are powerful tools to estimate future case numbers of a disease in order
to inform decision-makers and cost-bearers in the health care system. Consequently, further
developing and spreading the knowledge about accurate projection methods is essential to
counteract the ever-worsening disease situation. However, different models may vary in their
outcomes and closeness to reality [6]. Nonetheless, to our best knowledge, there is no scientific
work that systematically compares these different projections methods for the context of
chronic diseases. Therefore, the aim of this work is to fill this gap and to introduce, describe,
and critically discuss each of the methods individually and in comparison.

In general, projection methods are limited by the availability of epidemiological and demo-
graphic data. Consequently, it is common to project and compare several scenarios that reflect
on possible future trends in these areas [3, 4, 6-8]. Besides, the choice of the method can con-
siderably affect projection results. In the context of chronic diseases, there are several method-
ological approaches that have been advocated for case number projections. For example, most
reports are based on a “status quo approach’ [6] which relies on a simple application of the cur-
rent prevalence to population projections. This procedure has been used for instance in the
contexts of pulmonology [9], Parkinson’s disease [10] and diabetes [11] among others. Proba-
bly due to its simplicity, this method is most popular in projection contexts. However,
approaches that aim to incorporate for example underlying disease-specific transition rates,
ie., incidence and mortality, seem more appropriate as they better capture the complex nature
of chronic diseases [12]. Therefore, some studies rely on multistate models that incorporate
and relate disease-specific transition rates. In this regard, multistate models are widely used in
infectious and chronic disease epidemiology [13-15]. For example, Milan and Fetzer [6],
Brinks et al. [8, 16] and Waldeyer et al. [3] used time-discrete Markov models in the context of
dementia, lupus and diabetes. Another approach is used by Carstensen et al. [7] who used a
Poisson regression to model disease-specific transition rates of diabetes. Thereof, they extrapo-
late the future trends of the rates by extending the trends observed in the past. A relatively
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novel approach is reported by Ténnies et al. [4], who use a partial differential equation to proj-
ect future diabetes prevalence in Germany. There remains, however, considerable debate
aboul the methodological approach.

In the present article, we give an overview of possible methods and underlying data used
for future case number projections in the context of chronic conditions. For this purpose, we
will examine (hree projection methods in more delail. We discuss how Lo employ each of the
approaches in a practical application to project sex- and age-specific case numbers of people
with diagnosed T2D for Germany between 2010 and 2040.

Methods

In the following section, we describe different models for projecting chronic disease case num-
bers. All methods were implemented using the free soflware R, v.4.1.0 (The R Foundaltion for
Statistical Computing).

We focus on three different approaches to project chronic disease case numbers. Previous
sludies have mostly used a very simple approach, commonly referred Lo as stalus quo method
[6]. Due to its popularity, we include this procedure in our work, speaking of it as method 1).
This approach solely relies on the age- and sex-specific prevalence from a base year, which is
then applied to population projections. Other epidemiological factors, such as the incidence,
are only incorporated implicitly in the prevalence. Thus, this method ignores the fact that
prevalence is a consequence of incidence and mortality. Hence, it might be too simplistic to
accurately mirror reality. The alternative methods 2) and 3) rely on demographic components
as well as on various disease-specific information on prevalence, incidence, and mortality rales
as input factors. Method 2) is aligned with the work of Ténnies et al. [4], who takes advantages
of the theory of multistate models in chronic disease epidemiology and an associated partial
differential equation (PDE). With method 3) we present a novel projection method, which
consists of a two-dimensional system of PDEs. The theoretical background for the PDEs used
with method 2) and 3) originates in the illness-death model (IDM) as depicted in Fig 1. The
IDM is a multistate model that represents continuous-time stochastic processes. Thereby, it
allows individuals to move between a finite number of states [17, 18]. The classical IDM con-
sists of three states, i.e., "healthy” (number of healthy people aged a at time t H(t, a)) with
regards to the disease of interest, the disease state "l (number of ill people I(t, 4)) and the
death state, i.e., "dead" (D). It is assumed that at birth all individuals start in the healthy state.
From there on, they can either be diagnosed with a chronic disease like T2D and then die at
some point in time, or they can transition directly to death state (without contracting diabe-
Les). The arrows indicale the lransilion rales belween the slates which depend on age and time.
Since diabetes is a chronic condition, we assume that there is no remission from the chronic

Healthy Incidence IR(t,a)
H(t,a)

e

2

s e
Mortality ™~ " Mortality
my(t,a) S e my(t,a)
Dead

Fig 1. Illness-death model. All people in a population are in one of the three states: Healthy, Diseased, or Dead. It is
assumed that at birth, all people start in the healthy state. Depending on time ¢ and age @ of each respective person,
they will then transition to another state which is described by the IR, m,, and m,.

https://doi.org/10.1371/journal.pone.0264739.q001
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condition back to the healthy state. The transition rates are given by the incidence rate IR(t, a)
the mortality of the non-diseased m,(!, ) and the mortality of diseased people m;(t, a), which
are all sex-specific functions of calendar time t and age 4. In epidemiological conlexls, calendar
time ¢ is also denoted by period.

The following sections describe each of the three methods as sketched in Fig 2 and the
required inpul dala in more delail. Aggregaled dala aboul prevalence and incidence of the
chronic condition of interest, as well as on the mortality of the general population and the
excess mortality are sufficient, i.e., none of the methods require individual subject data.

Data

The starting point for the projections are disease-specific as well as demographic inpult factors.
The required demographic information essentially comprises the expected age and sex-specific
population distribution in Germany for each year that is to be included in the projection. The
disease-specific inpul factors include the age- and sex-specific prevalence, incidence rale, and
mortality rates of the diseased and non-diseased along with information on the age- and sex-
specific excess mortality (mortality rate ratio, MRR).

We used published claims data on prevalence and incidence of diagnosed diabetes in 2009
and 2010 from 65 million people insured by the German public health insurance funds [19].
Diabetes was determined by the International Classification of Diseases-10 codes E10-E14.
Overall, approximately 10.1% had any type of diabetes mellitus (excluding gestational diabe-
tes), while 7.3% were diagnosed with 12D in 2010.

@  Method 1) //\‘
p(m /
1(t) = 3429 plto, a) x N(t, @)
b Method?2) = poral
PDE: p(t, @) = p(IR, mg, m,)
1(t) = 282 p(t, @) x N(t, @)
€ Method3) = -
| mgand myin t,
PDE: I(t, @) = I(IR, mgy, my)
1(t) = £ 1t, a)

Fig 2. Overview of methods for future disease case projection. [llustrated in Fig 2A, method 1) uses the age-specific
prevalence in base year /, which is applied to the population projections. Fig 2B depicts method 2). Using the
theoretical background of the IDM, the age-specific prevalence for each year is derived by solving the PDE which
requires input on the transition rates, namely the IR, m, and m,. Method 3), as sketched in Fig 2C, calibrates 11, and
my in the base year #, from the population projections. IR, g and s, are inputs for the PDE which directly returns
age-specific T2D case numbers for each year. Summing over all ages yields the total number of T2D cases for each year
from 2010 to 2040 for each method.

https:/doi.org/10.1371/joumal pone.0264739.9002
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Concerning the population distribution, we used data from the German Federal Statistical
Office (FSO) [20] that regularly issues updated projections of future population numbers in
Germany. These projections include different scenarios regarding expected birth rate, life
expectancy and migration. All projection scenarios contain sex-specific results for all ages
from 0 to 100 years for the time horizon between 2010 and 2040. In our main analysis, we
focus on one selected variant, namely B1L2M1. This variant assumes a birth rate (B) of 1.4 chil-
dren per woman, a life expectancy (L) at birth in 2040 of 84.4 years for men and a long-term
net migration (M) of 147,000 people. The motivation for this was twofold: First, we decided to
consider more realistic variants instead of including more extreme options. Second, using vari-
ant B1L2M1 aligns with Ténnies et al. [4] who used the same variant for their projection.
Nonetheless, in the supporting information we provide results for other variants as well,
thereby showing that using different population projections of the FSO on the prevalence pro-
jection seems negligible.

Further, we obtain input values for the mortality rate of the general German population
between 2010 and 2040 from the population projections of the German FSO [20]. Distinct
information on the mortality rate of the healthy, i.e., non-diseased with regard to T2D, and for
the mortality rate of the diseased would be of interest, but unfortunately, the mortality of the
healthy population in Germany with respect to T2D is unknown. To cope with this lack of
data, we substitute the missing mortality rates for method 2) with a mathematically equivalent
expression based on the general mortality and the MRR as an alternative epidemiological mea-
sure. For method 3), we show how to calculate the mortality rates of the diseased and the
healthy population.

The MRR is based on a similar, nationally representative dataset from 2014 reported by
Schmidt et al. [2]. Unfortunately, the MRR is not differentiated by diabetes type. However,
since T1D is frequent at ages younger than 20 and T2D is more common among older ages,
the MRR is mostly driven by deaths among the latter. Moreover, most diabetes cases are attrib-
utable to T2D. Therefore, we use the MRR estimates provided by Schmidt et al. [2] as an
approximation of the T2D-related MRR in Germany.

Further, reliable information on the temporal trend of the diabetes-specific MRR is rela-
tively restricted in Germany. Following the work of Brinks et al. [8] and Ténnies et al. [4], we
therefore refer to trends in the sex- and age-specific MRR observed in Denmark [21]. The
motivation to do so is twofold. Firstly, it has been shown that for countries that are comparable
in terms of their disease burden and health care systems, such as Denmark and Germany, the
MRR settles in a similar range [22]. More precisely, a 2% decrease in the MRR per year is
reported for Denmark [21]. Secondly, the same approach is used by Ténnies et al. [4], who
also assume a decrease of 2% per year in the MRR as observed in other countries.

Method 1—The simple approach

Method 1) combines diabetes prevalence with population projections as depicted in Fig 2A.
Specifically, to project the number of T2D cases until 2040, we multiplied German age- and
sex-specific population projections provided by the FSO with age- and sex-specific T2D preva-
lence in 2010 from Tamayo et al. [23]. The latter is assumed to remain constant. The age- and
sex-specific prevalence in 2010, p(f, a) is determined by:

1{2010,a)

p(2010,0) = H(2010,a) 1 1(2010, a)

(1)

with I(2010, a) being the number of people diagnosed with T2D in 2010 and H(2010, a} the
number of people without T2D in 2010. The underlying mathematical relation to calculate the
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age- and sex-specific future number of cases I(f, @) is then given by:
I(t,a) = N(t,a) x p(2010,a) (2)

where N(¢, a) denotes the age-, sex- and time-dependent total population number and p(2010,
a) the age-specific prevalence in the year 2010.

Method 2—The two-step multistate model

Method 2) refines the first method. To this end, we use mathematical relations to incorporate
the relation between prevalence, incidence, and mortality, as well as temporal changes in the
incidence and mortality [24]. More precisely, with method 2) we firstly model the temporal
change in prevalence of T2D employing a PDE [25]. Secondly, we compute future T2D case
numbers by multiplying the age- and sex-specific projected prevalence with the respective pro-
jected population size (Fig 2B).

Brinks et al. [26] showed that the change in prevalence can be modelled by a PDE in case
information about mortality, incidence and prevalence at a specific time point is given. The
PDE is given by

dp = (1=p) x [[R=px (m —m,)] (3)

In other words, method 2) relies on the relation between prevalence p(t, a), the incidence
rate IR(f, a) and the mortality rates m(t, a) and m, (£, a). Unfortunately, m(t, a) is unknown
for most diseases. Therefore, we use m(f, @) the mortality of the general population, and the
age- and sex-specific MRR(t, a) which denotes the ratio of the two mortality rates, i.e. 20 (2‘;).

The general mortality is defined as
m=pxm +(L-p)m (4)

The PDE can then be rewritten as

dp=(1-p)x |IR

_pXx(MRR-1) xm} (5)

px (MRR—1) +1

For the present application to the context of T2D, this allows us to project the change in
prevalence at a certain age and time even without data about m,(f, ). Accordingly, we inte-
grate the PDE shown in Eq (5). Doing so, we use nationally representative input values for the
projected general mortality of the German population as provided by the FSO and the
observed age-specific prevalence of T2D in year 2010 among all individuals within the German
statutory health insurance as initial prevalence. Recall that the equation is particularly favour-
able since the PDE allows for incorporating the complex interplay of the IR and MRR, as well
as it is able to reflect on temporal trends of these rates. By application and integration of the
PDE we derive the estimated age- and sex-specific prevalence p(f, a) for all following years
considered in the time horizon of the projection, i.e., here from 2010 to 2040. In a final step,
this estimated prevalence p(t, @) is multiplied with the population projections of the FSO [20]
as follows

I=Nxp (6)
This yields case numbers of T2D in Germany I(f, a) for each year between 2010 and 2040

for all ages ranging from 18 to 100 years. All ages below 18 years were considered negligible
due to minimal prevalence at these ages [4, 23].

PLOS ONE | https://doi.org/10.1371/journal.pone.0264733 March 7, 2022 6/14

71



PLOS ONE

Future prevalence of type 2 diabetes—A comparative analysis of chronic disease projection methods

Method 3—The two-dimensional PDE model

Similar to method 2), the third method builds upon the IDM. Though, method 3) features two
PDEs as sketched in Fig 2C to directly express changes in the age- and sex-specific numbers of
diabetes cases, i.e., I(t, @), and the changes in the healthy population H(f, ). We can show that
these two figures I(f, @) and H(f, a) are interrelated with the transition rates IR(f, a}, m,(t, a)
and m; (t, a) via the following equations

OH = —(IR + m;) x H @)

I =IRxH—-m xI (8)

OH(t, a) indicates age-, sex- and time-specific changes in the number of people without dia-
betes, while 31(, a) represents changes in the number of cases. As my(t, ) is unknown for Ger-
many, we use the T2D prevalence from 2010, the general mortality m(f, ) and the MRR(2014,
a) to derive values for m(t, a) and m;(f, @) [21, 22, 27). Precisely, m(t, a) and m, (¢, a) are cal-
culated by

"™ = T px (MRR—1)) ©)
m, = my x MRR (10)

In contrast to method 2), we only need data on the general mortality and MRR in 2010 for
method 3} which is then used to determine m,(t, ) and m,(f, a). Besides, we derive informa-
tion on the development of the future birth rate of the population projections. However, using
only information on the annual number of new-borns is little critical for our projection period,
as the projection ends in 2040. That means, someone born in 2020 will then be 20 years old
and will thus not belong to the diabetes risk group. That means we do not need further infor-
mation from population projections that are based on historical data and thus subject to retro-
projections do not explicitly take specific diseases into account. In contrast, using method 3)
and a two-dimensional system of PDEs allows us to reflect on short-term changes especially
with regards to relevant disease-specific alterations. As outcome, the PDEs directly describe
the age- and sex-specific number of people with and without T2D for each year between 2010
and 2040.

Results

Based on the age-specific prevalence in 2010, we projected the age-specific case numbers for
T2D in the German male population between 2010 and 2040 using the above-mentioned
approaches. Remember that we assume a constant age-specific prevalence with method 1), i.e.,
we apply the prevalence from 2010 to our population projections. We further assumed that
also the IR remains constant over time for method 2} and 3} in the main analysis. However, we
consider temporal trends in the MRR for method 2) and 3) which affects, amongst others, the
prevalence. Since for Germany, information on long-term trends in the latter are limited, we
use speculative time-related developments. Current evidence undermines that the mortality
rate among people with T2D is likely to decrease faster than among healthy people due to pro-
gresses in medical care [21]. Therefore, it seems plausible to assume a reduction in the MRR
[28]. For simplicity, we restrict the main analysis to a baseline scenario for method 2) and 3)
which thus comprises a constant IR and a decrease in the MRR of 2% per year. We reflect on
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Table 1. T2D case projection results (in million).

Projected Male Type 2 Diabetes Cases in Germany
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Fig 3. T2D case projection results. Projected male T2D cases in Germany for variant BILZM 1 of the population
projections of the German FSO between 2010 and 2040). The population projection variantis based on constant birth
rates, increases in life expectancy and a net migration of 147 000 people. Method 1) assumes constant age specific
prevalence, method 2) and method 3) build on constant incidence rate and 2%-decrease in the MRR.

https://doi.org/10.1371/joumal pone.0264739.4003

rather likely, as well as on relatively extreme scenarios for the MRR and IR in the sensitivity
analyses discussed in the supporting information.

Fig 3 depicts the number of projected male T2D cases in Germany between 2010 and 2040
using the three different approaches. All the proposed methods suggest that the number of
people with diabetes continues to grow in Germany. However, the projected number of male
T2D cases differs substantially across the three methods. It is clearly visible that over time the
difference between the projected values from each of the three methods enlarges. Since only
the population composition changes over time, method 1) shows only slightly increasing
future case numbers. In contrast, methods 2) and 3) also take into account the incidence and
mortality, which influence the prevalence and number of cases. This, in addilion Lo the demo-
graphic aging, is above all the reason for the higher number of projected T2D cases for these
methods compared to method 1).

