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SUMMARY 

 

Currently between 55-57 million individuals world-wide are affected by dementia; a number expected 

to reach up to 152 million by the year 2050. Dementia is a severe burden for those affected, their 

caregivers and the healthcare systems. Although a cure for the disease may still seem out of reach, the 

progression of the disease can be delayed if interventions start at earlier stages of the disease, 

emphasizing the importance of early detection. However, the primary goal should be to prevent 

dementia. In order to achieve this, it is essential to identify and obtain a better understanding of the 

risk factors involved. The objective of this thesis was to identify risk factors and explore their relations 

to the trajectories of the risk of dementia. The results contribute to supporting the prevention of 

dementia and facilitating the early detection of such cases, thereby delaying the progression of the 

disease. The overarching objective of this thesis was addressed in four studies. 

To define the theoretical background for the thesis, the outcome measures of dementia and cognitive 

function were introduced as well as the exposures of education, diabetes and late-life depression and 

their empirical connections to the outcomes. 

The underlying studies were contextualized into the theoretical framework of life course epidemiology. 

This framework combines approaches from various fields related to population health sciences and 

considers the timing and duration effects of risk factors as well as their accumulation and interaction 

for health outcomes over the entire life course. 

Two different data sources provided the basis for the analyses of the underlying studies. A sample of 

German health claims data (AOK) with 250,000 individuals with 13 years of follow-up were used in the 

Studies 1,3, and 4. The analyses in Study 2 were based on Lifelines, a prospective population-based 

cohort study and biobank of 167,729 individuals from the Netherlands 

Study 1 addressed the questions whether German health claims data is suitable for dementia risk 

predictions and which important risk factors can be identified. Logistic regression and methods of 

machine learning (gradient boosting machines and random forest models) were applied to build 

prediction models on a large sample from the largest German health insurance company AOK. The 

evaluation of the prediction models revealed acceptable prediction accuracy and identified established 

as well as new predictors associated with the risk of dementia. Predictions from German health claims 

data may provide a decision support tool for early dementia screening in a cost-effective manner. 

Study 2 aimed at exploring the association of education and cognitive function by questing if diabetes 

may act as a mediator on this pathway. Data from the large population-based health survey Lifelines 

from the Netherlands was used to apply regression models and mediation analyses. The results 
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suggested that a small part of the effect of education on cognitive function may act through diabetes. 

People with lower levels of education may be twice as disadvantaged in terms of cognitive function, 

indirectly through their higher risk of diabetes and directly through their education. 

Study 3 examined the temporal trajectory of the risk of dementia in individuals diagnosed with 

diabetes as well as the potentially modifying effects of diabetes severity and treatment type on this 

association. The risk of dementia over time since first diagnosis of type 2 diabetes was U-shaped. 

Across the different diabetes treatment groups, the U-shaped pattern was consistent. The U-shape 

was more pronounced in less severe cases with no diabetes complications at baseline. As a conclusion, 

physicians should maintain cognitive monitoring in diabetic patients beyond two years post-diagnosis, 

considering treatment outcomes and treatment adherence. 

To explore if late-life depression is a risk factor or an early symptom of dementia, the temporal 

association between incident late-life depression and the development of subsequent dementia was 

explored in Study 4. We modeled the trajectory of the dementia risk over time since incident late-life 

depression by exponential hazard models from German claims data. We found a higher risk of 

dementia in subsequence of incident late-life depression. The strongest association was found for the 

shortest interval between both diagnoses. Furthermore, the association was found to be particularly 

strong in men and for individuals younger than 74 years of age. It can be concluded that late-life 

depression can be a prodrome of dementia and signal an elevated risk of dementia in the near future. 

The discussion of strengths and limitations of the underlying studies revealed important issues 

concerning the availability or accessibility of data. A lot of valuable information is existing in routinely 

collected data but still not accessible or linkable. Given the current limited evidence base for some 

potential factors, further research into modifiable risk factors is necessary and efforts should be made 

to improve the availability and accessibility of data. In addition to the new insights gained from this 

thesis and the underlying studies, which make a valuable contribution for the prevention and early 

detection of dementia, new questions emerged that should be addressed in future research. These 

include the transferability of the approaches into further contexts and with other outcomes. 
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1. Introduction 

During the last few years, which have been dominated by the Covid-19 pandemic, some important 

public health issues have fallen behind in the public discourse. One of the most important is dementia, 

which, despite alarming figures, is still a ‘silent pandemic’ in many areas. Although prevention is 

possible and, above all, urgently needed. 

Dementia and normal brain ageing may both be accompanied by a deterioration of cognitive function 

(Wyss-Coray 2016; Denver and McClean 2018). However, only dementia is characterized by a 

significant impairment of an individual's daily functioning, which consequently leads to a reduction in 

quality of life and a loss of autonomy as well as a substantial burden on caregivers and healthcare 

systems. The decline in cognitive function can be conceptualized as a continuous process. The 

continuum between normal brain ageing and dementia is defined as mild cognitive impairment (MCI), 

which represents the pre-clinical phase of cognitive function decline. Dementia marks the point when 

the cognitive impairment reaches a clinical state (Pandya et al. 2016; Aisen et al. 2017). Typically, the 

process of decline in cognitive function begins many years before the manifestation of dementia 

(Bäckman et al. 2004). 

According to the most recent estimates, there are approximately between 55-57 million individuals 

across the globe who are affected by dementia (World Health Organization 2023), which impairs their 

memory, thinking, and social abilities. Projections indicate that this figure is likely to increase drastically 

to around 78 million by the year 2030 (World Health Organization 2021), and is expected to reach up 

to 152 million by the year 2050 (Nichols et al. 2022), reflecting a concerning trend in the prevalence of 

dementia. The global social costs of dementia are about $1313.4 billion or $23,769 per person with 

dementia (Wimo et al. 2023). Dementia is already one of the most prevalent diseases at the time of 

death, and in this respect its importance will continue to increase in the coming decades (Doblhammer 

et al. 2022; World Health Organization 2024). 

These alarming figures illustrate the urgent necessity for the fight against dementia to become a 

central focus of public health in the coming years and decades. Even if the challenges at political level 

are well known and the development and implementation of public health measures and programs 

has already been tackled (bmfsfj 2020; HHS 2023), there is an urgent need for more starting points and 

adjustments in order to be able to launch further programs and measures. In order to achieve this, it 

is essential to identify and obtain a better understanding of the risk factors involved. This is the role 

of demographic, epidemiological and public health research. In its last report on Dementia prevention, 

intervention, and care in 2020, the Lancet Commission came up with an estimated potential of 40% 

avoidable cases of dementia due to just 12 risk factors, based on the evidence available at the time 
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(Livingston et al. 2020). In the Lancet Commission's current report (Livingston et al. 2024), however, 

there are already 14 factors and the estimated potential for preventable cases of dementia has risen 

to 45%. This development clearly shows how important and useful further research into risk factors is 

in the fight against dementia. The factors that contribute to the theoretical proportion of preventable 

dementia cases are distributed across the entire life course. 

A further point that serves to illustrate the importance of research into risk factors is provided by a 

consideration of the current status of dementia therapy. Although a cure for dementia remains beyond 

the current horizon of research, the progression of the disease can be effectively delayed, and the 

associated cognitive decline and symptoms can be reduced. The newest developments in 

pharmacological research have revealed promising progress in combating the abnormal degeneration 

of brain cells associated with dementia. The underlying mechanism involves the amyloid-ß plaques, 

which have emerged as a key target for therapeutic intervention (Avgerinos et al. 2021). The reports 

on the announcements of monoclonal antibody agents like Lecanemab (van Dyck et al. 2023) and 

Donanemab (Sims et al. 2023) by the pharmaceutical companies triggered a veritable euphoria, at least 

in the public perception, with regard to dementia research (The Lancet 2022). The research into the 

effectiveness of these agents is still relatively new and the amount of the clinical benefits is still being 

discussed (Høilund-Carlsen et al. 2024; Song et al. 2024). Nevertheless, the currently available evidence 

confirms that the amyloid antibodies reduce or rather remove amyloid-ß plaques by triggering an 

immune response, which can be seen as a decisive advance in the treatment of dementia (Klein et al. 

2024; Gueorguieva et al. 2023; Qiao et al. 2024). While the agents have already been approved in the 

USA, the European Medicines Agency (EMA) also came to the conclusion on 14th November 2024 that 

benefits outweigh risks in a restricted patient population and recommended the marketing 

authorization of Lecanemab (EMA 2024). However, to date, it has not been feasible to implement more 

than a temporary halt in the progression of the disease in specific cases. Because the agents only 

showed their potential benefits in people with a prodromal or mild stage of Alzheimer's disease. The 

agents therefore appear to be a step in the right direction rather than a game changer. Nevertheless, 

the efficacy of these pharmaceutical agents exemplifies the importance of two cornerstones currently 

employed in the fight against dementia: Delay and early detection. While a cure for the disease still 

seems to be out of reach, the progression of the disease can be delayed, and the cognitive decline and 

associated symptoms can be reduced. A promising delay in the progression of Alzheimer's disease can 

only be achieved by intervening at earlier stages of the disease, which highlights the importance of 

early detection.  

The objective of this thesis is to identify (new and modifiable) risk factors and explore their relations 

to the trajectories of the risk of dementia. The results contribute to supporting the prevention of 
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dementia and facilitating the early detection of such cases, thereby delaying the progression of the 

disease. Prevention should help to extend the number of healthy life years and to minimize the 

duration of periods of disability. For effective prevention, it is essential to view the identification and 

reduction of risk factors as a continuous challenge throughout the entire life course. The overarching 

question of this thesis was addressed in four studies, each of which posed a specific research question.  

Study 1  

The potential of routinely collected data to predict dementia risk has not been fully exploited. 

However, data types such as health claims data are easily and cost-effectively available. Data-driven 

approaches, such as machine learning methods, have their strengths in high-dimensional data 

(Breiman 2001b) and may therefore be advantageous for predicting dementia risk from claims data. 