Table 1 displays the projected T2D case numbers among men in Germany in millions and
the relative changes from 2010 compared to 2040 in percent. With method 1), we find an

Method 2010 2020 2030 2040 Absolute difference Relative difference

1) 281 321 347 3.63 0.82 29.09%
2) 2.93 4.36 533 5.97 3.04 103.60%
3) 2.81 4.16 5.25 6.08 3.27 116.34%

Results are based on variant BIL2M 1 of the German FSO (absolute (in Million) and relative (in percent) difference with regards to 2010 vs. 2040).

htips://doi.org/10.1371/joumal.pone.0264739.1001
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increase of male T2D case numbers by 0.8 million. This equals a total of almost 3.6 million
T2D cases among males in Germany in 2040 (+29%). When presuming that the MRR
decreases by 2% per year while the IR is assumed to remain constant, the number of cases is
projected to increase by about 3.0 million (+104%) and 3.3 million (+116%) for method 2) and
method 3), respectively. Apparently, the results show an obvious gap between method 1) and
the other two methods. Interestingly, the difference between the projected case numbers of the
latter methods is minor: During the entire time horizon of the projection until 2035, the future
number of T2D cases for method 2) is slightly higher than the number projected by method
3). Thereafter, method 3) projects a higher number of male T2D cases in Germany.

S1and S2 Figs in S2 File refer to the age-specific prevalence among males in Germany from
2010 to 2040 projected using the different methods. We find apparent discrepancies in the
age-specific prevalence for the methods. Compared to the constant prevalence assumed by
method 1), the prevalence computed with methods 2) and 3) is expected to increase consider-
ably, particularly for people older than 60 years. Additionally, the peak prevalence is presumed
to shift towards older age groups. We provide further details in the supporting information.

Sensitivity analyses

We performed several sensitivity analyses to assess inaccuracies and uncertainty in our results
which we briefly discuss in this section. First, we assessed uncertainty due to unknown future
trends in the model parameters. In order to inspect uncertainty that could arise due to sam-
pling error of the input values, we perform a Monte Carlo simulation for all three methods. To
evaluate the latter, i.e., uncertainty due to future trends, we analyse 14 different scenarios of
declining or rising MRR and IR with methods 2} and 3} following the example of Ténnies
etal. [4]. More detailed information on results and computation is given in the supplementary
information.

General future epidemiological trends for the age-specific IR or the MRR are heterogeneous
and precise information are not available for Germany [4, 5]. Therefore, we considered 14 dif-
ferent scenarios of declining or rising MRR and IR and examined the impact on future case
numbers using method 2) and 3). We find considerably large deviations in the number of pro-
jected T2D cases: With the most extreme scenarios we project a decrease of approx. 0.3 million
(-11%; stable MRR & IR -5%) or an increase of 6.3 million (216%; MRR -2% & IR +3%) male
T2D cases between 2010 and 2040 for Germany (S3 Fig in S2 File). This is an essential finding,
as it underlines how impactful disease-specific factors are in projection contexts. This result is
strongly in favour of method 2) and 3}, as these approaches incorporate the rates underlying
the prevalence in the mathematical model.

In order to assess uncertainty in our results, we calculated 95% confidence intervals using a
Monte Carlo simulation as shown in S4 Fig in S2 File. The sampling error of the input values
led to deviations in the future number of cases by approximately 7.2% for method 2) and by
about 3.5% for method 3). Hence, the Monte Carlo simulation shows that the uncertainty due
to sampling error in the input values seems to be of limited relevance. We report further infor-
mation about the calculation and the estimation results in the supporting information.

Discussion

The aim of this article is to assess and advance the usage and performance of different projec-
tion methods in chronic disease modelling. While there is a lack thereof in previous publica-
tions, we compared the underlying assumptions, mathematical details, strengths, and
limitations of three distinct projection methods and demonstrated their usage. Precisely, in
this article, we discussed three methods to project age- and sex-specific case numbers of a
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chronic condition from age- and sex-specific prevalence, incidence, and mortality data. Fur-
ther, we illustrated each method in a practical application in the context of T2D among males
in Germany for the time period from 2010 to 2040. We found considerable differences
between the results of the three methods.

Generally, all three methods can be easily adapted to other chronic diseases or countries.
Additionally, for Germany, data about the future population number is available until 2060,
i.e., the projection of T2D case numbers can be extended easily to the far-off future. Nonethe-
less, a projection is subject to some unforeseen changes in the economic, political, or disease-
specific environment amongst others. Generally, the reliability of projections decreases over
time. Therefore, instead of delving further into the future and thereby decreasing certainty, we
restricted the projection until 2040.

In many previous projections on chronic diseases, age- and sex-specific prevalence from a
base year is transferred to population projections as in method 1) [6, 9-11]. Population projec-
tions required for this purpose, generated using the so-called cohort component method [6,
29), are widely used and publicly available in Germany. For the calculation, the birth cohorts
are hypothetically extrapolated from a base year under assumptions on the future development
of fertility, mortality, and net migration. But just as the future population depends on several
components, the development of a disease is also influenced by various disease-specific aspects
[6]. However, the latter are ignored in method 1). Without a doubt, method 1) is the least reli-
able of the three discussed approaches. Assuming a constant prevalence and not reflecting on
changes in disease-specific factors substantially limit the reliability of this method’s results.
Unfortunately, in some contexts, data on the latter may be rarely available. If that is the case,
method 1) could at least provide a short-term indication of future case numbers. Furthermore,
short-term projections could reflect a second context in which method 1) may be applicable. A
projection is always subject to some unforeseen changes in the economic, political, or disease-
specific environment amongst others. Consequently, when keeping the overall time-horizon
to a minimum, changes in relevant factors such as the mortality rate ratio or the incidence rate
may be minimal and therefore less impactful, too. Nonetheless, method 1) should be used with
caution and whenever possible, method 2) or 3) should be the preferred options. Methods 2)
and 3) include disease-specific information on mortality, prevalence, and incidence rates as
input factors in addition to the demographic components mentioned above. Thus, as opposed
to method 1), the PDEs used in method 2) and 3) account for temporal trends in the prevailing
epidemiological situation. To do so, aggregated data are sufficient. Method 2) incorporates the
MRR and IR, as opposed to solely using the prevalence as is done by method 1). Though,
method 2) is, as method 1), still based on projections of the population and the general mortal-
ity in Germany. The future estimates of the German FSO do not consider potential epidemio-
logical influences and simply extrapolate future values based on long-term trends of the past
[20]. Contrarily, using method 3), we can take short-term fluctuations in the mortality into
account. The results of method 3} are independent from projections of the German FSO
beyond the year used to estimate 11y and ;. Instead, this method purely relies on input values
on the age- and sex-specific prevalence, the MRR and the general mortality for a base year.
The latter are used to estimate the mortality of the non-diseased and the mortality of diseased
people. Furthermore, instead of calculating the prevalence in each year for each age group,
method 3) directly returns future changes in absolute case and population numbers.

Besides, some health actions or interventions may not directly alter the prevalence of a dis-
ease but still have far-reaching consequences with regards to a particular disease situation [28,
30, 31]. Consequently, other health indicators such as life expectancy, years of life lost, or years
of productivity lost may provide a more appropriate insight to anticipate the potential impact
of such interventions. Nonetheless, in most cases, a disease’s prevalence is a necessary input
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factor for the computation of other health indicators. Accordingly, using the illness—death
model and the corresponding PDE in a first step to estimate a future prevalence allows to
derive other health characteristics of a population associated with T2D in Germany in 2020
and 2040 from an individual and population perspective in a second step [28, 31]. In fact, this
reflects another drawback of method 1). In contrast to method 2) and 3), the approach assumes
a stable prevalence, and consequently, this does not allow to easily infer the future develop-
ment of other epidemiological indicators.

Lastly, different future scenarios that anticipate potential impacts of alternative scenarios of
prevention and intervention or disease-dynamics can be computed and compared using
method 2) or 3). The comparison of methods 2) and 3) with method 1) reveals the great impact
of trends in incidence and mortality on future disease burden. Our findings confirm the sug-
gestion that ignoring temporal trends in incidence and mortality provokes an underestimation
of the actual number of cases [4]. Consequently, a future course can be better, if not optimal,
approximated using method 2) and 3).

As a further remark, we are convinced that our work provides a good basis for future
research. Our study discusses the large importance of choosing a suitable projection method
which is supported by a practical application to the context of T2D in Germany. Since our
approach to use a PDE that describes the IDM is not the only one that has been proposed and
published [31, 32], it would be interesting to extend the comparison and focus on different
approaches that are based on the IDM. Since this would have been beyond the scope of this
article, this investigation could prove desirable for future work.

Limitations

A primary limitation for method 2) and 3) is that they need assumptions about the temporal
changes in the IR and MRR. Unfortunately, information about future trends in Germany in
the context of T2D is scarce. Therefore, we made assumptions about future trends of the IR
and MRR that may be oversimplified. Further, it is noteworthy that our population projection
methods are trend-based, hence, they may be less accurate for instance in periods of sudden
and fast changes in the incidence. However, also the intensity, frequency and pace of changes
have implications on epidemiologically relevant measures such as the prevalence and the num-
ber of cases. As discussed, variant projections, which are feasible with method 2) and 3), can
provide additional information by illustrating potential alternative scenarios of future trends.
Aside from that, rapid changes in chronic disease incidences are rare and the general impact of
high-frequency distortions in future trends is often limited by the inertia in population
change.

Another limitation of all three methods arises with a potential violation of the assumption
that the prevalence in migrants is equal to the prevalence observed among German residents.
Though, the T2D prevalence in people migrating from and to Germany is unknown. However,
other examples show that this issue is minor and overall epidemiological measures are only
negligibly affected [4, 25]. Though, one should keep in mind that it may remain an issue e.g.,
for small populations.

Another weakness of the methods arises with the ignored effect of potential covariates and
their development. Examples for relevant covariates in the diabetes context might be a change
of diagnostic criteria for T2D, the distribution of body weight, the impact of nutritional behav-
iour, or the presence of co-morbidities. In an epidemiological context, it may be essential to
consider such covariates since they likely modify the transition rates between the states in the
IDM. Although this is not done in this work, it is possible to account for the impact of possible
covariates such as interventions and risk-factors in the PDEs [33].
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Conclusion

Forecasts of the growing non-communicable disease burden will be key to guide future health-
care policies. With this work, we compare three projection methods and demonstrated how to
apply each of them to quantify future T2D case numbers in Germany until 2040. The three
methods uniformly confirm that there is a substantial increase in the number of males diag-
nosed with T2D ranging from 0.8 million (+29%) to 3.3 million (+116%) additional cases in
Germany in 2040. Assessing the strengths and limitations of three different methods may help
researchers to better apply statistical methods for projecting future case numbers of chronic
diseases. We suggest that future projections should move away from blunt prevalence extrapo-
lation and instead, employ methods that are based on theory from the IDM.

Supporting information
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ABSTRACT

Introduction We aim to project the number of people with
diagnosed type 1 diabetes in Germany between 2010 and
2040.

Research design and methods We first estimate the
age-specific and sex-specific incidence and prevalence

of type 1 diabetes in Germany in 2010 using data from 65
million insurees of the German statutory health insurance.
Then, we use the illness-death model to project the
prevalence of type 1 diabetes until 2040. We alter the
incidence and mortality underlying the illness-death model
in several scenarios to explore the impact of possible
temporal trends on the number of people with type 1
diabetes.

Results Applying the prevalence from 2010 to the official
population projections of Germany’s Federal Statistical
Office yields a total number of 252000 people with type 1
diabetes in Germany in 2040 (+1% compared with 2010).
Incorporating different annual trends of the incidence and
mortality in the projection model results in a future number
of people with type 1 diabetes between 292000 (+18%)
and 327 000 (+32%).
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Conclusions For the first time in Germany, we provide
estimates for the incidence, prevalence, and number

of people with diagnosed type 1 diabetes for the whole
German population between 2010 and 2040. The relative
increase of the people with type 1 diabetes ranges from
1% to 32% in 2040 compared with 2010. The projected
results are mainly influenced by temporal trends in the
incidence. Ignoring these trends, that is, applying a
constant prevalence to population projections, probably
underestimates future chronic disease numbers.

INTRODUCTION

Worldwide, chronic disease burden rises
dra.matica.lly.1 As one of the most common
chronic diseases in Germany, diabetes
mellitus causes suffering among diagnosed
people as well as tremendous costs for the
overall population.l’4 Without a structured
selfmanagement plan, monitoring blood
glucose level, physical activity, diet and, most
important, without daily insulin treatment,
people with type 1 diabetes (T1D) are at
high risk of premature death.® Although
defined as autoimmune disease with an onset
at ages younger than 35 years,® 7 the disease
is nowadays prevalent among the whole age

.12 Ralph Brinks,** Thaddzus Ténnies

2 Annika Hoyer @ °

WHAT IS ALREADY KNOWN ON THIS TOPIC

= The few studies investigating the current and future
population with type 1 diabetes in Germany are lim-
ited to certain ages, cohorts, and ignore temporal
trends in disease-related rates.

WHAT THIS STUDY ADDS

= Based on data from 65 million insurees of all
German statutory health insurances, we estimate
an increase in the German population with type 1
diabetes ranging from 252 000 (+1% compared with
2010) to 327 000 (+32%) people in 2040 which is
mainly driven by the incidence.

= The peak of the age-specific prevalence is projected
to shift toward older ages.

HOW THIS STUDY MIGHT AFFECT RESEARCH,

PRACTICE OR POLICY

= Germany will possibly face greater demand for
diabetes-related education, healthcare, and medical
resources.

ra.nge.1 78 In 2009 in Germany, estimates
of the prevalence of T1D for girls and boys
younger than 19 years were 0.17% to 0.19%,
respectively. The prevalence among women
and men aged between 20 and 79 years was
estimated between 0.28% and 0.839% and
among elderly, that is, older than 80 years,
between 0.47% and 0.50%.%° Reports of the
total number of people with T1D in Germany
range from 256000 to 373000 in 2009 and
2016, respectively.2 g Approximately 7200
people per year are newly cliagnosedv2 Similar
to trends observed over the past decades, the
T1D incidence and prevalence are expected
to rise further.!

Despite the high relevance of T1D and its
considerable health and economic conse-
quences,” representative studies that inves-
tigate the population-wide current and
future disease burden in Germany are
s.parse.1 2 The generalizability of previous
studies to Germany is impaired due to their
focus on particular age ranges and/or their
restriction to data from selected health
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insurances, and cohorts.! nAdditionally, although there
is evidence that diabetes type-specific interventions help
in reducing complications and rnortality,6 many existing
analyses do not distinguish the diabetes types.11 2 This
makes the need for type-specific analyses of the current
and future burden of T1D even more cornpelling.3

In this article, we provide nationally representative esti-
mates of the age-specific and sex-specific T1D incidence
in Germany in 2010. Furthermore, we project the age-
specific and sex-specific prevalence and the number of
people diagnosed with T1D from 2010 to 2040.

METHODS

Based on published data from 65 million insurees of the
German statutory health insumnce,8 918 (o first esti-
mated the agespecific and sex-specific incidence of diag-
nosed T1D in Germanyin 2010 for all ages between 0 and
100 years. Using mathematical relations between preva-
lence, incidence, and mortality based on the illness-death
model (IDM), we projected the future age-specific prev-
alence of T1D between 2010 and 2040. In this second
step, we compared several scenarios regarding possible
temporal trends in the incidence and mortality. To calcu-
late the number of people with diagnosed T1D in each
year, we finally multiplied the projected prevalence to the
projected distribution of the German population issued
by the German Federal Statistical Office (FSO)."* The
following paragraphs provide more details about these
three steps.

All methods were implemented using the free statis-
tical software R, V.4.1.0 (The R Foundation for Statis-
tical Computing). The source code and data for running
the analysis are published in the open-access repository
Zenodo.!® We only used published data on aggregated
level.

Definition of type 1 diabetes

To define T1D, we refer to the International Classifica-
tion of Diseases (ICD) coding provided in the under-
lying claims data which is commonly used to specify a
particular type of diabetes.” 1 ¥ The aggregated preva-
lence data, provided by the German Institute for Medi-
cine Documentation and Information in 2012, contains
information from about 65 million policyholders from
the inpatient and outpatient sector insured for at least
360 days per year by one of the German statutory health
insurances. This represents >80% of Germany’s overall
resident population. Accordingly, the data can be consid-
ered a unique and suitable information source that
enables nationwide representative estimates of diag-
nosed diabetes in Ge]rmany.9 10 For instance, the Robert
Koch Institute features the same data for estimating the
overall incidence of diabetes in Germany.16 1 Generally,
the ICD-code E10.- specifies a T1D diagnosis. Since in
some cases, the data report multiple diagnoses for the
same individual, the combination of the ICD-codes E14.-
(unspecified diabetes mellitus) and E10.- also resulted in

the assignment to T1D. Any other ICD coding or unclear
code combination were excluded.