Individual dementia risk predictions from claims data using data-driven approaches can contribute to 

the early detection of dementia and the identification of established and potentially unknown risk or 

protective factors associated with dementia. 

Previous reviews have highlighted the need for further models in different populations (Hou et al. 

2019; Tang et al. 2015; Goerdten et al. 2019). In recent years there has been an increased focus on 

routinely collected health data to address this limitation (Ben Miled et al. 2020; Ford et al. 2018; Jain 

et al. 2020; Nori et al. 2019; Albrecht et al. 2018). Although the German healthcare system is one of 

the largest in the world, German claims data has hardly been used to predict dementia. 

Accordingly, the objective of this study was to investigate the following three questions: Are German 

claims data suitable for individual dementia risk predictions? Can machine learning outperform 

classical regression methods in terms of predicting dementia risk? Which features are important 

predictors of dementia, and can new features be identified in addition to established risk factors? 

Study 2 

The motivation for Study 2 was to gain a deeper insight into the pathways between education, diabetes 

and cognitive function. The exploration of these associations may contribute to the identification of 

groups that are particularly vulnerable to cognitive decline and dementia.  

Previous research has examined the combined effects of education and diabetes on cognitive 

performance. The findings indicated that individuals with diabetes exhibited poorer cognitive 

performance, and even more so if they had lower levels of education. Kowall & Rathmann concluded 

that the effects were additive (Kowall and Rathmann 2023). A further study examined the pathway 

between socioeconomic status and dementia by evaluating lifestyle-related diseases as potential 

mediators. However, the results did not yield a significant association between education and the risk 
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of diabetes. Consequently, a conclusion about the role of diabetes as a potential mediator was limited 

(Nakahori et al. 2018).  

Given that low education and diabetes are well-established risk factors for cognitive decline and 

dementia, and the precise mechanisms by which they are associated with cognitive function are only 

partially understood, further investigation was needed. Therefore, the question is derived whether 

diabetes may act as a potential mediator on the pathway of education and cognitive function.  

Study 3 

In order to provide evidence for the development of potential interventions, or in this case, the timing 

of such interventions, it was necessary to gain a deeper insight into the dementia risk trajectory 

associated with diabetes.  

The Lancet Commission report from 2020 still classified diabetes as a late-life risk factor (Livingston et 

al. 2020), whereas the latest report from 2024 categorized it as a risk factor for mid-life (Livingston et 

al. 2024). This illustrates that the association between diabetes and dementia continues to be a topic 

of great research interest and need to be further discussed. Previous studies reported an elevated risk 

of cognitive decline in individuals with prevalent diabetes, rather than in those with incident diabetes 

(Croxson and Jagger 1995) or in those with a disease duration of up to 8 years (Wu et al. 2015). 

Furthermore, studies that emphasize the role of age at the onset of diabetes have provided evidence 

that the risk of developing dementia increases with the duration of diabetes (Barbiellini Amidei et al. 

2021; Xu et al. 2009). 

The underlying mechanisms through which diabetes affects the risk of dementia, particularly in the 

initial phase following the onset or diagnosis of diabetes, remain a partially inconclusive area of 

research. Accordingly, this study examined the following: What is the temporal trajectory of the risk 

of developing dementia in individuals diagnosed with diabetes? Further examinations addressed the 

impact of diabetes severity and treatment strategy on this relationship. 

Study 4 

The identification of risk factors also requires a critical examination of the nature of the association 

between exposure (late-life depression) and outcome (dementia). This entails establishing whether a 

presumed risk factor is, in fact, a risk factor that can be addressed through an intervention approach. 

A factor that increases the risk of a disease may also be a prodrome, i.e. an early symptom of a disease 

that has not yet been detected. Although a prodrome does not directly serve as a starting point for 

prevention, it can nevertheless contribute to the early detection of the disease. Examining of the risk 

trajectory of incident late-life depression and subsequent dementia may contribute to a more 

comprehensive understanding of the nature of this association. 
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On the one hand, previous research concluded that the nature of the mechanism between late-life 

depression and dementia is a prodromal one (Singh-Manoux et al. 2017; Mirza et al. 2014; Almeida et 

al. 2017; Tapiainen et al. 2017). On the other hand, there is evidence for the assumption that 

depression is a risk factor for dementia (Wu et al. 2020; Cherbuin et al. 2015; Byers and Yaffe 2011). 

The question of whether late-life depression is a risk factor or a prodromal symptom of dementia 

remains a topic of ongoing scientific debate. This is also demonstrated by the latest report from the 

Lancet Commission, which classified depression as a risk factor only in mid-life, whereas the previous 

report from 2020 contextualized depression as a risk factor in late-life. To investigate this question 

further, the temporal association between incident late-life depression and incident dementia was 

explored in Study 4. 

Summary of the research questions 

• Are German claims data suitable for predicting the risk of dementia and for identifying risk 

factors? (Study 1) 

• Can diabetes be identified as a mediator on the pathway of education and cognitive function? 