Estimation of the age-specific T1D incidence in 2010
To estimate the age-specific and sex-specific T1D inci-
dence in Germany in 2010, we applied a partial differ-
ential equation (PDE), which describes the relation
between prevalence, incidence and mortality as a func-
tion of age and calendar time (see online supplemental
material),9 8 This requires prevalence input data for
2years, information on the general mortality, and on
the mortality rate ratio (MRR), that is, the ratio of the
mortality rates of people with versus without T1D. The
aforementioned claims data’ provide aggregated, age-
specific and sex-specific information on the number of
people in Germany along with their respective diabetes
status (ie, diagnosed with T1D vs no T1D) for the two
consecutive years 2009 and 2010. Knowing that the prev-
alence is the proportion of a particular population found
to be affected by a certain condition (here, T1D vs no
T1D) at a specific time (here, 2009 and 2010), we anal-
ogously calculated the overall and the age=stratified T1D
prevalence for each sex for 2009 and 2010 using our input
data.? To do so, we divided the number of T1D diagnoses
in Germany by the total German population number for
both years on overall and age-specific level, respectively.
We obtain the general mortality of the German popula-
tion as of 2010 from the population projections of the
German FSO.™ Due to unavailability of the T1D-related
MRR in Germany, we align with other diabetesrelated
work,9 19 5nd refer to age-specific and sex-specific esti-
mates from Denmark as the two countries” MRRs are
claimed highly cornparable.g9 oD

Due to inconsistencies in coding of diagnoses,9 we
approximated the course of the TID incidence in
Germany for ages 35+ years (see online supplemental
material). For that purpose, and due to a lack of appro-
priate alternative data from Germany, we used infor-
mation from the Danish National Diabetes Register.
In Denmark, the T1D incidence rate in ages 35+ years
decreases logarithmically with age. This resembles the
German diabetes burden estimated in previous studies,12
where the proportion of T1D among all diabetes types
peaks among the youth and decreases with increasing
age. Since the erroneous coding occurred among older
ages and since often latent autoimmune diabetes in
adults (LADA) commonly showing in patients over 35
years is dia%nosed as T1D, the chosen age cut-off seems
reasonable.!

Projection of the age-specific T1D prevalence and future
number of people with T1D

We use the aforementioned PDE to project the age-
specific and sex-specific prevalence of T1D in Germany
between 2010 and 2040 (see online supplemental mate-
rial). Solving the PDE returns the agespecific preva-
lence for each year depending on the incidence and
MRR." Since information on current and future trends
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of the incidence and mortality are scarce in Germany,'’
we assumed five hypothetical scenarios that have been
discussed in previous projections of T1D and T2D in
Germany.! * " # Scenario 1, a ‘simple” sex-specific and
age-specific prevalence extrapolation, assumes a constant
age-specific prevalence between 2015 and 2040 and
neither reflects on the incidence nor on the mortality.
In scenarios 2-5, we alter the temporal trends of the
incidence and MRR. We consider scenario 2 as baseline
scenario, assuming constant incidence and mortality.
In the future, it is likely that the mortality rate among
people with TID will decrease faster than among people
without T1D due to probable advancements in medical
care.'” ® Consequently in scenarios 3-5, we anticipate
that the MRR decreases by 2% per year as observed in
Denmark.""® Furthermore, scenario $ assumes a constant
incidence rate, while scenarios 4 and 5 assume an annual
increase and decrease of 0.5%, respectively.

We obtain the number of people with T1D in Germany
between 2010 and 2040 for all ages between 0 and 100 by
multiplying the projected prevalence from the PDE with
the number of people from the population projections of
the FSO.' The FSO releases several variants wherein they
assume different future birth rates, life expectancies at
birth, and migration. We consider arather realistic version
(variant BIL2M1) which assumes declining fertility (B1:
birth rate of 1.4 children per woman), moderate devel-
opment in life expectancy (L2: life expectancy of 84.4
and 88.1 years for men and women, respectively), and
low long-term net migration (M1: 147000 people per
year). This aligns with Tonnies ¢ o/ and Voeltz o al®
who also examine this variant in their projections of type
2 diabetes (12D) in Germany.

Sensitivity analyses

Model assumptions and data sparsity might hamper the
projection of future prevalence. Precise information
about temporal trends of the incidence and mortality
in Germany are lacking. Since these rates can emerge
very heterogencously, we assessed further, relatively
extreme scenarios which may cover possible unexpected
developments. First, we evaluated an annual decrease in
the incidence of 5% as observed among older ages in
Denmark between 1996 and 2016.° In contrast to a lower
incidence, researchers postulated that the SARS-CoV-2
virus might damage cells in the pancreas that produce
insulin, which may notably increase the risk of new-onset
T1D.* % Although data on a relation between SARS-
CoV2 and TID remain heterogeneous,” we assessed a
5% annual increase in the incidence as observed in Euro-
pean children younger than 5 years between 2005 and
2020.%° In addition, we performed a Monte Carlo simula-
tion with 500 bootstraps to account for possible sampling
error of the input values and to calculate 95% CIs (sce
online supplemental material). Furthermore, we assess
the impact of alternative variants of the FSO population
projections (see online supplemental material).

Modelled T1D incidence in 2010 in Germany
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Figure 1 Estimated age-specific incidence of type 1

diabetes (T1D) in Germany among women (red) and men
(blue) in 2010.

RESULTS

Estimated incidence

Figure 1 visualises the age-specific and sex-specific esti-
mates of the German T1D incidence in 2010. Across all
ages, the T1D incidence is estimated higher for men than
women. For both sexes, the incidence peaks between 5
and 15 years of age with approximately 0.17 for men and
0.12 for women per 1000 person-years. For all following
ages, the estimated course declines.

Projected prevalence

Figure 2 shows the estimated age-specific and sex-specific
prevalence for Germany in 2009 and 2010. For any age
below 80 years, the prevalence of TID is higher among
men compared with women. Among the elderly, the rela-
tionship between prevalence and sex does not remain
that obvious.

Figure 3 shows the projected age-specific and sex-
specific T1D prevalence for five scenarios of the inci-
dence and MRR from 2010 to 2040 assuming moderately
increasing life expectancy. For almost any age, the preva-
lence of T1D for men is slighily higher than for women.
Particularly noteworthy is the shift in the course of the
prevalence. In 2040, the prevalence is estimated to peak
at around 40 years of age for both sexes, while the preva-
lence decreases among older age groups compared with
2010. Compared with scenario 1 assuming a constant
prevalence, results for all other scenarios suggest a
substantial increase in the overall prevalence for men
and women (online supplemental figure $2). The
different variants of the FSO had no remarkable influ-
ence on the prevalence projection (online supplemental
figure S4).
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Prevalence of diagnosed T1D in Germany
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Figure 2 Prevalence of type 1 diabetes (T1D) among
women (red lines) and men (blue lines) in Germany in 2009
and 2010.

Projected number of people with T1D

Figure 4 and table 1 show the projected number of people
with T1D in Germany in 2010 and 2040 and approxi-
mate CIs for several scenarios of the incidence and MRR.
Coherently, as for the prevalence, the number of men
diagnosed with T1D is higher than the number of women
throughout the overall projection horizon. Assuming

3

that the prevalence remains as in 2010 (scenario 1),
overall numbers are projected to increase by 1% to a total
of 252000 people with T1D in 2040. For scenarios 2-5,
the number of people with T1D in Germany in 2040 is
projected to increase by 44000 people (+18%) to 78800
people (+32%) compared with 2010. Compared with a
relatively linear course for scenario 1, the course of the
estimated case numbers for scenarios 2-5 resembles a
J-shaped growth pattern in the first few years and then
grows linearly for men and women alike. The FSO popu-
lation variants had minor impact (see online supple-
mental material).

Sensitivity of the results

Additionally, we assessed an annual change of the inci-
dence of 5% and +5%. Comparing 2010 and 2040, we
obtain a decrease of the population with TID of -27
500 (-11%) and an increase of almost 300000 (+121%),
respectively. Possible sampling error of the input values
had minor impact and led to deviations of 5%-7% for
women and men (see online supplemental material).

DISCUSSION

The aim of this study was to project the number of people
with T1D in Germany between 2010 and 2040. For this
purpose, we firstestimated the age-specificand sex-specific
incidence in 2010. Then, we projected the age-specific
and sex-specific prevalence and the number of individ-
uals with T1D for each year until 2040. Overall, our results
indicate a general increase in the future burden of T1D.

Age-specific T1D prevalence among men and women
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Figure 3 Projected age-specific and sex-specific prevalence of type 1 diabetes (T1D) in Germany for variant B1L2M1 of
population projections of the German Federal Statistical Office. Blue lines depict the prevalence among men in 2010, 2020,
2030 and 2040, red lines visualise the prevalence among women in 2010, 2020, 2030 and 2040. The different line types
represent the scenarios, that is, scenario 1, constant age-specific prevalence from 2010; scenario 2, constant T1D incidence
rate (IR), constant mortality rate ratio (MRR); scenario 3, constant IR, MBR —-2% per year; scenario 4, IR -0.5% per year, MRR
—2% per year; scenario 5: IR +0.5% per year, MRR -2% per year.
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Figure 4 Projected number of type 1 diabetes (T1D) cases (in thousands) for men and women in Germany in 2010 and 2040
for variant B1L2M1 of the German Federal Statistical Office for scenarios 1-5. Scenario 1, constant age-specific prevalence
from 2010; scenario 2, constant incidence rate (IR), constant mortality rate ratio (MRR); scenario 3, constant IR, MRR -2% per
year; scenario 4, IR -0.5% per year, MRR —-2% per year; scenario 5: IR +0.5% per year, MRR -2% per year.

Comparing different scenarios of discase-specific rates,
we found considerable differences in the projected popu-
lation with TID. In scenario 1, we estimated an increase
in the population with TID of 1% in 2040 compared with
2010. In this scenario, we simply applied the constant
sex-specific and age-specific prevalence of T2D from
2010 to future population distributions projected by the
German FSO. Although this approach is commonly used
for chronic disease projections,” it appears (hat ignoring
temporal trends in the prevailing epidemiological situ-
ation likely leads to misleading results since the future
development of a disease is influenced by various discase-
specific aspects. More precisely, disregarding potential
changes in mortality and incidence as is done in scenario
I may provoke an underestimation of future T1D cases

in Germany."’ ® Contrastingly, reflecting on changes in
epidemiological indicators such as mortality and inci-
dence likely produces more reliable projection results.®
This was done in scenarios 2-5, where the use ol the PDE
enables to additionally account for disease-specific infor-
mation when modeling the future prevalence of T1D.
Considering scenarios 2-5, which take temporal trends
in the incidence and mortality into consideration, results
ranged from 44000 (+18%) to 78800 (+32%) additional
people with T1D in 2040. Unfortunately, there are no
data available to validate our projected results and/or
pinpoint the most plausible scenario. Nonetheless, the
general increase observable across all scenarios highlights
the importance of intensified diabetes-related public
health management and the need for more resources
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allocated to diabetes healthcare. Moreover, it emphasizes
the need for research on primary prevention of T1D and
effective interventions to reduce its incidence.?’

Environmental and lifestyle changes may explain the
rapid increase of the number of people with T1D world-
wide.! ®® The relatively short projection period makes
changes in the genetic background of populations an
unlikely cause. For instance, lifestyle factors that lead to
rapid growth and large gains in weight particularly in the
first years of life are more likely causing the increasing
incidence. Factors such as accelerated autoimmune
processes contribute to a growing TID incidence in
childhood.?? Besides, factors that initiate the autoim-
mune destruction of beta cells are also discussed, for
example, fetal and neonatal factors. Another hypothesis
for the increase in the incidence is the reduced exposure
to microbial antigens.22 Overall, to gain a better under-
standing of drivers of the T1D burden, future studies
could include these environmental factors in the evalua-
tion to shed light on possible causes.

With regard to the methodological approach, our
results underline the advantage of the IDM as theoretical
background as it allows to incorporate temporal trends
in disease-specific rates which impact the epidemiolog-
ical trends of a disease.l®® Comparing multiple future
scenarios, we showed that the incidence rate is a major
driver of future numbers. A blunt extrapolation, that is,
applying the observed prevalence in 2010 to the popu-
lation projections, is unlikely to project accurate future
numbers.!? 2 Ignoring disease-specific rates probably
leads to underestimation of an upcoming disease situa-
tion, and consequently, underestimates the importance
of public health management, healthcare facilities,
education of specialists, and the like.

In addition to the increasing T1D burden, our projec-
tion indicates a shift of the prevalence peak toward older
ages. Concomitant, although historically believed, T1D
may not remain a disease of childhood. In line with
Ostrauskas ef a,l,29 our results contradict a shift of the
onset of T1D toward younger ages as explanation for the
increasing temporal trend among children.

Comparison with previous studies

Worldwide, T1D incidence varies largely. In the great
majority of countries, it has steadily increased over the
past and its growth is expected to continue. In 2021, the
International Diabetes Federation (IDF) estimates that
1211900 children and adolescents younger than 20 years
were diagnosed with T1D and reports an annual growth
of 149500 children worldwide.® Direct health expendi-
tures related to diabetes are close to US$1 trillion and
are projected to exceed this by 2030. Strikingly, current
evidence suggests that the IDF figures are still substan-
tially underestimated.® Using data from the Childhood
Diabetes Registry of Saxony, Germany, Manuwald et al!
report an increase in the T1D incidence among chil-
dren and adolescents in Germany from 17.1 to 24.7 per
100000 person-years between 1999 and 2019. Continuing

this trend, they project a growth to 34.8 per 100000
person-years in 2030. Based on medical data from Baden-
Wauerttemberg and Saxony and the national diabetes
registry of North Rhine-Westphalia, Rosenbauer ¢ af
report a national T1D incidence among adults of 6.1 per
100000 person-years between 2014 and 2016. Their prev-
alence estimate equals 445 and 544 per 100000 individ-
uals with slightly lower figures for women compared with
men. This equals a number of 341 000 adults with T1D in
2016, which is estimated to grow by 4150 adults annually.
Notably, these studies neglect relevant age groups, the
role of disease-specific rates or are based on limited data.
Contrarily, one of the main strengths of our prevalence
input data is its completeness in terms of covering all age
groups as well as all health insurances in the German stat-
utory health insurance.

Limitations
Although the reasons remain unclear, ICD codes are
often inaccurately captured in administrative data in
Germany (such as our prevalence input data),9 1
impeding a valid differentiation of the diabetes types.Sl
Indeed, research confirms that limited diagnostic accu-
racy, that is, sensitivity and specificity, from aggregated
routine data may lead to unstable or implausible estima-
tion results.* ® Potential misclassifications and double
diagnoses in our setting may have occurred when a
diagnosis was changed after more precise specification
of a person’s health state by different care providers or
clinicians. For instance, and controversially discussed,
the ICD coding specifies LADA as E10.-*7 although
its pathogenesis only gradually resembles the one of
T1D. Moreover, since T1D is more common to develop
at younger ages, it can be assumed that many unspecific
cases among the older population could be attributed
to T2DA33 Consequently, these false positive diagnoses
might explain questionable estimates among older ages.
On the contrary, unspecific diabetes diagnosis among
children very likely maska T1D case.’®*! To filter out such
inaccuracies observed among older ages and since our
focus is on T1D developed during childhood, we adapted
the log-linear trend from Denmark to the German T1D
incidence in 2010. Including misspecifications, unclear
or double diagnoses, or cases masked by the unspecified
diabetes coding E14.-, rnaY lead to an additional increase
in the prevalence of T1D. 3Alternatively, previous studies
advise the additional integration of medication to vali-
date that the coding accurately reflects T1D prevalence
rates from 2010,31 since for patients with T1D it is neces-
sary to inject insulin to control blood glucose levels. This
method is of help for children and adolescents, in adult-
hood however it is inaplc)licable.31 This falls beyond the
scope of our article and is left open for future research.
Since the future course of the incidence and mortality
is unknown, we explored the impact of trends in inci-
dence and mortality by considering several scenarios.
This highlights the need for long-term, country-specific
and diabetes type-specific studies to obtain confidence
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about future T1D cases. Assuming that medical aid and
the treatment of diabetes will improve further, a decrease
in the mortality seems likely. Evidence for continuous
declines in mortality is found in several countries such as
the USA, Canada, Finland, Sweden and Denmark.® %
Contrastingly, the T1D incidence and its develoIpment are
heterogeneously distributed across countries. 3 Despite
a universally reported growth, evidence from some
regions suggests a slowing in this increase.” % Against this
reporting, pooled estimates for Europe show a contin-
uous annual 3.4% growth, indicating a doubling of the
incidence within 20 years.28 In Germany, the T1D inci-
dence among children has increased threefold in the
past decades.! In line with the trend over the past 20
years, other studies assume a 40% increase in the inci-
dence of T1D in children and adolescents for the next 10
years.22 Overall, declining mortality and increasing inci-
dence as in scenario 3 seems most plausible. Considering
that the claims data reflect the medical situation a decade
ago, it does neither comprise latest happenings such as
the SARS-CoV2 pandemic nor other recent develop-
ments that may have affected the disease situation.®® It
appears that a SARS-CoV-2 diagnosis is associated with an
increased risk of new-onset T1D.%*® With our scenario in
the sensitivity analysis assuming a 5% annual increase in
the incidence, we aim to account for extreme events such
as the impact of SARS-CoV-2. In that scenario, we project
an increase in the future T1D burden in 2040 in Germany
of up to 121% additional T1D cases compared with 2010.
Evidently, other unexpected events such as the global
climate, energy or inflation crisis, future developments
of migration, or changes in diagnostic criteria may alter
future trends of the T1D incidence and mortality.'m'43
Furthermore, there are medical and non-medical issues
that make particular ethnic groups more or less vulner-
able to diabetes. Routine data and particularly aggre-
gated prevalence data from administrative origin do not
provide any identification possibility of the individual’s
et.hnicity,13 Assessing the impact therefore goes beyond
scope of our study, but could be addressed in the future.
Due to data scarcity in Germany, we referred to infor-
mation on the incidence and MRR from Denmark for our
initial T1D incidence estimation and prevalence projec-
tion. The motivation to use Danish data is threefold.
First, it is based on the national diabetes register which
has a coverage of 100% due to compulsory report.in%
and which accurately differentiates the diabetes types.2
Second, previous studies concerning diabetessurveillance
in Germany refer to Danish data®™ Third, for countries
that are comparable in terms of their disease burden and
healthcare systems, such as Denmark and Germany, devi-
ations of disease-specific rates should remain minimal.
Obviously, modelling the T1D situation over a 30-year
horizon from 2010 until 2040 using prevalence data from
2010 and borrowed information from Denmark requires
some assumptions. Our analysis and the reliability of
our results would be strengthened if more recent, vali-
dated data from Germany were available. Moreover,

information on T1D directly measured in the German
population would be more appropriate to generate reli-
able national projections. As final remark with regard to
an accurate diabetes surveillance in Germany, we claim
that more detailed, precise, and timely data regarding
diabetes in general and T1D in particular is urgently
needed.

CONCLUSION

This is the first study addressing the current and future
age-specific T1D incidence and prevalence for the whole
German population for all ages from 0 to 100 years
between 2010 and 2040. Using the IDM and data from 65
million people in Germany, we show that temporal trends
in the incidence and mortality mainly drive the future
number of individuals with T1D. Our projection suggests
a substantial increase in the incidence, prevalence, and
in the number of people diagnosed with T1D ranging
from 4000 (+1%) to 78800 (+32%) additional cases in
Germany in 2040 vs 2010.
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in Germany from 2010 until 2040
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Background: Our aim is to estimate age- and sex-specific direct medical costs related to diagnosed type

1 and type 2 diabetes in Germany between 2010 and 2040.

Methods: Based on nationwide representative routine data from 2010 from the statutory health
insurance in Germany (almost 90% of the population’s insurance) we projected age- and sex-specific
healthcare expenses for type 1 and 2 diabetes considering future demographic, disease-specific and
cost trends. We combine per capita healthcare cost data together with the demographic structure of
the German population, diabetes prevalence, incidence and mortality. Direct per capita costs, total
annual costs, cost ratios for people with versus without diabetes and attributable costs were
estimated. The source code for running the analysis is publicly available in the open-access repository

Zenodo **°.

Results: In 2010, total healthcare costs amounted to about €1.14 billion for type 1 and €28 billion for
type 2 diabetes. Depending on the scenario, total annual expenses were projected to rise remarkably
until 2040 compared to 2010, by 1% to 281% for type 1 (€1 to €4 billion) and by 8% to 364% for type 2
diabetes (€30 to €131 billion). Depending on annual cost growth (1% vs. 5% p.a.), we estimated annual

per capita costs of €6,581 to €12,057 for type 1 and €5,245 to €8,999 for type 2 diabetes in 2040.

Conclusions: Diabetes imposes a large economic burden on Germany which is projected to increase
substantially until 2040. Temporal trends in the incidence and cost growth are main drivers of this
increase. This highlight the need for urgent action to prepare for the potential development and

mitigate its consequences.

Keywords: Cost analysis, Economic Burden of Disease, Epidemiology, Healthcare costs, Projection,

Type 1 diabetes, Type 2 diabetes.
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Worldwide, the number of people with diabetes and its associated costs have increased considerably®®.
In 2021, the global diabetes prevalence was estimated 10.5% among adults (20-79 years), i.e. 537
million people, and caused healthcare costs of at least $966 billion ®°. The absolute global economic
burden is projected to grow to more than $2.1 trillion by 2030 . In Germany, at least 7.2% of the
population have diabetes, while this number is predicted to increase by up to 77% over the next 20
years %, This makes it a major health concern and challenge with regards to medical and economic
resource planning. However, little is known about diabetes-related healthcare expenditures in
Germany . Cost of illness estimates are relevant from economic, medical and political point of view,
and are necessary for effective healthcare management, meeting future medical needs and evaluating

measures for prevention and intervention.

The only two available diabetes-related cost projections for Germany estimated an increase by 79%
between 2010 and 2040 (from about €12 billion to €21 billion) 1%, or healthcare expenditures of $30 to
$56 billion in 2030 2, Though, the latter forecast lacks detailed country-specific input data, uses
oversimplified methods and is based on a debatable assumption of constant diabetes prevalence over
time. This also applies to international cost studies which are inherently limited by the methods applied
11 For instance, they do not include an analysis of cost data or future cost trends such as inflation,
ignore demographic changes, are limited to one sex, certain ages or other demographic input factors,
do not differentiate the types of diabetes, or disregard the interplay of prevalence, incidence and
mortality 121163161 However, with regards to diabetes, the incidence and mortality majorly impact
disease dynamics and ignorance leads to severe underestimation of future prevalence, which is one of
the input factors for cost analyses 12161163 Besides, the diabetes types are considerably different in

their clinical representation, onset and progression 63

. Demographic shifts such as the aging
population is relevant for type 2 diabetes, as its prevalence peaks amongst the cost-intensive older age
groups'!. Consequently, accurate projection methods of future chronic disease-specific costs need to

be capable of reflecting the complex interplay simultaneously and differentiate where appropriate.
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In this study, we use nationally representative data and a comprehensive and transparent method to
project the sex-, age-, year- and diabetes-type specific per capita costs, total excess costs and cost
ratios of people with and without type 1 and type 2 diabetes, as well as attributable costs in Germany

from 2010 until 2040.

We used the official population projection of the German Federal Statistical Office (FSO) ¢, aggregated
and published data on the incidence and mortality of individuals with versus without type 1 and 2
diabetes 1027:3363161163 54 well as information on healthcare expenditures of the general German

population (see Additional Table 1 in Additional file 1) 257,

We obtained the expected age- and sex-specific population distribution and the mortality of the
general population in Germany for each year from 2010 to 2040 and all ages from 0 to 100 years from
the FSO . Six variants that represent rather realistic future developments instead of extreme
assumptions ® were considered to account for changes in migration, birth rates and population ageing.
(see Additional Table 2 in Additional file 1). We used variant 2 (G2L2W?2) as baseline, which assumes a
birth rate (G2) of 1.55 children per woman, a life expectancy (L2) at birth in 2040 of 84.6 and 88.2 years
for men and women, respectively, and a long-term net migration (W2) of annually 290,000 people.
These assumptions align relatively well with values observed in Germany in 2020 and 2021 which

include dynamics such as the COVID-19 pandemic or the Russo-Ukrainian war %4,

Initial prevalence and incidence information were obtained from claims data that are considered
representative for Germany and that were featured in recent projections of diabetes prevalence
1063161163 The data comprise information on the age and sex of 65 million insures in 2010 (about 80%
of the total population) from all German statutory health insurances (SHI) and their diabetes diagnoses.

We defined type 1 and type 2 diabetes based on the International Classification of Diseases-10 (ICD-
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10) codes E10-E14. In 2010, about 7.3% of the German population were diagnosed with type 2 and
0.3% with type 1 diabetes. Regarding the age- and sex-specific mortality rate ratio (MRR) of people
with versus without diabetes, we aligned with previous studies investigating diabetes in Germany %163
and included nationally representative MRR estimates of type 2 diabetes from 2014 provided by

Schmidt et al. 2’ and estimates from Carstensen et al. 3%33 to approximate the MRR of type 1 diabetes

in Germany 163,

The average per capita healthcare costs for people with and without diabetes were obtained from

| 2667 j.e., of almost

aggregated claims data from a 6.8% random sample of all German people with SH
90% of the German population. The expenses include direct per capita costs for physicians, dentists,
pharmacies, hospitals, sick benefits and others in 2010 in Germany from payer perspective. The
included ICD-10 codes allowed to differentiate between costs related to type 1 or 2 diabetes. These
data serve as starting values of per capita costs, cost ratios for people with versus without diabetes

and attributable costs in 2010. Due to regulations on data protection, routine SHI data were provided

in an anonymous and aggregated form (§5 Data Transparency Regulation, paragraph 4).

As measures of interest, we modelled direct total and excess costs, cost ratios for people with versus
without diabetes, and population attributable costs (see Additional Table 1 in Additional file 1) using
the statistical software R, version 4.1.2 (R Foundation for Statistical Computing). The source code is

published in the open-access repository Zenodo **°.

We first estimated the observed sex-specific prevalence of diagnosed type 1 and 2 diabetes in Germany
in 2010 for all ages between 0 and 100 years. Second, we used a partial differential equation (PDE)
that originates in the illness—death model (IDM) to project the age- and sex -specific prevalences until
2040 10158161163 Oyr PDE describes the relation between prevalence, incidence and mortality as a

function of age and calendar time, and thereby allows to incorporate future trends in the incidence
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and mortality. Applying the projected prevalence to population counts yielded the number of

individuals with type 1 or type 2 diabetes in Germany from 2010 to 2040 by

Using the aggregated cost data, we computed the total costs for each age and sex stratum by
multiplying the number of people with or without diabetes and the respective per capita costs in 2010.
We added these costs across all strata to obtain the total costs depending on diabetes status, i.e.,
diagnosed type 1, type 2 or no diabetes. We obtained the average per capita costs in 2010 by dividing
the total costs and the age- and sex-specific number of people with or without diabetes. We stratified
the average per capita costs by sex and diabetes status and interpolated between the age groups to
calculate average per capita costs for all ages from 0 to 100 years. Diabetes-related excess costs were
defined as costs of a person with type 1 or 2 diabetes that go beyond the costs of people without
diabetes. To project the excess costs until 2040, we multiplied the excess costs with a mean annual

growth rate of 0%, 1% or 5% depending on the respective scenario.

Total diabetes-related future costs from 2010 to 2040 were calculated as sum of the product of the
projected population sizes, projected prevalence and projected average per capita costs for each year.
Total annual excess costs are defined analogously, but include average per capita excess costs instead
of average per capita costs. Using the projected cost data, we computed annual age- and sex-specific
cost ratios (R) for people with type 1 or 2 diabetes relative to people without. The age- (a), sex- (s),

diabetes type- (d) and time-specific (t) attributable costs (PAC) were defined as

Pasdt X (Rasdt - 1)
1+ Pasdt X (Rasdt - 1)

PACqs5qr =

with p denoting the prevalence of the respective diabetes type 2. To extrapolate from the data of the
random sample (6.8 %) to the whole German population, we divided the sum of the total costs by the
sample size. The resulting year-specific quotient was multiplied with the respective population

attributable costs for each year.
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To account for uncertainty, we modelled several demographic-, diabetes- and cost-related future

dynamics. We constructed 16 scenarios motivated by previous papers from Waldeyer et al. 11, Ténnies

| 161 | 10,163

eta and Voeltz et a , who projected diabetes-related cost and prevalence in Germany for
similar time horizons (details given in Table S2). Scenario 1 represents a base-case scenario. It assumes
moderate demographic developments (variant G2L2W2) and is limited to an annual 2% decrease in
the MRR with no changes made to any other cost or epidemiological input. Scenarios 2 to 8 account
for potential epidemiological developments, scenarios 9 and 10 model the robustness of our results
concerning changes in diabetes-related costs and scenarios 11 to 15 assess hypothetical demographic
trends. Scenario 16 represents a most probable scenario assuming moderate demographic

development, a mean annual cost inflation of 1%, an annual 1% increase in the incidence and a

decrease of 2% in the MRR.

We reflect on potential error in the input values and future trends of the model parameters using the

relatively extreme scenarios 6, 7, 8, and 10 which return upper and lower projection bounds.

In the reference year 2010, average per capita healthcare expenses of people insured in the SHI in
Germany amounted to €4,285 for men and €4,889 for women with type 1 diabetes, and €3,868 for
men and €3,889 for women with diagnosed type 2 diabetes. Assuming a moderate cost growth of 1%
per year as in scenario 9 and 16, annual per capita costs reached on average €6,581 for type 1 and
€5,245 for type 2 diabetes in 2040 (Figure 1 and Additional Figure 1 in Additional file 1). Accordingly,
the increase was markedly higher when assuming an annual cost growth rate of 5% (scenario 10) to

approximately €12,057 for type 1 and €8,999 for type 2 diabetes.

All scenarios with only one exception projected rising total annual healthcare expenses over time

(Additional Table 3 and 4 in Additional file 1). In 2010, the observed total annual costs in Germany
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amounted to €1.1 and €28.8 billion for type 1 and type 2 diabetes, respectively. In 2040 and depending
on the scenario, costs were projected to exceed this by 1% to 281% for type 1 and by 8% to 364% for
type 2 diabetes (Figure 2). Our baseline scenario 1 resulted in total annual costs of about €1.5 billion
for type 1 and €60.4 billion for type 2 diabetes in 2040. The most probable scenario 16 returned total

costs of €2.2 and €79.2 billion related to type 1 or type 2 diabetes in 2040, respectively.

Most likely (scenario 16), annual healthcare expenses in 2040 will be 2.8- and 3.2-fold higher for men
and women with type 1, and 3.8- and 3.3-fold higher for men and women with type 2 diabetes
compared to an insured person without diabetes, respectively (Figure 3 and Additional Figure 2 in
Additional file 1). Generally, cost ratios were largest among younger ages and decreased with
increasing age. For people with type 1 diabetes aged between 0 and 10 years, the discrepancy is
highest, results showed 7-fold higher costs in 2010 and up to 15-fold higher costs in 2040. Regarding
type 2 diabetes, the cost imbalance between people with versus without diabetes is less high and peaks

around the age of 20 to 30 years (about 3- to 4-fold higher in 2010 and 6-fold higher in 2040).

In 2010, diabetes caused total medical excess costs of €0.3 billion for men and €0.3 billion for women
with type 1 diabetes, and €5.8 billion for men and €5.0 billion for women with type 2 diabetes
(Additional Table 3 and 4 in Additional file 1). Our base-case scenario predicted an increase to a total
of €0.8 billion for type 1 and €21.2 billion for type 2 diabetes in 2040, while scenario 16 projected

excess costs of €1.5 and €40.1 billion, respectively.

In Germany in 2010, SHI expenses amounted to ~€160 billion. On average, 3.8% and 10.2% thereof are
attributable to the medical care of type 1 and type 2 diabetes, respectively. For scenario 16 in 2040,
attributable costs of type 1 diabetes will be 7.7%, and 26.3% of type 2 diabetes. Extrapolating from our
sample to the whole population showed that this corresponds to total direct costs of €0.55 and €14.4

billion for type 1 and type 2 diabetes in 2010 and €1.1 and €37.0 billion in 2040, respectively.
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Attributable costs of type 2 versus type 1 diabetes are markedly higher (Figure 4). For type 1 diabetes,
attributable costs are highest among younger ages. Vice versa, for type 2, these increase with
increasing age. We projected slightly higher attributable costs for men compared to women with type

2 diabetes.

In Germany in 2010, direct total annual healthcare costs amounted to about €1.14 billion for type 1
and €28 billion for type 2 diabetes. Expenditures of SHI are projected to rise remarkably until 2040, to
about €1 to €4 billion and €30 to €131 billion, respectively. Our results show that the future prevalence
will increase strongest and peak around the ages of 20 to 40 years for type 1 and 60+ years for type 2
diabetes, which each represents the costliest age groups for the corresponding diabetes type. The

combination of these dynamics might explain a large part of the cost growth.

Forecasting is fraught with uncertainty as unexpected cultural, political, economic or medical shifts
may prompt change and current trends develop differently than assumed. Therefore, we assessed
several scenarios and can only speculate which scenario is most likely. Comparing all scenarios (Figure
2) showed that the cost growth is mainly attributable to rising incidence and cost rates, with little

impact of population ageing.

Generally, demographic changes had little influence on the projection. With regards to migration,
Germany reports a positive and rising migration balance since several decades making scenario 12
(assuming high migration) likelier than scenario 11 (low migration) 1%*. Population ageing, analysed in
scenario 14 versus 15, is related to an increased number of high-risk individuals and an increased life
expectancy of people with diabetes and therefore, contributes to a higher number of diseased people.
The combination of population ageing and per capita costs that increase with age might explain the

observed minor impact on future cost growth.
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The projected economic burden was highly sensitive to future cost growth rates. If direct medical per
capita excess costs would inflate by 1% annually (scenario 9), the total costs of type and type 2 diabetes
in Germany would increase by 100% for type 1 and 180% for type 2 diabetes. By contrast, assuming a
cost growth of 5% (scenario 10), total annual costs in 2040 were projected to increase by 281% and

364%, respectively.

Another large part of the rising costs is possibly explained by the increase in prevalence attributable

to future disease-specific dynamics 10161163

. Scenario 8 assumes that the age-and sex-specific
prevalence remains constant as in 2010 and results in an increase of total costs in 2040 compared to
2010 of 1% and 29% for type 1 and 2 diabetes. Though, this probably severely underestimates the
actual disease and cost burden 12161163 More realistically are changing incidence rates (as in scenario
2 to 5), which resulted in increased annual costs by 28% to 41% for type 1 and by 109% to 128% for
type 2 diabetes. Scenario 6 and 7, assuming a 5% annual increase or decrease in the incidence, account
for extreme events such as the impact of the SARS-CoV-2 pandemic, which is associated with an
increased risk of new-onset diabetes %%, |n 2040 compared to 2010, these scenarios lead to changes

of the total cost by -1% or 149% for type 1 and by 6% or 322% for type 2 diabetes. This variability

highlights the consequences of future incidence trends on upcoming healthcare expenditures.