(Study 2)  

• How does diabetes duration impact the temporal trajectory of the risk of dementia? (Study 3) 

• Can late-life depression be defined as a risk factor or a prodromal symptom of dementia? 

(Study 4) 

Outline 

This thesis is based on four studies and is structured in seven chapters. Following this introduction, the 

outcomes and exposures of the underlying studies are introduced and defined in the theoretical 

background section 2. The potential for modifying the identified risk factors and their possible impact 

on the prevention of dementia are also addressed there. The subsequent section introduces the life 

course approach that builds the theoretical framework of this thesis and the studies on which it is 

based. Chapter four describes the data sources and statistical methods used in the underlying studies. 

This is followed by a summary of the main findings of the underlying studies in chapter five. The 

discussion summarizes the findings from the underlying studies of this thesis, contextualizing them 

within the overarching objective, the theoretical framework and with open points that need to be 

discussed. Furthermore, this chapter presents a discussion of the strengths and limitations of the 

studies, as well as offering perspectives on future research. The thesis closes with a conclusion. 
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2. Theoretical background 

2.1. Dementia 

Dementia is an umbrella term for a progressive decline across various domains, including cognitive 

abilities, psychological well-being, behavioral patterns, and even physical functioning. Dementia is not 

a singular pathological condition or a single disease. Rather, it is a syndrome with aggregation of 

characteristics that differs from the characteristics observed in healthy brain aging (Nelson et al. 2011). 

The consequences of dementia are a gradual deterioration in the ability to perform essential daily 

activities that are necessary for independent living (Sachdev et al. 2014). The course of the disease is 

usually progressive with dynamic symptoms (DGN & DGPPN 2023). 

Dementia Subtypes 

As already mentioned, dementia is an umbrella term for a range of disease with group of common 

symptoms, also known as dementia subtypes. The most common dementia subtype is Alzheimer’s 

disease (Cao et al. 2020; Goodman et al. 2017). The principal characteristic of Alzheimer's disease is 

the accumulation of beta-amyloid and tau proteins in the brain, which results in the impairment of 

cognitive functions. The typical resulting symptoms are alterations in memory, abstract thinking, 

judgment, behavior, mood, and emotions, as well as the disruption of physical coordination (Gauthier 

et al. 2021). The second most common dementia subtype, Vascular dementia (Cao et al. 2020; 

Goodman et al. 2017), often manifests as a consequence of the brain being unable to receive the 

essential nutrients and oxygen supplied by cerebral blood circulation. This phenomenon can occur 

subsequent to a single stroke in a vital cerebral region, or as a result of multiple minor cerebrovascular 

events (Gauthier et al. 2021). Further subtypes with a considerably lower prevalence are dementia 

with Lewy bodies and frontotemporal dementia. The former is characterized by symptoms similar to 

those observed in Alzheimer's disease, with the additional presence of diminished motor skills, which 

can make the diagnosis challenging. The latter subtype is accompanied by atrophy of the frontal and 

temporal cortexes and entails alterations in speech, personality, behavior, impulse control, and 

coordination (Gauthier et al. 2021). There exist other subtypes of dementia that occur in connection 

with other diseases (e.g. dementia in Parkinson's disease)(Hanagasi et al. 2017). There are also so-

called mixed dementias, in which different dementia subtypes coexist (Fierini 2020). 

Global Epidemiology 

The number of people living with dementia are estimated up to 57.4 million people with a female-to-

male-ratio of 1.67 (Nichols et al. 2022). The prevalence may be notably underestimated in low- and 

middle-income countries (Cleret de Langavant et al. 2020). Europe and North America showed a higher 
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prevalence rate than Asia, Africa, and South America (Cao et al. 2020). For an overview of regional 

differences see (World Health Organization 2021). 

Epidemiology in Germany 

The dementia prevalence in Germany in 2014 was estimated to 10.3% of the individuals aged 65+, 

based on health claims data. This is analogous to 1.8 million individuals. By the age of 80–84 years, 13–

16% of individuals are affected, and 49–58% of those aged 100+. Similarly, the incidence increased, 

from 0.4 newly diagnosed cases per 100 person-years in the 65–69 age cohort to approximately 11.9 

in individuals aged 95 and above. There is a greater prevalence of the condition among females than 

males, which may be attributed, at least in part, to the fact that the life expectancy of women is higher 

than that of men. The most prevalent subtype is Alzheimer's disease (60–80%), followed by vascular 

dementia (5–10%), with mixed dementia being more prevalent in the geriatric population (Georges et 

al. 2023; DGN & DGPPN 2023). 

Estimations for Germany based on data from the WHO Global Status Report and the Federal Statistical 

Office showed similar results for 2021. The prevalence was estimated to 1.7 million individuals aged 

65+, and 360,000 to 440,000 new dementia cases per year, in the corresponding age group (Blotenberg 

et al. 2023).  