While our analysis provides important information for chronic-disease related research, future

diabetes healthcare and policy interventions, it does have limitations.

Using mostly nationwide data, the risk of bias is considerably low. Though, one weakness of our data
arises with the time that elapsed since the data collection in 2010. The current situation might differ
and profound and unexpected shifts, such as the COVID-pandemic or the Russo-Ukrainian War, lead

to discrepancy between current and past trends.

In addition to direct medical costs, diabetes is associated with indirect social and productivity costs

such as premature mortality, disability, and higher rates of lost work time %, It is beyond the scope of
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our study because precise information on the associated indirect costs is limited. The estimation of
starting values for a projection requires additional methods and assumptions, for instance age
restrictions because indirect costs only accrue from productivity losses arising from diabetes in
working-age people 1. Resulting, uncertain estimates would render any projection intrinsically highly

speculative. We recommend future research to investigate this knowledge gap.

In spite of the high probability that costs for people without diabetes are likely to increase, they are
kept constant in our analysis due to a lack of information on their precise development. The inclusion
of doubtful cost trends might have impaired the trust in any cost estimate and its projection. Therefore,

|11

in line with Waldeyer et al. **, we focused on an excess cost approach and limited the analysis to

changes in costs of people with diabetes.

Lastly, it might seem critical that for simplicity and due to data unavailability, we assumed the same
prevalence for German inhabitants and migrants. Though, Waldeyer et al. 1! showed that the impact

of migration is negligible even when varying the prevalence.

Despite limitations, our study provides novel insights into the current and future economic burden of
the two main types of diabetes in Germany. Although, type 1 and type 2 diabetes largely differ in their

186 previous studies rarely distinguished the types of diabetes

causes, symptoms, treatment and costs
8. For the first time, we projected type-specific direct medical cost, cost ratios and attributable costs
related to the two main types of diabetes in Germany from 2010 until 2040 for both sex and all ages
between 0 and 100 years based representative national routine data. Another advantage is the use of
our forecasting model. Our method is able to reflect on temporal trends in epidemiological,
demographic and cost dynamics simultaneously, but at the same time, remains transparent, clear and
understandable in its application. Although our data and some assumptions may not be transferable,

the statistical methods can be easily applied to other countries and chronic diseases and are flexible

enough to anticipate impacts of alternative policy scenarios.
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Worldwide, studies of diabetes-related health expenditure report large disparities °8. The few existing
studies of diabetes-related costs in Germany are consistent in estimating a large economic burden, but
results are heterogeneous %%, For our base year 2010 in Germany, studies reported diabetes-related
per capita costs of €2,761 or €5,239 167168 Type-specific per capita healthcare costs associated with
type 2 diabetes were estimated at €3,352, €4,377 and €5,146 25169170 Cyrrent per capita cost estimates
issued by the International Diabetes Federation (IDF) amount to $6,661 for Germany in 2021 °8, The
studies differ largely with regards to their statistical methods, the cost components included, the
inclusion criteria and encoding for diabetes diagnosis, the type of diabetes considered and the

representativeness of their study population which renders comparison complicated if not impossible.

For Germany, only two forecasts of diabetes-related costs are available 1. One reports total annual
costs of $30-56 billion in 2030 for type 1 and 2 of diabetes 8. Due to lacking country-specific input
data, an imbalanced ratio of individuals with versus without diabetes, the assumption of constant
prevalence over time and the use of oversimplified methods, results may be overestimated. Using a
time-discrete Markov model with locally limited data from the KORA (Cooperative Health Research in

the Region of Augsburg) survey, Waldeyer et al. 1

projected total annual excess costs attributable to
type 2 diabetes of €14,93 to €29.01 billion in 2040, with a baseline scenario yielding €21.1 billion. These

findings are comparable to our baseline scenario, projecting excess costs of €21.9 billion for type 2

diabetes in 2040.

We found that the incidence and cost growth rate majorly drive future healthcare costs. This highlights
the importance of population-based prevention and the need for supporting investments and cost
policies, for instance in health infrastructure, new medications and technologies such as e-health for

increased cost-efficiency.

In Germany, type 2 diabetes accounts for about 95% of all diabetes mellitus cases and in contrast to

type 1 diabetes, can be prevented at little expense in the everyday life through cost effective and
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structured interventions '’%. To reduce the projected diabetes epidemic and its associated costs, the
government, healthcare providers and institutions should put efforts to raise awareness and to
intervene to prevent the onset of type 2 diabetes. This can be achieved through changing behaviour,
norms and structures in order to support healthy living. Although these recommendations include
upfront costs to the German government and healthcare system, we feel these investments are

necessary.

In summary, by 2040, type 1 and 2 diabetes will likely pose an even larger economic burden to the
individuals suffering from the disease, as well as to the German health system, its economy and with
that, the whole German population. Projected healthcare costs are highly sensitive to variation in cost
growth and the incidence. Better and more timely epidemiological and economic diabetes-related data
are needed in order to improve forecasting, to advance efforts at public awareness, and to support

effective management and coordinated action for preventing and preparing for this development.
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Supporting Information

The online version contains the following supplementary material provided in Additional File 1:

Additional Table 1: Overview of input data, variables and outcome measures

Additional Table 2: Overview of our projection scenarios

Additional Figure 1: Projected average annual per capita costs

Additional Figure 2: Projected cost ratios

Additional Table 3: Annual projected total costs of type 1 diabetes in Germany from 2010 until 2040

by sex (in millions)

Additional Table 4: Annual projected total costs of type 2 diabetes in Germany from 2010 until 2040

by sex (in millions)

Additional Table 5: Annual projected excess costs of type 1 diabetes in Germany from 2010 until

2040 by sex (in millions)

Additional Table 6: Annual projected excess costs of type 1 diabetes in Germany from 2010 until

2040 by sex (in millions)

The statistical analysis was carried out using the free statistical software R, version 4.1.2 (R Foundation
for Statistical Computing). The source code and most of the data for running the analysis of the current
study are published in the open-access repository Zenodo '*°. Due to regulations on data protection,
routine SHI data were only available for our study and were provided in an anonymous and aggregated
form (§5 Data Transparency Regulation, paragraph 4). Therefore, these data are not publicly available.
An ethics committee approval was not required since no individual data on humans or animals were

involved.
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Figure 1: Projected average per capita costs

Projected average per capita costs (in €) of people with type 1 or 2 diabetes in the statutory health
insurance in Germany between 2010 and 2040 (stratified by sex) assuming annual cost growth rates
of 1% or 5%. Panel A shows average per-capita costs of men with type 1 or 2 diabetes, panel B displays

the projected per-capita costs for women, respectively.

Figure 2: Projected annual total healthcare expenses

Projected annual total healthcare expenses for people with diagnosed diabetes type 1 or type 2 from
2010 until 2040 in Germany for different epidemiological, demographic or cost development scenarios.
Results for type 1 diabetes are shown in panel A (epidemiological trends), B (demographic trends) and
C (economic trends), while panel D (epidemiological trends), E (demographic trends) and F (economic

trends) display results for type 2 diabetes.

Figure 3: Projected age-specific cost ratios of the total healthcare expenses

Age-specific cost ratios of the total healthcare expenses (in €) between men and women with
diagnosed type 1 or 2 diabetes versus men and women without in the statutory health insurance in
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Germany in 2010, 2020, 2030 and 2040. Panel A and B show results for men and women with type 1

diabetes, panel C and D display the projected cost ratios for men and women with type 2 diabetes,

respectively.

Figure 4: Projected age- and sex-specific attributable costs

Age- and sex-specific attributable costs (%) of diagnosed type 1 or 2 diabetes in the statutory health

insurance in Germany in 2010, 2020, 2030 and 2040. Panel A and B show results for men and women

with type 1 diabetes, panel C and D display the projected attributable costs for men and women with

type 2 diabetes, respectively.
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Abstract. Background: In recent years, the use of non- and semi-
parametric models which estimate hazard ratios for analysing time-to-
event outcomes is continuously criticized in terms of interpretation, tech-
nical implementation, and flexibility. Hazard ratios in particular are crit-
ically discussed for their misleading interpretation as relative risks and
their non-collapsibility. Additive hazard models do not have these draw-
backs but are rarely used because they assume a non- or semi-parametric
additive hazard which renders computation and interpretation compli-
cated.

Methods: As a remedy, we propose a new parametric additive hazard
model that allows results to be reported on the original time rather than
on the hazard scale. Being an essentially parametric model, survival, haz-
ard and probability density functions are directly available. Parameter
estimation is straightforward by maximizing the log-likelihood function.
Results: Applying the model to different parametric distributions in
a simulation study and in an exemplary application using data from a
study investigating medical care to lung cancer patients, we show that
the approach works well in practice.

Conclusions: Our proposed parametric additive hazard model can serve
as a powerful tool to analyze time-to-event outcomes due to its simple
interpretation, flexibility and facilitated parameter estimation.

Keywords: Additive hazard - Parametric modeling - Survival analysis
- Time-to-event model.
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1 Background

Regression models for time-to-event outcomes are preferentially fitted by the
proportional hazard model [8]. This is surprising because the hazard ratio, which
is the generic effect estimate of that model, has been repeatedly criticized in
recent years. Most relevant points of concern were that the hazard ratio (7)
is interpretable only when mistaken as a relative risk [24], (¢2) has a built-in
selection or left truncation bias even in randomized trials [13,2,23], and (i%) is
non-collapsible [11], meaning that adjusting for a covariate that is associated
with the event will in general change the hazard ratio, even if this covariate is
not associated with the exposure. To conquer these shortcomings, parametric
survival models have been recommended as they are simpler, more informative,
more robust, and have hazard, survival and probability density function directly
available [20,17].

A hazard-based model that does not suffer from the above mentioned prob-
lems is the additive hazard model introduced by Aalen [1]. Results from additive
hazard models can be translated to a relative survival scale which is, for exam-
ple, routinely used in cancer epidemiology when a cohort of cancer patients is
compared to the general population in terms of expected survival [10]. More-
over, recent works showed that parameters of the additive hazard model do
not suffer from non-collapsibility [18], at least when defined in continuous time
[22]. However, the Aalen model is rarely used in applied research because it as-
sumes a non-parametric hazard as well as time-dependent covariates. Of course,
these properties give large flexibility in modeling, but also complicate parame-
ter estimation considerably. In addition, Bradburn et al. [4] state that ”[...] the
model coefficients are not easy to understand, and as they change repeatedly
over time, can offer no single quantifiable effect size.” As a partial solution for
that problem, Lin et al. [16] proposed an additive hazard model for (constant,)
time-independent, covariates, but still use a semi-parametric hazard which may
require lengthy computations for some statistical standard software [21].

As a remedy, in this article we combine the additive hazard model with
time-independent (, i.e., constant) covariates and a parametric assumption for
the baseline hazard. This will result in a number of advantages in terms of in-
terpretation, possible model extensions, and also enables parameter estimation
using every software that allows maximizing a hand-coded likelihood function.
We proceed by introducing the formal notation and deriving the model’s equa-
tions in Section 2. Then, we report the settings of our simulation study in Section
2. We illustrate the model using a study which investigated provision of medical
care to lung cancer patients in the eastern part of Germany [3] and present all
results in Section 3. Finally, we conclude with a discussion (Section 4).
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2 Methods

Parametric additive hazard model

We start with the assumption that the hazard h,(¢) with covariate vector = at
time ¢ can be expressed as

he(t) = hog(t) + 28, M

with a parametric baseline hazard function hgg () which is independent of
the covariates. The parameter f denotes the distribution parameters, which differ
in terms of number and commonly used notation depending on the choice of the
baseline distribution. The parameters 3 are regression coefficients that measure
the additive impact of covariates.

Using the well-known relations between hazard, probability density function
(pdf) (f(#)) and survival function S(%), the corresponding pdf of model (1), f,(¥),
can be expressed in terms of the baseline pdf fo(t), the baseline survival function
S0,6(t), and the covariates by

Jo(t) + 28500 (t)
exp(tzf)

The complete derivation of the additive hazard model equation in terms of the
pdf can be found in Additional file 1.
The corresponding survival function S, (¢) is given by

SO,G (t)
exp(tz;f)

with F,(¢) denoting the cumulative distribution function (cdf).

Using an additive hazard regression model allows to estimate relative survival
instead of hazard ratios [26]. Contrarily to hazard ratios, which quantify the av-
erage or constant effect of covariates on the hazard function, relative survival
measures the cumulative effect of covariates on the relative survival probability.
Within this context and in case * = 0 represents the absence of disease, the
relative survival probability can be interpreted as the observed survival proba-
bility of the population studied, divided by the expected survival probability if
the population was free of the disease of interest. Using (3), we can confirm the
relative survival interpretation of our additive hazard model:

fa (t> — (2)

8,(t) = =1-F(), ®)

So,5(t)
_ exp(tzf) _ 1 . (4)
So,6(t) So,6(t) exp(tzf3)

It should be noted that this relative survival interpretation is independent of the
baseline distribution.

The likelihood function for the model can be derived by accounting for the
fact that observations with an event contribute the logarithm of the pdf, and
censored observations the logarithm of the survival function [6]. The contribution

Se (t)
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of a single observation ¢ (¢ = 1,...,N) with covariate vector z; and observation
time ¢; to the log-likelihood function ¢; is therefore

£ = (1 = &;) log(fe, (t:)) + dilog(Se, (t:))

= (1-6;)log <W) +éilog (%)

= (1 —d5)(log(fo(t:) +x:8 50,6 (1) (ts)) — tsxsB) + 0;(log(S0,6(t) (t:)) — tszsh).

&; is the censoring indicator with é; = 1 if an observation is censored, and
4; = 0if an event has been observed. Parameter estimation is straightforward by
maximizing the log-likelihood function with respect to the unknown regression
coefficients 8 and the parameters of the assumed baseline distribution. Each
software that allows coding and maximizing such function, as for example SAS
via the NLMIXED procedure or R via the optim-function, can be used to this
task.

For practical application, it is possible to assume a wide range of baseline dis-
tributions, including for example the Exponential, Weibull, Gamma, Gompertz,
Log-Normal and Log-Logistic distribution. For instance, assuming the Weibull
distribution as baseline distribution and including a covariate z;, the cdf is then
given by:

Foult) =1— 8, (6) =1 —exp (— ( L )QWB - tmﬂ) B

bw B

Alternatively, using a Log-Logistic distribution as baseline distribution, this

leads to
brr -1
i
aLL> + 1>

Fo(t)=1—8,(t:) =1— << exp(t:ziB)

awp,bwn,arr and by denote the distribution-specific parameters.

Results from applying the different baseline distributions can be compared
via model selection criteria as the AIC or BIC. Parameters of main interest are
finally the estimated regression coefficients and suitable transformations of the
distribution parameters that have more intuitive interpretations, as the baseline
mean or median of the assumed distribution.

©)

Simulation Study

To evaluate the parametric additive hazard model, we conducted a simulation
study. For comparison, we included the semi-parametric additive hazard model
of Lin et al. [16]. The simulation study was implemented using R (version 4.1.2),
the full code is publicly available on Zenodo [25].
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Setting Our parameter settings were motivated by the Halle Lung Carcinoma
(HALLUCA) study which we also use as exemplary application in Section 3 [3].
The data from the HALLUCA study has been used in previous work proposing
an extension of relative survival models for clustered responses [15] and are also
suitable for our purpose. Accordingly, we focused on simulating a single binary
covariate which can be interpreted for example as exposure in an observational
study. Survival time is measured beginning with the day of diagnosis of lung
cancer. As true underlying models used for data generation we assumed (¢) the
Weibull additive hazard model and (é¢) the Log-Logistic additive hazard model as
shown in equation (5) and (6). The true parameters of the distributions equaled

their estimates from the HALLUCA study

— with awp = 0.86,byp = 1.77 for the Weibull distribution, and
— with ary, = 1.06,brr = 1.14 for the Log-Logistic distribution.

In addition, we varied the number of participants per study which were set to
50 or 200. Moreover, we distinguish between a smaller number of observed events
per study of 60% (40% censoring) and a higher number of 80% observed events
(20% censoring). Further, we evaluated the true effect of the binary covariate

for 3=0,8=0.8and 8 =1.6.

Data generation Combining all parameters led to 24 different settings, i.e., 12
settings for each of (¢) and (22), for which data were generated. For every setting,
we simulated 1000 data sets. Participants of each study were randomly allocated
into two groups, as indicated by the binary covariate to which the finally esti-
mated regression coefficient 8 corresponds. We assumed that our two groups are
of equal size. Survival times for each participant were generated from the true
underlying distribution using inverse transform sampling. In case the covariate
takes the value of zero, the cdf F,(¢;) from which we had to sample simply
equals the Weibull or Log-Logistic distribution. Contrarily, if the covariate takes
a value of one, the procedure is less trivial. In that case, it is not possible to
invert the cdf analytically and we used numerical inversion to obtain random
numbers from the respective function [5]. The likelihood of whether a study
participant experienced an event or if the event is censored was generated from
a Bernoulli distribution with respective success probability. To guarantee unin-
formative censoring, we multiplied the original survival time with a uniformly
distributed random number in case the observation was censored.