Although there are indications of a decline in the incidence of dementia in Germany (Doblhammer et 

al. 2015; Wolters et al. 2020), the ageing of society, particularly the fact that the baby boomers will 

reach the age of 65+, is likely to result in an increase in the number of people with dementia in 

Germany. (Georges et al. 2023; DGN & DGPPN 2023; Blotenberg et al. 2023). 

Pathogenesis 

From a pathogenesis perspective, all types of dementia are characterized by a number of common 

features and neurodegenerating processes in the brain (Elahi and Miller 2017). Furthermore, a number 

of molecular brain mechanisms are shared among all forms of dementia, including oxygen deficiency 

(hypoxia), oxidative stress, neuroinflammation, neurodegeneration and alterations in blood–brain 

barrier permeability. The neuropathological characteristics associated with the different subtypes of 

dementia are beyond the scope of this thesis and are therefore outlined in the following papers: (Raz 

et al. 2016; Arvanitakis et al. 2019). 

Diagnosis 

The dementia syndrome is diagnosed on the basis of the clinical examination, including the 

psychopathological findings, the medical history and using cognitive tests (DGN & DGPPN 2023; 

Arvanitakis et al. 2019). The following cognitive or behavioral neuropsychiatric symptoms represents 
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clinical core criteria for all-cause dementia: Impairment in the ability to function at work or in usual 

activities; A decline from previous levels of functioning and performing that are not explained by other 

disorders; The detection of cognitive impairment through patient’s medical history and a mental status 

examination or neuropsychological testing; The cognitive or behavioral impairment in two of the 

following domains: memory, reasoning and judgement, visuospatial abilities, language functions, 

change in personality and/or behavior (McKhann et al. 2011). The most common test is the Mini-

Mental-Status-Examination (MMSE) (Arevalo-Rodriguez et al. 2015). Biomarkers and imaging 

techniques are employed for the diagnosis of subtypes and for differential diagnosis (DGN & DGPPN 

2023). Clinical assessments, differential diagnostics, and oversight of dementia predominantly 

transpire in a primary care setting, with suitable specialist contributions as required (Arvanitakis et al. 

2019). 

With reference to the latest version of the International Classification of Diseases (ICD-11) dementia is 

defined by significant deficits in multiple cognitive domains that deviate from expected cognitive 

performance based on age and premorbid functioning, indicating a deterioration from the individual's 

prior capabilities. Although memory impairment is the most commonly observed deficit, cognitive 

deficits extend beyond memory and encompass executive function, attention, language, and other 

domains with potential neurobehavioral changes that may initially manifest as symptoms (World 

Health Organization 2022). 

Definition of dementia in the Studies 1, 3 & 4 

In this thesis as well as the Studies 1, 3 & 4, the definition of dementia was based on the ICD-10 system 

(World Health Organization 2004) because this was the current version of the classification system 

when the corresponding data has been drawn. A clear differentiation between the subtypes is often 

challenging to determine. This is presumably one of the reasons why high proportion (45%) of 

dementia diagnoses (in Germany) are coded as unspecific dementia (ICD-10: F03) (Fink 2014). 

Accordingly, in this thesis and the included studies a definition of all-cause dementia was employed. 

The following ICD-10 codes were used to define dementia: dementia in AD (F00), without dementia in 

AD with early onset (F00.0); vascular dementia (F01); dementia in other diseases classified elsewhere 

(F02); unspecified dementia (F03); delirium superimposed on dementia (F05.1); and AD (G30), without 

AD with early onset (G30.0).  

 

2.2. Cognitive function (decline) 

Cognitive function, cognition or cognitive abilities are terms that denote a multifaceted concept that 

encompasses the mechanisms involved in the processing of information in the brain. The concept 
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includes the domains of perception, memory, learning, attention, decision making, executive control, 

and language abilities. Metaphorically, the cognitive function of humans can be conceptualized as the 

software of a computer where the brain is analogous to the hardware (Kiely 2014). 

The impairment of cognitive function is a main symptom of dementia. Analyzing cognitive function (or 

cognitive impairment) as an outcome with respect to protective or risk factors can contribute to the 

prevention and early detection of dementia before it becomes a clinical manifest stadium. The clinical 

manifestation of a cognitive impairment that does not (yet) fulfil the criteria for a dementia diagnosis 

is called mild cognitive impairment (MCI). It is a preclinical and transitory stage between healthy ageing 

and dementia (Bai et al. 2022). However it is preclinical, MCI can be diagnosed or coded according to 

the criteria of the ICD classification (World Health Organization 2022). 

Definition of cognitive function in Study 2 

In Study 2 cognitive function was measured by tests from the Cogstate Brief Battery, a computer-

administered cognitive test battery that measure psychomotor function, attention, working memory 

and memory. The test battery has previously been used in other studies to detect mild cognitive 

impairment and cognitive impairment in Alzheimer's disease (Maruff et al. 2013; Lim et al. 2013). The 

Cogstate Brief Battery includes tests to the cognitive domains of psychomotor function, attention, 

visual learning, and working memory. 