Estimation methods and outcomes For parameter estimation we used the
Weibull and Log-Logistic additive hazard model. The corresponding likelihood
functions were manually coded and implemented in the statistical software R.
Optimization was done using the optim-function. True parameter values served
as starting values for this procedure. As described above, we also applied the
semi-parametric additive hazard model of Lin et al. [16] as comparative model.
For this aim, we used the R-package addhazard where the Lin and Ying model is
already implemented. Outcome of primary interest was the estimated regression
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Setting Our parameter settings were motivated by the Halle Lung Carcinoma
(HALLUCA) study which we also use as exemplary application in Section 3 [3].
The data from the HALLUCA study has been used in previous work proposing
an extension of relative survival models for clustered responses [15] and are also
suitable for our purpose. Accordingly, we focused on simulating a single binary
covariate which can be interpreted for example as exposure in an observational
study. Survival time is measured beginning with the day of diagnosis of lung
cancer. As true underlying models used for data generation we assumed (¢) the
Weibull additive hazard model and (é¢) the Log-Logistic additive hazard model as
shown in equation (5) and (6). The true parameters of the distributions equaled

their estimates from the HALLUCA study

— with awp = 0.86,byp = 1.77 for the Weibull distribution, and
— with ary, = 1.06,brr = 1.14 for the Log-Logistic distribution.

In addition, we varied the number of participants per study which were set to
50 or 200. Moreover, we distinguish between a smaller number of observed events
per study of 60% (40% censoring) and a higher number of 80% observed events
(20% censoring). Further, we evaluated the true effect of the binary covariate

for 3=0,8=0.8and 8 =1.6.

Data generation Combining all parameters led to 24 different settings, i.e., 12
settings for each of (¢) and (22), for which data were generated. For every setting,
we simulated 1000 data sets. Participants of each study were randomly allocated
into two groups, as indicated by the binary covariate to which the finally esti-
mated regression coefficient 8 corresponds. We assumed that our two groups are
of equal size. Survival times for each participant were generated from the true
underlying distribution using inverse transform sampling. In case the covariate
takes the value of zero, the cdf F,(¢;) from which we had to sample simply
equals the Weibull or Log-Logistic distribution. Contrarily, if the covariate takes
a value of one, the procedure is less trivial. In that case, it is not possible to
invert the cdf analytically and we used numerical inversion to obtain random
numbers from the respective function [5]. The likelihood of whether a study
participant experienced an event or if the event is censored was generated from
a Bernoulli distribution with respective success probability. To guarantee unin-
formative censoring, we multiplied the original survival time with a uniformly
distributed random number in case the observation was censored.

Estimation methods and outcomes For parameter estimation we used the
Weibull and Log-Logistic additive hazard model. The corresponding likelihood
functions were manually coded and implemented in the statistical software R.
Optimization was done using the optim-function. True parameter values served
as starting values for this procedure. As described above, we also applied the
semi-parametric additive hazard model of Lin et al. [16] as comparative model.
For this aim, we used the R-package addhazard where the Lin and Ying model is
already implemented. Outcome of primary interest was the estimated regression
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coefficient 3 as this parameter is estimated by the parametric as well as by the
semi-parametric model. The estimated parameters were compared in terms of
bias, mean squared error (MSE) and empirical coverage. Moreover, we identified
the number of converged simulation runs to assess numerical robustness.

3 Results

Simulation Study

In reporting the results of the simulation study, we confine ourselves to the out-
come of main interest, the estimated regression coefficient 3. In the following,
we give a brief overview of the results concerning bias, MSE, empirical cover-
age and numerical robustness. The complete simulation results can be found in

Appendix IT to V of the Additional file 1.

Bias Appendix II of the Additional file 1 provides the numerical results in terms
of bias. Figure 1 illustrates the corresponding estimates. If the estimated addi-
tive hazard model is consistent with the true underlying distribution, we observe
the best performance, i.e., smallest median bias, with some exceptions. Further,
also considering that the estimated additive hazard model is consistent with the
true underlying distribution, the additive hazard model slightly outperforms the
semi-parametric model by Lin and Ying. This holds true for all estimated mod-
els, leading to a bias between —0.35 and 0.17. For most settings, the treatment
effect is slightly underestimated which leads to a negative bias. The observed
underestimation also holds for the Lin-Ying model which results in underesti-
mation in more than 65% of all cases. We observe a change in the sign of the bias
for settings where the Weibull-model is estimated using the new additive hazard
model and relying on data that was generated via a Log-Logistic distribution.
This underlines that in these settings the Weibull distribution is not an appro-
priate choice for modeling data that follows a Log-Logistic distribution, and an
alternative choice of the underlying distribution should be made. The most ex-
treme positive bias of 0.17 is observed for the estimated Weibull model when
the Log-Logistic distribution, a true 8 of 0.8, 20% censoring and 200 patients
were assumed for data generation. The most extreme negative bias of —0.35 is
observed for the estimated Weibull and Log-Logistic model in the setting with
data generated from the Weibull additive hazard model, a true B of 1.6, 40%
censoring and 200 observations per sample. Generally, when data was generated
assuming a Weibull distribution, all three models perform similarly. Though, if
a Log-Logistic distribution is assumed as true, the estimated Log-Logistic and
Lin-Ying model perform similarly, while results from the Weibull model slightly
differ. The number of participants modeled per study minorly influences the
median bias. The variability of the bias is smaller for higher numbers of observa-
tions (200 versus 50). Furthermore, the estimated models are sensitive towards
the true value of 8, where generally the bias is closer to zero and its variability
is reduced for smaller values of 8. In most cases, the bias is smaller in settings
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with more events (80% compared to 60%). With regards to the Weibull model,
this only holds true if the estimated and true distribution are consistent.

WB LL LY
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)
o
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o
o
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LLAH_1.6_50_0.8

Bias of estimated R

Fig. 1. Box plots ol estimaled median bias for the regression cocllicient # over 1000
simulations [or cach sciting. Y-axis denotes cach setling with an 1D consisting of the
abbreviated true model (WBATT — Weibull additive hazard, LLAIT — Tog-Logistic
additive hazard), the true 8, the number of participants per study and number of
events (e.g., Weibull additive hazard model, true 8 0, number ol patients 50,
number of evenls — 60% results in "WBALL0.50_0.6"). Leflt-most plot shows results
for the Weibull (WB) additive hazard model, middle plot shows results lor the Log-
Logistic (LL) additive hazard model and right plot shows results for the Lin-Ying (TY)
model.

MSE Appendix III of the Additional file 1 shows the detailed results with
regards to the MSE. Figure 2 visualizes the findings. Generally, there are hardly
any differences for the MSE across the three estimated models for the respective
settings. In some settings we observe an MSE of 0.00. These results indicate that
the model works very well at minimum in these contexts. Contrarily, we observe
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a maximum error of 0.45 for the Lin-Ying model in one setting (true model based
on Log-Logistic distribution, true 8 = 1.6, number of observations = 50, number
of events 60%). As for the bias, in most cases the MSE is slightly smaller when the
estimated model is consistent with the true underlying distribution. For almost
any setting, it holds true that the median MSE of the Weibull and Log-Logistic
model is better than the MSE of the respective Lin-Ying model. The MSE seems
to be negatively correlated with the number of participants per study, as for
settings with 200 observations per sample (versus 50 observations) the MSE is
smaller. Similar results are found with regards to the assumed number of events:
the MSE decreases when more events (80% compared to 60%) are observed.
Furthermore, for larger values of 3, the MSE and its variability increase for each
of the estimated models.

Empirical coverage Appendix IV of the Additional file 1 provides detailed re-
sults about the models’ empirical coverage. Figure 3 illustrates the corresponding
estimates. In terms of empirical coverage (on the 95% level), the performances
of the three estimated models are relatively similar with some exceptions for a
handful of settings. For the majority of the settings, the models again perform
best when the estimated model and the true underlying distribution are equal. If
the distributions are consistent, the Weibull and Log-Logistic model mostly out-
perform the Lin-Ying model, respectively. Overall, the empirical coverage often
falls below 95%. Precisely, this is the case for 75% of the settings for the Weibull,
for 71% of settings for the Log-Logistic and for 71% of all settings for the Lin-
Ying model. The highest coverage of 100% is observed for the Log-Logistic model
when data was generated from a Log-Logistic distribution with 2 equal to 0, 60%
events and 200 observations. On the other hand, the smallest coverage of 57.7%
is observed for the Log-Logistic for data generated from a Weibull distribution
with 8 equal to 0, 80% events and 200 observations. Similar to bias and MSE,
results depend on the true value of 5. Coverage results for the estimated models
seem to improve when 3 is closer to zero. With regards to the number of events,
results correlate positively with the event probability. Precisely, coverage results
improve in settings where the event probability is higher (80% versus 60%). The
number of participants per sample seems to have a slight influence on coverage
results. However, the correlation of coverage and sample size is less clear for all
three models compared to the correlation of the bias and study size.

Numerical robustness Appendix V of the Additional file 1 shows the results
concerning the models’ convergence. The numerical robustness is very satis-
factory for all estimated time-to-event models. The Lin-Ying model performs
most stable in terms of numerical robustness, always returning 1000 converged
simulation runs. With respect to the Weibull model, the results are also very
satisfactory. Only for two settings where data was generated from a Log-Logistic
distribution, the model converges for 999 instead of 1000 simulation runs. The
Log-Logistic model performs slightly less numerically robust with a minimum
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Fig. 2. Box plots of estimated median mean squared error (MSE) for the regression
coefficient 3 over 1000 simulations for each setting. Y-axis denotes e setting with an
1D consisting of the abbreviated true model (WBATT  Weibull additive hazard, LLATT

Log-Logistic additive hazard), the true 3, the number of participants per study and
number of events (e.g., Weibull additive hazard model, true 3 = 0, number of patients
= 50, number of events = 60% results in "WBAH_0.50_0.6"). Left-most plot shows
results for the Weibull (WRB) additive hazard model, middle plot shows results for the
Log-Togistic (T.I) additive hazard model and right plot shows results for the Lin-Ying
(LY} model.

of 983 converged runs. In 75% of the settings, the Log-Logistic model achieves
convergencee for all 1000 generated data scts.

Example: The HALLUCA study

For illustration purposes, we used data from the HALLUCA study, an epidemi-
ological study that investigated medical care for lung cancer patients in the
region of Halle (Saale) in the castern part of Germany [3,25]. In the HALLUCA
study, a total of 1696 lung cancer patients were observed between April 1996
and September 2000. 1349 patients (79.5%) died until the end of follow-up. The
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Fig. 3. Bar plot showing relative frequency of coverage for the regression coefficient 3
over 1000 simulations for each setting. Y-axis denotes each setting with an 1) consisting
of the abbreviated true model (WBATT — Weibull additive hazard, LLATI  Tog-
Logistic additive hazard}, the true 3, the number of participants per study and number
of events (e.g., Weibull additive hazard model, true 8 = 0, number of patients = 50,
number of events = 60% results in "WBAH_0.500.6"). Teft-most plot shows results
for the Weibull (WB) additive hazard model, middle plot shows results for the Tog-
Logistic (L) additive hazard model and right plot shows results for the Lin-Ying (1Y)
model.

median survival time in the population was 284 days (0.78 years). For the anal-
ysis reported here, we focused on a dichotomized version of the TNM-scale for
the classification of malignant tumors as a predictor, where 739 patients had a
TNM-scale of IIIb or smaller (TNM < IV), and 621 paticnts had a TNM-scale
of IV (TNM IV). The 336 remaining patients for whom the TNM-scale was not
reported, were deleted. The starting point for survival definition relates to the
day of diagnosis of lung cancer.

The Kaplan-Mcicr cstimates for the two TNM classes and the cstimated
survival probabilities using the parametric additive hazard model with varions
distributions are given in figure 4. For the reference group (TNM < [V), for which
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we can estimate the parametric baseline distribution, the observed mean survival
time is 1.69 years (95% confidence interval [1.58; 1.81]). The observed median
survival time is 1.10 years [0.96; 1.24]. The figure shows that the estimated
survival curves from the additive hazard model fit well with the Kaplan-Meier
curves. For an increasing time ¢ there are greater differences between the curves,
especially for the Exponential, Weibull, Gamma and Gompertz model. However,
for the Log-Normal and Log-Logistic distribution the fit is also quite well for
larger survival times.

Exponential Gamma

1.0
0.8 4
0.6
0.4
0.2 4
0.0 H

Gompertz Log-Logistic

Survival probability
00000~
ON_BO®OO
T T

Log-Normal Weibull

1.0 -
0.8+

0.4
0.2+

T T
0o 1 2 3 4 50 1 2 3 4 5
Time (in years)

—— TNM<IV
~———— TNM IV

Fig.4. Estimated survival probabilities from the parametric additive hazard model
using different distributions compared to the Kaplan-Meier curves

In table 1, the results of the additive hazard model for six different bageline
distributions are given. All models include a single binary covariate TNMIV,
with (TNM < IV) being the reference group. Thus, we model the additive haz-
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ard of being in TNM stage IV. To compare the model fit, we also report the
Bayesian information criterion (BIC), where a smaller value indicates a better
fit. The estimated regression coefficients for TNMIV show that being in stage
IV increases the hazard by approximately 0.8. Being in an additive setting, the
estimated S-value is added to the baseline distribution. That means being in
the worse tumour group, the risk of dying rises because our model describes
by how much the risk of dying changes in additive manner, not multiplicative.
Alternatively, the coefficient could be interpreted in absolute terms, saying that
when observing 100 people for one year, there are an additional 80 deaths among
cancer patients in TNM class 4 compared to those with a lower TNM class. The
results change slightly depending on the different distributions. Overall how-
ever, estimates from the parametric models are similar. In terms of the BIC,
the Log-Logistic, Weibull and Gamma model fit best, returning almost identical
parameter estimates and confidence intervals for Srymrv. With respect to the
baseline location measures, the differences between the distributions are rather
large, ranging from 1.77 to 7.90 for the baseline mean, and from 1.06 to 1.22 for
the baseline median. For example, for the Log-Logistic approach, the model with
the best BIC, we get a large baseline mean of 7.90 with a broad 95%-confidence
interval of [3.39; 12.40]. With reference to figure 4, this can be explained by the
flat survival curves at the end of the prediction range. Therefore, the baseline
mean is necessarily larger with a broader confidence interval. However, regarding
the baseline median, the Log-Logistic model yields an estimate of 1.06 which is
in line with the empirical median of 1.10 from the Kaplan-Meier approach. The
same holds true for the Log-Normal and Weibull model which achieve estimates
that are also close to the empirical median.

Table 1. Estimates for the HALLUCA data set with 95% confidence intervals

No. of
Distribution | Stnmrv Baseline Mean Baseline Median |distribution |BIC

parameters
Exponential [0.84 [0.72; 0.97] [1.77 [1.62; 1.92] [1.22 [1.12; 1.33] |1 2441.9
Weibull 0.78 [0.65; 0.91] |1.91 [1.70; 2.11] |1.15 [1.03; 1.26] |2 2427.1
Gamma 0.79 [0.67; 0.92] |1.85 [1.66; 2.03] |- 2 2431.8
Gompertz |0.84 [0.72; 0.97] |- 1022 [1:12:1.33] [2 2449.3
Log-Normal [0.80 [0.68; 0.92] [3.44 [2.75; 4.13] [1.07 [0.95; 1.19] |2 2450.3
Log-Logistic |0.78 [0.65; 0.91] |7.90 [3.39; 12.40] |1.06 [0.94; 1.18] |2 2417.6

Figure 5 compares the relative survival probability from the parametric addi-
tive hazard model assuming different baseline distributions. The relative survival
curves, taken as the ratio of survival in a group of individuals with TNM stage
IV in comparison to the survival of a corresponding population with TNM <
IV (see (4)), are rather similar between the various baseline distributions. It can
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easily be seen that survival strictly decreases over time, with a relative survival
probability almost equal to zero after five years.
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Fig. 5. Relative survival probabilities from the parametric additive hazard model using
different distributions. The gray shaded area depicts estimated confidence intervals.

4 Discussion

In this article, we propose a new parametric additive hazard model for time-
to-event outcomes. Generally, parametric survival models are advisable as they
are simpler, more informative and robust than non- or semi-parametric models
[19,9,7]. In addition, they have hazard, survival and probability density functions
directly available. We showed that the model is valid from a theoretical point
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of view. Further, in a simulation study as well as for an example from lung
cancer research, we demonstrated that the model showed that the model works
in practice. Convincingly, our proposed model can be implemented using any
standard software that allows coding and maximizing a likelihood function. The
corresponding SAS and R codes of our applications are publicly available on
Zenodo [25].