 

2.3. Risk factors 

A risk factor is characterized by an increased likelihood of occurrence of a subsequent disease or other 

health-related outcome. Risk factors are characteristics of individuals that can be used to divide a 

population into high risk and low risk subgroups. From a public health perspective, risk factors are of 

particular relevance in the identification of individuals for primary preventive measures and in the 

evaluation of the efficacy of prevention programs in controlling the targeted risk factors. The influence 

of risk factors on disease outcomes may be direct or indirect (Kirch 2008; Offord and Kraemer 2000). 

Risk factors can be categorized into modifiable factors that are potentially beneficial targets for 

prevention of a disease (e.g.: education, diabetes, physical inactivity) and non-modifiable risk factors 

(e.g.: sex, age, genetics) (Offord and Kraemer 2000). Protective factors are the antithesis of risk factors, 

in that they are characterized by a decreased likelihood of occurrence of a subsequent disease or other 

health-related outcome. 

The categorization of a factor as a risk factor is influenced by a number of factors, including age, specific 

time periods and contextual factors. This indicates that potential risk factors should be considered 
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within the context of the life course. For example, the occurrence of diabetes before the age of 70 is 

clearly associated with an increased risk of dementia, whereas the same cannot be determined for 

cases occurring after this age. (Barbiellini Amidei et al. 2021). 

 

2.3.1. Education: A cohort-related modifiable risk factor?  

The connection between educational attainment and cognition has been the subject of considerable 

research (Panico et al. 2023) and is supported by the theoretical framework of cognitive reserve. The 

accumulation of educational qualifications and the experience gained from occupational complexity 

over the life course serve to reinforce resilience against the neurodegenerative processes associated 

with age-related brain changes, and delay the onset of cognitive decline or the clinical stage of 

dementia (Stern 2012, 2009). Even if education is only one component in the accumulation of cognitive 

reserve over the life course, educational attainment has been identified as the most reliable proxy 

indicator for cognitive reserve (Peña-González et al. 2020). Although the cognitive reserve is an 

established and well-evidenced theory for the relationship between education and cognition (Nelson 

et al. 2021; Pettigrew and Soldan 2019), the exact mechanisms by which education affects cognition 

in later life are complex and remain partially unclear (Herd and Sicinski 2022; Lövdén et al. 2020; 

Seblova et al. 2020). Moreover, empirical evidence indicates that educational attainment may also 

interact with the levels of tau protein accumulation within the brain and its implications for cognitive 

function and dementia (Yasuno et al. 2020). 

In the context of dementia prevention, a key question is whether the risk factor of education can be 

modified and, if so, what potential this may offer for developing strategies to fight dementia. Once an 

individual has reached middle age or old age, it is hardly possible any more to modify this risk factor 

(from a public health perspective). Even if an increased educational attainment later in life may also 

be protective (Jin et al. 2024), it is unlikely that the positive effect in terms of cognitive reserve that 

accumulates over the life course can be attained to the same amount (Soh et al. 2024; Hayes-Larson 

et al. 2023). Nevertheless, the situation differs when education is considered a cohort-related 

modifiable risk factor. In such a case, the issue of education would be solely addressed at an early stage 

of life. Evidence from the US and China suggested that varying degrees of changes in educational 

achievement partly explain the disparities in dementia incidence and prevalence between sub-

populations (Liu et al. 2022; Hayward et al. 2021; Ding et al. 2020). Evidence from France suggests that 

an increased educational attainment may be even associated with a reduction in the incidence of 

dementia (Pérès et al. 2017; Grasset et al. 2016). Gao and colleges find similar results for the role of 

education with respect to the incidence of cognitive impairment in China (Gao et al. 2017). 
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Definition of education in Study 2 

The definition of education in Study 2 was based on individual's level of educational attainment 

according to the highest obtained degree, as self-reported by the participants. Higher education was 

categorized as either higher vocational education or university education. (Reinke 2024). 

 

2.3.2. Diabetes: An individually modifiable risk factor? 

In this thesis and the associated original studies, the term "diabetes" is used to refer exclusively to type 

2 diabetes mellitus (ICD-10: E11). 

Type 2 diabetes mellitus is a chronic metabolic disorder characterized by persistent hyperglycemia, a 

pathological state defined by an elevated level of glucose in the blood. The underlying 

pathophysiological defects in type 2 diabetes are insulin resistance in muscle and liver, as well as β-cell 

failure which is accompanied by impaired insulin secretion. The etiology of the disease is multifactorial 

including genetic, lifestyle (diet, physical inactivity and obesity), socioeconomic and environmental 

factors, and aging. Diabetes is associated with microvascular complications (retinopathy and 

neuropathy) and macrovascular complications, leading to an increased risk of cardiovascular diseases 

(Bellou et al. 2018; DeFronzo et al. 2015; DeFronzo 2009). Vascular complications and the alterations 

in glucose and insulin as well as amyloid metabolism are the pathophysiological mechanisms that 

makes diabetes to a risk factor for dementia. However, precise mechanisms underlying this 

associations remain unclear (Xue et al. 2019; Biessels et al. 2006; Ott et al. 1999). The current 

understanding of the association is multifactorial in nature and involving a range of factors including 

cardiovascular risk factors, glucose toxicity, changes in insulin metabolism, as well as inflammation 

(Ninomiya 2019). Furthermore, there is an existing correlation between diabetes and a reduction in 

brain volume, as well as an increase in brain atrophy over time (Zhang et al. 2022).  

Similar to dementia, diabetes is a chronic disease with progressive characteristics. The progressive 

nature of the disease implies a changing risk for the development of complications, which is dependent 

on both the age at onset and the duration of diabetes (Zoungas et al. 2014). The same can be applied 

to the association with the risk of dementia (Li et al. 2021), at least if the onset is before the age of 70 

(Barbiellini Amidei et al. 2021). Similarly, there is usually a considerable time interval between the 

initial onset of symptoms and the subsequent diagnosis (Harris et al. 1992). Nevertheless, diabetes is 

an individually modifiable risk factor for dementia in two respects. On the one hand, the risk of 

developing diabetes can be reduced through early detection (prediabetes) and appropriate prevention 

in the form of lifestyle interventions. The main factors here are diet and physical activity (Walker et al. 

2010; Uusitupa et al. 2019). On the other hand, glucose management and the associated blood glucose 
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settings in people with diabetes can also be seen as a modifiable risk factor. This is due to the fact that 

effective glycemic control mitigates the risk of diabetes-related complications (e.g. retinopathy, 

neuropathy, peripheral artery disease), which represent a crucial pathway for the association between 

diabetes and dementia (Zheng et al. 2021; Chang et al. 2021). The earlier diabetes is diagnosed, the 

earlier appropriate measures can be taken to achieve optimal glycemic control and thus reduce the 

risk of complications and subsequent diseases, including dementia. 

In 2021, statistical projections indicated that the global prevalence of diabetes has reached 

approximately 537 million individuals. This number was expected to reach an estimated 783 million 

people living with diabetes by 2045 (Sun et al. 2022). This highlights the relevance of diabetes as a 

modifiable risk factor for cognition and dementia. This was further emphasized by a study which 

demonstrated that 9.9% of dementia cases in a population aged 70-74 were attributable to diabetes 

(Rolandi et al. 2020). 

Definition of diabetes in Study 2 & 3 

In Study 2, diabetes was defined by the occurrence of a minimum of one of the following conditions: 

Self-reported diagnosis of diabetes, HbA1c ≥ 6.5%, fasting plasma glucose ≥ 7 mmol/L, random plasma 

glucose ≥ 11.1 mmol/L or use of any medical diabetes treatment. In Study 3 diabetes was identified by 

ICD-10 code E11 with a validation procedure that is described in section 4.2.3. 

 

2.3.3. Late-life depression: Risk factor or prodromal symptom?  

According to the Diagnostic and Statistical Manual of Mental Disorders (DSM-5), a major depressive 

disorder can be characterized by the presence of depressed mood, markedly diminished interest or 

pleasure in all, significant changes in weight or appetite, insomnia or hypersomnia, psychomotor 

agitation, fatigue or loss of energy, feelings of worthlessness, diminished ability to think or 

concentrate, and recurrent thoughts of death (American Psychiatric Association 2013). A definition of 

late-life depression is given by a major depressive episode occurring usually after the age of 60 or 65 

years. Late-life depression may manifest as either a late-onset condition or as a recurrence or 

continuation of an earlier-onset depression in later life. It is a psychological disorder that is frequently 

associated with cognitive impairment and dementia (Butters et al. 2008). Nevertheless, the 

relationship between late-life depression and cognitive function and dementia remains complex and 

incompletely understood, with evidence suggesting a bi-directional association (Husain-Krautter and 

Ellison 2021; Hsiao and Teng 2013; Reynolds et al. 2019). Late-life depression and dementia share a 

few etiological factor like inflammatory processes, cardiovascular and cerebrovascular dysfunctions 

(Husain-Krautter and Ellison 2021; Byers and Yaffe 2011). There is evidence for a pre-disease state that 
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is shared by depression (not only late-life depression) and vascular cognitive impairment, prior to the 

clinical manifestation of both (Sapsford et al. 2022). The bi-directional association between depression 

and dementia is still an open question with evidence for depression as a risk factor for dementia (Wu 

et al. 2020; Cherbuin et al. 2015; Diniz et al. 2013) as well as a prodromal symptom of dementia 

(Almeida et al. 2017; Tapiainen et al. 2017; Mirza et al. 2014). The association is supposed to be time-

dependent in a way that the timing of depression onset is crucial for the subsequent risk of dementia. 

On the one hand, depression in early and mid-life appears as an important risk factors for dementia. 

On the other hand, the association of late-life depression with dementia is still unclear (Marawi et al. 

2023; Sinclair et al. 2023; Elser et al. 2023). Moreover, the lancet commission classified depression as 

a late-life risk factor in 2020 (Livingston et al. 2020) and contextualized it to the mid-life risk factors in 

2024 (Livingston et al. 2024). 