The facilitated interpretation of our model is one of its most convincing ad-
vantages and is important for example from a clinical point of view. For instance,
allowing to communicate outcomes of the additive hazard model in relative and
absolute terms increases the comprehensibility of its results. Moreover, including
time-independent (constant) covariates, our approach is advantageous over the
additive hazard model of Aalen, since there, model coefficients often are difficult
to understand as they change repeatedly over time and cannot be summarised
easily. Furthermore, by modeling regression coefficients and distribution parame-
ters that have more intuitive interpretations, our approach overcomes interpreta-
tional, mathematical and technical problems that arise when estimating hazard
ratios as generic effect estimates. For practical application, several different dis-
tributions such as the Exponential, Weibull, Gamma, Gompertz, Log-Normal
and Log-Logistic distribution can be implemented and compared via model se-
lection criteria as the AIC or BIC. Moreover, parameter estimation of our model
by the maximum likelihood principle is straightforward and can be accomplished
with standard statistical software that allows for maximizing a likelihood func-
tion. Additionally, the proposed model is highly flexible in terms of possible
extensions such as modeling correlated data by including random effects in the
linear predictor, modeling non-linear covariate effects by splines, or by specifying
baseline distributions that have more than two parameters. Maximum flexibility
with respect to the baseline distribution can be obtained by using a piecewise-
constant model, i.e., by dividing the observation period a-priori into intervals
and assuming an exponential distribution in each of these intervals.

Evidently, there are some limitations with regards to our simulation study.
The simulation was motivated by a real-world data example and thus offers a re-
alistic setting, which we varied in a certain range of potential scenarios. However,
these scenarios consider relatively small sample sizes and also rather moderate
number of events. Consequently, it is not unlikely that the results of all models
investigated in the simulation are biased in a certain extent and no optimal solu-
tion was found. For practical application, it should be considered positively that
the treatment effect is more likely to be underestimated (versus overestimated).
Thus, slightly biased inference in practical research may be less problematic than
in a case of overestimation. Relying on the asymptotical properties and a cor-
rect implemented maximum likelihood estimation, we are confident that with an
increased number of events and larger sample sizes, i.e., larger number of par-
ticipants per study, the bias and its variability would asymptotically approach
0. Further, in practical research, it would evidently be an option to tune the
parameters and settings of software functions used in the estimation to increase
robustness and ensure convergence. In sum, further proofs and investigations
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of other settings and data examples, asymptotic properties and comparisons to
other existing methods are necessary to confirm our findings. Yet, we are con-
fident that our proposed additive hazard model can be used (with caution) in
applied settings.

With regards to the weaknesses of the proposed additive hazard model, our
method suffers from the drawbacks that limits parametric versus semi- or non-
parametric models. Non-parametric approaches generally require fewer assump-
tions about the data. Therefore, these may prove better when the true distribu-
tion is unknown and/or cannot be easily approximated. Vice versa, parametric
methods are inherently dependent on the distribution chosen for estimation and
on the assumption that this distribution is correctly specified. Further, it must
be noted that parametric procedures require starting values for the optimization
which may sometimes be complicated or problematic to define in practice. In
case a distribution can be confidently specified to the data, parametric mod-
els will usually be more informative than semi- or non-parametric approaches.
However, if this is not the case and the assumed distribution is false, results
and conclusions are likely to be biased. For practical application, we recommend
that the choice of the baseline distribution should be based on evidence from
literature and previous research. However, if this is not applicable, and selection
criteria such as the BIC or AIC is used for a data-based decision, this must be
acknowledged in the reporting of the study and should be critically discussed.
In that context, users should be cautious with any interpretation and should
be are aware that confidence intervals for instance are potentially estimated too
narrow. Besides, and by definition, our model assumes that the covariates act
in an additive way to the baseline hazard function. Apparently, this assumption
may be doubtful in some applications and in that case, other models may be
more appropriate.

With regards to the framework of phases of methodological research Heinze
et al. [12], the proposed additive hazard model currently belongs to early stages
of methodological development, i.e., phase [ or II. The aim here was to introduce
a new idea, as well as to demonstrate its validity and its potential to improve on
existing methods. Into the bargain, we derived the new methodological idea while
providing, logical reasoning and proofs of empirical evidence through a real-world
data example and a simulation study in a (yet) relatively narrow but suitable
target setting. Carefully planned method comparison studies that investigate
the model in future works could advance the proposed additive hazard model
to later stages of methodological development and would be of great value for
future users and the scientific community as a whole. Therefore, there is a need
for future studies that explore the empirical properties of our model in a wider
range of problems, highlight its advantages and limitations, and possibly uncover
previously unknown behavior (e.g., in simulations with wide range of scenarios
and different outcome types and realistic or complex comparative example data
analyses).
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5 Conclusion

To summarize, the proposed parametric additive hazard model can serve as
a powerful tool to analyze time-to-event outcomes. By definition, it simplifies
interpretation, facilitates parameter estimation and permits greater flexibility
than most existing and commonly used methods.
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Abstract

The development of methods for the meta-analysis of diagnostic test accuracy (DTA) studies is still an active
area of research. While methods for the standard case where each study reports a single pair of sensitivity
and specificity are nearly routinely used today, there is a lack of recommendations which method should
be used to meta-analyze ROC curves. This situation is more complex, as each DTA study may report on
several pairs of sensitivity and specificity, each corresponding to a different threshold. Various methods
have been published to accomplish this task and their applicability to analyze real-world data has already
been shown. However, no simulation study exists that systematically compares different approaches with
respect to their performance in various scenarios when the truth is known. In this article, we aim to fill this
gap and show the results of a simulation study that compares three frequentist approaches for the meta-
analysis of ROC curves. We assessed different scenarios that are motivated by an example from medical
research. All three approaches worked partially well. The approach by Hoyer and colleagues was slightly

superior in most scenarios and is recommended in practice.

Key words: Diagnostic test accuracy studies; Meta-analysis; Multiple thresholds; ROC curve; Simulation

study.

Word count: 4552
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1. Introduction

Systematic reviews in medical research aim to summarize the results of individual studies and thus to
create a common body of evidence using meta-analysis. Diagnostic test accuracy (DTA) studies aim to
evaluate how well a diagnostic test (for example, a score, a biomarker, or an imaging parameter) correctly
distinguishes between two groups which are characterized by having a certain target condition of interest
(for example, a disease) or not. This results in a bivariate outcome, which is composed of the probability of
a positive test result for the individuals with the target condition (the sensitivity) and the probability of a
negative test result for the individuals without the target condition (the specificity). Methods for bivariate
meta-analyses of DTA studies were developed some time ago, the most well-known approaches being
those of Rutter and Gatsonis (2001) and of Reitsma et al. (2005) and Chu and Cole (2006). These approaches
take heterogeneity and correlation between individual studies that result from different threshold values
across studies into account. However, they do not explicitly consider study-specific threshold values.
Therefore, asummary receiver operating characteristic (SROC) curve cannot uniguely be estimated (Arends
et al., 2008). Furthermore, these approaches do not allow considering several and different numbers of

threshold values per study.

To overcome these limitations, special approaches have been developed: a two-stage random-effects
model by Steinhauser et at. (2016}, a time-to-event model by Hoyer et al. (2018), a Bayesian model with
multinomial likelihoods by Jones et al. (2019), and a semiparametric model by Fromke et al. (2022). Zapf et
al. (2021) demonstrated, using a meta-analysis on the evaluation of the diagnostic accuracy of a biomarker
for the detection of acute kidney injury (Albert et al., 2018), that these four methods may lead to different
results. The differences in threshold-specific estimates of sensitivity and specificity were partly
considerable (up to 43% difference in specificity). By contrast, Benedetti et al. (2020), comparing the
methods by Steinhauser and Jones to the standard bivariate approach for investigating the diagnostic
accuracy of the Patient Health Questionnaire-9 (PHQ-9) depression screening tool, found no large
differences between methods. Since in a real data example the truth is not known, no recommendation

could be made which approach should be used in practice and under which circumstances.

This motivated us to conduct a simulation study that allows for a fair comparison of the frequentist
approaches by Steinhauser et al. (2016), Hoyer et al. (2018), and Fromke et al. (2022) under various
scenarios where the ground truth is known. We do not consider the approach by Jones et al. (2019), as it
is a Bayesian approach and the author informed us that the run times would be too large to make the
method feasible for our simulation study (Hayley Jones, personal communication). We finally aim to give
recommendations which method should be used in which situation. In Section 2, the meta-analysis
approaches are briefly presented. Section 3 describes the simulation study in detail. The results are
presented in Section 4 and discussed in Section 5. In Section 6 we summarize the results and make

recommendations.
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2. Methods

This section briefly introduces the different approaches that are compared. For more details, we refer to

the original publications.

2.1 Notation

We index the studies in a meta-analysis by k =1, .., N and the true disease status of the participants by d
=0 (individuals without the target condition, “non-diseased”) and d =1 (individuals with the target
condition, “diseased”). The number of diseased and non-diseased individuals in study k is denoted by ngq.
Individual study participants are indexed by s =1, ..., ngg. The exact result of the continuous diagnostic
test per individual s in disease state d in study k is labeled Xyq4s. Different diagnostic thresholds given by
the single studies are indexed by i =1, .., ty. The numerical threshold values that correspond to these

indices are denoted by ¢y;.

The diagnostic test is finally evaluated in terms of the two measures sensitivity (se) and specificity (sp).

2.2 The random effects model by Steinhauser et al. (2016)

Steinhauser et al. (2016) proposed a two-stage random effects model for the meta-analysis of diagnostic
studies accounting for varying thresholds. They assumed at the study level that, for each value of the
threshold, the observed sp and 1 — se is transformed based on an appropriate quantile function f. In line
with Zapf et al. (2021), we used a log-transformation of the threshold values and the logit-function for f,

defined as

logit(x) = log(x) —log(1 —x) . (1)

At the meta-analysis level, a linear mixed model is applied to fit the resulting values across studies. For our

simulation study and conforming to Zapf et al. (2021), we used the model given by

logit(spx:) = ao +aok + (Bo +boi) l0g (i) + €1 (2)

logit(1 - sey) = ar+ ayy + (B1+ bui) log (c+ Sk (3)

This model corresponds to the assumption of log-logistic distributions for Xyos and Xgis. The crude

estimates of the observed values of sensitivity and specificity at threshold ¢y; in study k are denoted by
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Sey; and SPy;. The terms g and @ represent fixed intercepts, whereas g and 1 are fixed slopes in the
group of diseased and non-diseased participants, respectively. Random intercepts and slopes are denoted
by Qow @1k bok, and bix. They are assumed to follow a common four-dimensional normal distribution,
allowing for correlation across studies. &; and Jy; are the within-study random error terms. Data points
are weighted using the inverse variance of the corresponding logit-transformed proportion. Model-based
distribution functions for the diseased and non-diseased are then provided by back-transforming the fixed
effects. Finally, the obtained distributions are used to estimate the summary ROC curve with pointwise

confidence regions. The area under the curve (AUC) can be obtained by applying the trapezoidal rule.

The model is implemented in the R package diagmeta (version 0.5-0, Riicker et al., 2022) in the freely

available software environment R (R Development Core Team, 2021).
2.3 The time-to-event model by Hoyer et al. (2018)

The model developed by Hoyer et al. (2018) can be embedded in the class of time-to-event models. The
central idea is that the diagnostic test values can be assumed to be interval-censored as it is only known if
these values (and how many of them) lie above or below a predefined threshold. To model the interval-
censored diagnostic test values, it is possible to assume various distributions (Hoyer and Kuss, 2020), for
example, the Weibull, log-normal or log-logistic distribution. According to time-to-event models, the
‘events’ of interest in the setting of diagnostic accuracy studies are to be tested positive or negative in the
population of diseased or non-diseased, respectively. In addition, the diagnostic test values indicate the
‘time’ scale. Sensitivity and 1-specificity are then the event probabilities in the population of diseased and
non-diseased, respectively. The outcome of interest, i.e. the diagnostic test values, is log-transformed
which leads to an accelerated failure time model with a unified linear predictor. Formally, the model is

given by
log(xx0) = bo + &0 + xo(4)

log(xg1) = b1+ &1+ U (5)

with

i 2
()~ w0 [k, Po]o

Location parameters after the log-transformation of the outcome are denoted by by and by, & and &
indicate error terms with distributions corresponding to the log-transformed diagnostic test values xg and

X1 in the population of non-diseased and diseased, respectively. Study-specific random effects tgo and
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Uy are assumed to be bivariate normally distributed with correlation parameter p and variances dé and
o%. The random effects are included to account for potential between-study heterogeneity and
correlations. They are added to the location parameters after log-transforming the outcome. Finally,
sensitivities and specificities are predicted at several thresholds based on the estimated survival function

leading to the SROC curve. The related AUC is estimated using the trapezoidal rule.

The approach was originally implemented in SAS (SAS Institute Inc., Cary, NC, USA). Source code is
available in Hoyer et al. (2018).

2.4 The semiparametric model by Frémke et al. (2022)

Fromke et al. (2022) proposed an alternative semiparametric approach for the meta-analysis of diagnostic
test accuracy studies that explicitly avoids the assumption of parametric distributions of the test values in
the population of diseased and non-diseased. Essentially, the model is an extension of a nonparametric
method for diagnostic studies (Konietschke and Brunner, 2009), which was transferred to meta-analysis of

diagnostic accuracy studies (Zapf et al., 2015).

In terms of the semiparametric approach by Fromke et al. (2022), the AUC equals the relative measure

1
p = P(Xpos < Xpas) + 3P (Xros = Xg1s). The AUC is estimated by replacing all measurements Xy by their

global mid-ranks Rygs and calculating the mean rank Rd_. of all individuals with disease status d over all
—_~ 1 1 —
studies. Then, it holds AUC =5 + (R1. — Rg) withn = Z,’L lzde [01]7%d as the total number of diseased

and non-diseased participants across all studies.

In case of diagnostic studies only aggregated data are available whereas actually information on individual
participant level Xyq4s is needed to calculate the ranks. Instead, the number of diseased and non-diseased
individuals with diagnostic test values below or greater than the study-specific thresholds cg; is known.
Using this information, fictitious data from the uniform distribution can be generated between the
thresholds ci; and cg;+1. Below and above the first/last threshold, the data are drawn uniformly
distributed from the interval from the smallest/largest threshold used in the whole meta-analysis. It should
be noted that in Zapf et al. (2021}, the one-point distribution was used to generate fictitious data. During
the review process of the article about the semiparametric approach (Fromke et al., 2022), however, it
turned out that the uniform distribution leads to better results than the one-point distribution. Accordingly,

we use the uniform distribution.

To estimate sensitivity and specificity at a specific threshold, the procedure is the same, but transformed
data is needed. In terms of sensitivity, observations of the non-diseased individuals have to be replaced by
a one-point distribution. Accordingly, for estimating specificity, observations of diseased individuals are
replaced by a one-point distribution (Lange and Brunner, 2012). Based on the asymptotic equivalence
theorem it holds that \W(ﬁ —p) ~ N(0,6%). Consequently, Wald confidence intervals for AUC, sensitivity
and specificity can be derived, applying logit transformations to ensure an interval with appropriate
boundaries of [0,1].
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The model is implemented in R (R Development Core Team, 2021) and the semiparametric approach was

computed with the package diagnostic 0.4.4 (Rooney, 2017).

3. Simulation study

To enable a fair comparison between the three approaches presented in Section 2, we conducted a
simulation study. We used SAS 9.4 (SAS Institute Inc., Cary, NC, USA) for the data generation whereas
for estimation, we used the software in which the models were originally implemented. The results of the
approaches of Steinhauser et al. (2016) and Fromke et al. (2022) were obtained using R (R Development
Core Team, 2021), and results of the approach of Hoyer et al. (2018) using SAS 9. 4. Results were then
summarized and visualized in R (R Development Core Team, 2021). Data and code are openly available in
Zenodo at https://zenodo.org/record/7802090#.ZC1i80TPO2w (Voeltz et al., 2023).

3.1 Design and setting

The example on kidney disease presented in Zapf et al. (2021) motivates the setting of our simulation study.
We generated data from a Weibull-, log-logistic and log-normal distribution for the diagnostic test values
in the population of diseased and non-diseased using the time-to-event model of Hoyer et al. (2018) as
true underlying model. Additionally, we assumed a normal distribution, which results in all estimated
models being misspecified. We varied the true underlying AUCs (0.7, 0.8 and 0.9), the true disease
prevalence (0.02, 0.2 and 0.5) and the correlation between the random effects which models heterogeneity
across studies (0.3, 0.6 and 0.9). Table Al in the Appendix shows how the different model parameters were
varied to mimic the true AUCs and plausible distributions of the diagnostic test values. Thereby, by, b1, $o
and ¢ indicate the location and scale parameter of the assumed distributions. o3, 0% and p correspond to
the values of the covariance matrix of the random effects as given in equation (6). The four distributions
are illustrated for the first and last scenario (from Table A1) in Figure Al. Table 1 indicates the resulting

true sensitivities and specificities for the given values of the AUC at which we evaluated the various models.

Table 1. True simulated sensitivities and specificities at the thresholds used for model evaluation.

Model Threshold Sensitivity, % Sensitivity, % Sensitivity, % Specificity, %
(AUC=0.7) (AUC=0.8) (AUC=0.9)
Weibull 50 99.4 99.7 99.9 1.7
Wiley-VCH
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100 69.9 82.0 92.1 64.3
130 18.8 39.5 68.1 99.2
150 2.1 11.6 41.0 100
200 0 0 0.8 100

Log-normal 50 100 100 100 0.7
100 53.0 71.7 89.0 84.8
130 10.8 23.0 46.5 99.0
150 2.5 7.3 1 B 99.9
200 0 0.2 1.2 100

Log-logistic 50 99.8 99.9 100 1.3
100 53.3 73.4 89.7 86.0
130 10.1 213 46.1 98.4
150 3.1 7.1 19.4 99.6
200 0.2 0.6 1.9 99.6

Normal 50 93.0 97.1 99.3 15.9
100 58.9 74.2 89.0 74.7
130 30.0 46.0 68.3 95.2
150 15.3 27.4 49.0 99.0
200 1.1 3.2 10.1 100
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3.2 Data generation

All parameter variations led to 108 different simulation scenarios. For each scenario, we generated 1000
meta-analyses. The number of studies per meta-analysis ranged from 5 to 30 and was sampled from a
uniform distribution. The number of participants per single study was drawn from a uniform distribution
with a minimum of 30 and a maximum of 300 participants. The number of diseased individuals was equal
to the true underlying prevalence multiplied by the total number of study participants. The number of non-
diseased individuals was obtained as the difference between the total number and the number of diseased
study participants. To mimic real world scenarios, we additionally varied the number of thresholds per
study from 1 to 10 which was generated from a uniform distribution. Final threshold values were drawn
from uniform distributions depending on the number of simulated thresholds as shown in Table A2. We
rounded the numbers of studies per meta-analysis, participants per study and thresholds to the nearest

integer.

The exact diagnostic test values of each study participant were generated from the assumed true
distributions (Weibull, log-normal, log-logistic, normal). For this, we first simulated the random effect
{equation (6)) with respect to the true values of o3, o7 and p. This random effect was added to the true by
and by (equations (4) and (5)). Considering the scale parameters of the different distributions ¢g and ¢4,
the diagnostic test values of each study participant were generated on the original scale using inverse
transform sampling. Finally, the individual diagnostic test values were compared to the generated
thresholds to classify potential true positives or true negatives. From this information, we constructed the

diagnostic contingency table as input data for our simulation.

3.3 Estimation methods and outcomes

For each meta-analysis, we estimated the models proposed in Section 2. For the approach of Hoyer et al.
(2018), we assumed that the interval-censored diagnostic test values are Weibull distributed. For
parameter estimation, we used SAS PROC NLMIXED with the default settings. Initial values for the fixed
effect parameter were achieved from two univariate models without random effects using SRS PROC
LIFEREG. The raw estimates of 05, cf% and p from the univariate fits serve as starting values for the
random effects parameters. For the approach of Steinhauser et al. (2016), we used a log-transformation of
the threshold values and the logit-function as given in equation (1). The model proposed by Fromke et al.

(2022) does not need any further specification of a distribution.

For model evaluation and comparison, we estimated sensitivities and specificities at the predefined
threshold values of 50, 100, 130, 150 and 200 together with their 95% confidence intervals. As measures
of interest, we computed the absolute bias, the mean squared error (MSE) and the empirical coverage of
the two-sided 95% confidence intervals at each threshold, as well as the number of converged simulation

runs to quantify numerical robustness (Burton et al., 2006; Morris et al., 2019).
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In reporting our results, we confine ourselves to the bias, coverage and convergence. The Appendix

4. Results

provides additional results.

Figures 1, 2, A2 and A3 show the distribution of the bias of the estimated sensitivities and specificities at
different thresholds for all models. In many cases, the performances of the estimated maodels were similar

when comparing them for the same scenario. Predominantly, the method of Hoyer et al. (2018) slightly

4.1. Bias

Biometrical Journal

outperforms the other two approaches.

Bias in sensilivity

Figure 1. Distribution of the bias of sensitivity depending on the true underlying distribution and the true

prevalence for the different models. The boxplots represent the median, the upper and lower quartile and

Comparison of different approaches for meta-analysis of diagnostic accuracy studies
Bias in sensilivity over 108 scenarios with nsim = 1,000
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the two whiskers, which extend from the lower/upper quartile to the lowest/highest value within 1.5 times

the inter-quartile range.

Comparison of different approaches for meta-analysis of diagnostic accuracy studies
Bias in specificity over 108 scenaros with nsim = 1,000
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Figure 2. Distribution of the bias of specificity depending on the true underlying distribution and the true
prevalence for the different models. The boxplots represent the median, the upper and lower quartile and
the two whiskers, which extend from the lower/upper quartile to the lowest/highest value within 1.5 times

the inter-quartile range.

Regarding sensitivity, the method of Fromke et al. (2022} performed inferior compared to the other
approaches. Often, its results were more biased and showed larger variability. Considering the underlying
distribution, all methods were least biased in scenarios assuming a normal distribution. For these scenarios,
particularly the methods of Hoyer et al. (2018} and Steinhauser et al. (2016} showed satisfactory results
with almaost no bias. Assuming very small or very large thresholds (i.e., 50 or 200}, sensitivity results were
again satisfactory for both methods with almost no bias and minimal variability. This was not the case with
the semiparametric approach. Overall, results seemed to improve and become more stable when the

prevalence increased. The impact of the correlation on the bias in sensitivity seemed negligible.

In terms of specificity and particularly for thresholds 50 and 100 the methods of Hoyer et al. (2018) and
Steinhauser et al. (2016) returned rather insufficient values. Nonetheless, results of all methods improved
and became more stable for higher threshold values. However, this pattern did not occur for threshold

values of 50, where the bias and its variability were indeed smaller than for scenarios with a threshold of
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100. Only for high thresholds, the method of Hoyer et al. (2018} and Steinhauser et al. (2016} provided
promising results with almost no bias and outperform the slightly more biased approach of Fromke et al.
(2022). Particularly noteworthy is the threshold of 100, where all methods were most variable and biased
to their maximal degree. As for specificity, the methods of Hoyer et al. (2018) and Steinhauser et al. (2016)
performed satisfactorily with almost no bias when assuming a normal distribution. Otherwise, the relation
between the true distribution and the bias in specificity remains unclear. The effect of the underlying

correlation seemed negligible.

Figures A4 and A5 display the bias in the estimated AUC. Due to some large outliers, the graphs are limited
to the 15t to 99" percentile of all simulation results. Therefore, they do not always contain information on
estimated minima and maxima. The highest positive bias found across all 108 scenarios was approximately
0.3 for the method of Hoyer et al. (2018), and 0.2 for Steinhauser et al. (2016) and for Fromke et al. (2022).
The highest negative bias was estimated -0.7, -0.4 and -0.3, respectively. Overall, results were satisfactory
for the approach of Hoyer et al. (2018) and only slightly inferior for the method of Steinhauser et al. (2016).
The semiparametric approach returned comparable, but more variable, results. Generally, scenarios
assuming higher prevalence were least variable. The bias of the AUC and its variability improved for the
methods of Hoyer et al. (2018) and Steinhauser et al. (2016) for higher values of the prevalence and higher
values of the true AUC. Vice versa, small true values of the AUC and small prevalence values particularly
impaired results of the method of Frémke et al. (2022). Further, results improved across all methods when
assuming a normal or Weibull distribution. As for sensitivity, the approach of Hoyer et al. (2018) returned
promising, almost unbiased results for scenarios based on a normal distribution. Contrarily, for scenarios
based on the log-logistic or log-normal distribution, the bias and variability were higher. Regarding

correlation, no clear relation was apparent, neither on the bias itself nor on its variability.

Besides visualizing the distribution of the bias, Figures 1 and 2 provide information on the variance of the
estimation. In addition, Figures A6 to A11 show the distribution of the squared bias and thus gives a flavor
of the MSE.
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Figure 4. Coverage to the two-sided 95% level of specificity depending on the true underlying distribution

g

§ =eouajerssd anij

N
3

and the true prevalence for the different models.

4.2, Coverage

Figure 3 and 4 display coverage results regarding sensitivity. For most scenarios, results were comparable
for all methods and with few exceptions always below the nominal level. Results were quite similar across
methods for medium threshold values (100, 130 and 150). By contrast, in scenarios with low or high
threshold values (50 and 200), results were considerably lower. Comparing the approaches, the method of
Fromke et al. (2016} was least affected by changes in the threshold. In most cases, coverage results were
best in scenarios based on the normal or Weibull distribution. Regarding the prevalence, results of the
methaod of Steinhauser et al. (2016} and Hoyer et al. (2016) improved for higher levels of the prevalence.
The relation between the empirical coverage for sensitivity and the prevalence was less cbvious for the
remaining two approaches. Neither Figure 3 nor Figure 4 reveals any relation between the sensitivity

coverage and the correlation.
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For most scenarios, the empirical coverage for specificity was below the nominal level for all approaches
(Figures A12 and A13). Solely for scenarios based on a Weibull or normal distribution, the approach by
Hoyer et al. (2018) returned satisfactory coverage results close to 95%. Otherwise, no clear relation with
the underlying distribution was visible. For the method of Steinhauser et al. (2016), coverage results were
promising and close to the 95% level only for thresholds close to 100. Contrarily, results of the approach of
Fromke et al. (2022) seemed to improve when the threshold increased. Coverage results for the method
of Hoyer et al. (2018) remained mostly unaffected when changing the threshold. Nonetheless, the relation
between the empirical coverage for specificity and the threshold seems less obvious and less impactful
compared to results for sensitivity. Again, the effect of the underlying correlation seemed negligible. The

results did not show any clear impact of the prevalence.

Figure Al4 and A15 illustrate the estimates regarding the empirical coverage for the AUC. A comparison
with the approach of Hoyer et al. (2018} is not possible because runtime issues rendered the computation
of confidence interval estimators too time-consuming as they are based on bootstraps. In most cases, the
AUC coverage for the illustrated two methods was comparable. Though, with only few exceptions, the
parametric model by Steinhauser et al. (2016) was superior to the non-parametric model by Frémke et al.
(2022). Particularly in scenarios with medium prevalence and medium or small values of the true AUC, the
approach of Steinhauser et al. (2016) performed satisfactorily. For the remaining scenarios, the method of
Steinhauser et al. (2016) still outperformed the method of Frémke et al. (2022) when assuming a normal
or Weibull distribution. This does not hold true for scenarios based on the log-logistic or log-normal
distribution. On the contrary, in case of a small prevalence and high true AUC, the method of Frémke et al.
(2022) was close to 95% coverage for all distributions, while the method of Steinhauser et al. (2016)
returned poor results ranging from about 48% (for the Weibull distribution) to 82% (for the normal

distribution). The impact of the correlation seemed minor.

4.3. Convergence

Table A3 provides information on the models’ convergence. Per definition, the semiparametric method of
Fromke et al. (2022) is numerically robust, always returning 100% converged simulation runs. With respect
to the approach of Steinhauser et al. (2016), results are also adequate. Across all scenarios, this method
converges for at least 79% and a maximum of 93% of the simulation runs. The approach of Hoyer et al.
(2018) performs less numerically robust, with a minimum of 22% converged for normally distributed data

and a maximum of 92% converged runs.

5. Discussion

In the article by Zapf et al. (2021), four different approaches for the meta-analysis of diagnostic studies
with multiple or different thresholds were compared using an example meta-analysis. Because some of the

results differed substantially, the goal of our comprehensive and systematic simulation study was to
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investigate which approach has the best statistical properties under which conditions. The approach by
Jones et al. (2019) could not be included due to its long runtime in combination with the very large
simulation data set, which is a limitation of this study. For the three included approaches by Steinhauser et
al. (2016), Hoyer et al. (2018), and Fromke et al. (2022), it has been shown that, with exceptions, the
approach by Hoyer et al. (2018) has the smallest bias and the empirical coverage probability is closest to
95%. A further advantage of this approach, as well as the approach from Jones et al. (2019), is the great
flexibility, which also allows meta-analyses based on non-normally distributed individual data. In many
scenarios, the results of the approaches by Steinhauser et al. (2016) and by Frémke et al. (2022) were also
satisfactory. The advantage of the approach by Fromke et al. (2022) is that, unlike the other approaches,
there are no convergence problems because it is not an iterative procedure. Thus, this approach could be
planned as a fallback strategy in case of non-convergence. For a comparison of the characteristics of the
approaches in terms of requirements, possible results, advantages, and limitations, we refer to Zapf et al.
(2021).

Besides the limitation mentioned above that the approach by Jones et al. (2019) could not be considered,
the validity of a simulation study is of course always limited by the representativeness of the scenarios
presented. Accordingly, a simulation study can never lead to generally valid statements. This includes the

limitation that the simulation data were generated on the basis of the model of Hoyer et al. (2018), which

could mean an advantage for this approach. Furthermore, the general recommendation to use the

approach of Hoyer et al. (2018) is a rough summary. Of course, there are also scenarios in which the

approach of Steinhauser et al. (2016) or that of Frémke et al. (2022) showed the best results.

We simulated data under various distributional assumptions. In reality, however, a meta-analyst does not
know the true distribution which might even be one that is not implemented in any package. This means
that the model will often be misspecified. Reflecting this, we analysed all scenarios in a way blind to the
true distribution. For example, for the Steinhauser model, we evaluated all data based on the log-logistic
distribution, and consequently the analysis model was misspecified for all other scenarios. In practice,
however, users would probably visually inspect their data and check them for a suitable distribution
assumption, thus possibly ending up with a better model fit — which is not possible to mimic in a simulation
study. We did not investigate more general model selection approaches, such as those based on the
generalized F distribution (Hoyer and Kuss, 2020) or the Box-Cox transformation (Jones et al., 2019). Finally,
we note that the semiparametric model by Fromke et al. (2022) only uses uniformly distributed data and
is robust in this respect. However, when using more informative distributions for the fictitious data the

results might be better.

The strength of this simulation study is that a wide range of scenarios was covered and the three
approaches were directly compared. We also tried to create comparable conditions for all approaches by
using the different underlying distributions for data generation. By making the programs and simulation
data available, researchers can also compare the approaches for their own questions with the help of a

simulation study.
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6. Conclusion

Recently, three frequentist methods for bivariate meta-analyses of DTA studies have been developed that
allow using full threshold information provided in primary studies. So far, a joint evaluation of these new
methods in a simulation study was lacking. We conducted a simulation study to allow for a fair comparison
of the approaches by Steinhauser et at. (2016), Hoyer et al. (2018), and Frémke et al. (2022). Results from
108 different simulation scenarios show that all methods can perform best or worst depending on the
respective scenario. Generally, we can recommend the approach by Hoyer et al. (2018) for most scenarios,
as it returns the smallest bias and empirical coverages closest to the specified ones. As the model of
Steinhauser et al. (2016) also leads to satisfactory results in many cases, it is a suitable alternative, The
approach by Fromke et al. (2022) could be used as fallback strategy in case of non-convergence because it

always yields results.
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Appendix
Table Al. Parameters set for the different simulation scenarios.
Table A2. Simulated thresholds per study using uniform distributions.

Table A3. Number of converged simulation runs of the different models.

Figure Al. Theoretical distribution curves for the diseased and non-diseased individuals of the four

simulated distributions for the first (left side) and last scenario (right side) per distribution from Table A1.

Figure A2. Distribution of the bias of sensitivity depending on the true underlying distribution and the true
correlation for the different models. The boxplots represent the median, the upper and lower quartile and

the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A3. Distribution of the bias of specificity depending on the true underlying distribution and the true
correlation for the different models. The boxplots represent the median, the upper and lower quartile and

the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A4. Distribution of the bias of AUC depending on the true correlation. The boxplots represent the

median, the upper and lower quartile and the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A5. Distribution of the bias of AUC depending on the true prevalence. The boxplots represent the

median, the upper and lower quartile and the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A6. Distribution of the squared error of sensitivity depending on the true underlying distribution
and the true correlation for the different models. The boxplots represent the median, the upper and lower

quartile and the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A7. Distribution of the squared error of sensitivity depending on the true underlying distribution
and the true prevalence for the different models. The boxplots represent the median, the upper and lower

quartile and the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A8. Distribution of the squared error of specificity depending on the true underlying distribution
and the true correlation for the different models. The boxplots represent the median, the upper and lower

quartile and the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A9. Distribution of the squared error of specificity depending on the true underlying distribution
and the true prevalence for the different models. The boxplots represent the median, the upper and lower

guartile and the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A10. Distribution of the squared error of AUC depending on the true underlying distribution and the
true correlation for the different models. The boxplots represent the median, the upper and lower quartile

and the two whiskers, i.e., the interquartile range multiplied by 1.5.
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Figure Al1. Distribution of the squared error of AUC depending on the true underlying distribution and the
true prevalence for the different models. The boxplots represent the median, the upper and lower quartile

and the two whiskers, i.e., the interquartile range multiplied by 1.5.

Figure A12. Coverage to the two-sided 95% level of sensitivity depending on the true underlying

distribution and the true correlation for the different models.

Figure Al13. Coverage to the two-sided 95% level of specificity depending on the true underlying

distribution and the true correlation for the different models.

Figure A14. Coverage to the two-sided 95% level of AUC depending on the true correlation. Results for
Hoyer et al. (2018) are not included because runtime issues rendered the computation of confidence

interval estimators too time-consuming.

Figure A15. Coverage to the two-sided 95% level of AUC depending on the true prevalence. Results for
Hoyer et al. (2018) are not included because runtime issues rendered the computation of confidence

interval estimators too time-consuming.
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