Definition of late-life depression in Study 4 

The following ICD-10 codes were used for the identification depression diagnoses: depressive episode 

(F32); recurrent depressive disorder (F33); and dysthymia (F34.1). But, F33 and F34.1 were used only 

for validation of F32 diagnoses (Heser et al. 2020). The validation procedure is described in section 

4.2.4. Given that the study population consisted of individuals aged 65 and older, late-life depression 

is defined in this context as late-onset depression. 
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3. Theoretical framework: Risk factors for dementia over the life course 

The objective of this chapter is to provide a common theoretical framework for the thesis, integrating 

the individual research questions with the overarching topic of the thesis. This chapter focuses on 

Studies 2-4, as Study 1 was based on a data-driven approach with an explorative character. Although 

Study 1 is based on a different study design the life course approach presented here may also be useful 

for the subject of the first study, i.e. predicting the risk of dementia by considering information from 

all phases of life. 

Dementia is generally attributed to the late-life. Actually, the dementia prevalence in people younger 

thang 65 (young-onset dementia) is low (around 119 per 100,000 people) (Hendriks et al. 2021). 

However, the risk factors for dementia, particularly those that can be modified, offer opportunities for 

intervention and prevention over the entire life course. 

According to the report by the Lancet Commission, 14 modifiable risk factors, are distributed across 

the entire life course, encompassing the periods from early to mid- to late life (see Figure 2). These 

include low education, diabetes as well as depression (Livingston et al. 2024). This report highlights 

that the challenges and intervention points for fighting dementia (from a public health perspective) 

can be found throughout the entire life course. Furthermore, individual opportunities for prevention 

should be seen as lifelong prospects for reducing the risk of dementia. Therefore, the concept of life 

course epidemiology also known as the life course approach provides a suitable framework for 

embedding the objectives and scope of this thesis. 

Life course epidemiology is a framework comprising elements from a range of scientific domains, 

including epidemiology, sociology, psychology, biomedical sciences, and other fields related to 

population health sciences (Wagner et al. 2024). The framework considers the timing and duration 

effects of social and physical exposures and risk factors as well as their accumulation and interaction 

for health outcomes over the entire life. The life course encompasses the life stages during gestation, 

childhood, adolescence, young adulthood, and later adult life. The purpose is to model pathways that 

link exposures over the life course to health outcomes in later life. By including age at onset or 

trajectory, transition and turning points of health behavior and diseases, it also opens a temporal 

perspective on risk factors that appear or manifest in adulthood or later (Kuh et al. 2003; Ben-Shlomo 

and Kuh 2002; Lynch et al. 1997). The framework of life course epidemiology includes the following 

concepts: “Accumulation of Risk”, “Chain of Risk Model”, “Mediating Factors”, “Trajectory, 

Transition and Turning Points”, “Time” and “Induction and Latency Periods”. 

The objective of Study 2 was to ascertain whether the relationship between education and cognitive 

function is partially linked via diabetes. Three of the above-mentioned concepts can be used to embed 



Theoretical framework: Risk factors for dementia over the life course 

15 
 
 

this question. The hypothesized association of education via diabetes on cognitive function can be 

described as a chain of risks: Lower levels of education, which are usually formed in early life, lead to 

a higher risk for diabetes, and diabetes, which manifests in the majority of cases in mid- or late-life, 

increases the risk for a declined (impaired) cognition in late-life. In this consideration of the hypothesis 

as a pathway model, as well as in the consideration of the question itself, diabetes appears as a 

mediating factor between the exposure and the outcome, whereby the sequential pathways that link 

the individual factors with each other cross the life stages. However, both factors may also be 

independently associated with the outcome, independent of the sequential pathways. From another 

point of view, the potential effects of education and diabetes on cognitive function may be interpreted 

in an additive way. Thus, lower education and diabetes are different exposures that accumulate risk of 

cognitive decline over the life course. 

Study 3 questioned the temporal evolution of the risk of dementia in individuals diagnosed with 

diabetes. The hypothesized duration dependency of the dementia risk represents a special case of risk 

accumulation. In addition, the duration of a disease is a specific concept of time, that usually runs 

equivalent to individual’s lifetime. In contrast to lifetime, however, disease duration must be clearly 

separated from age, as duration effects can differ at different ages. A further perspective is that the 

trajectory of dementia risk after a diabetes diagnosis can be seen as a transition from one risk pattern 

to another one (e.g. a decreasing to an increasing risk pattern), whereby this change can be interpreted 

as a turning point. 

The underlying question in Study 4 was if late-life depression is a risk factor or a prodromal symptom 

for dementia? This question was explored by analyzing the trajectory of dementia risk, but in 

subsequence of a depression diagnosis. However, it was not the duration of the disease that mattered, 

but the time since diagnosis. This is a different concept of time because depression is not necessarily 

a chronic condition, but diabetes is. If late-life depression is actually an early symptom of dementia 

that occurs before the clinical status manifests, it represents a transition from a pre-clinical to a clinical 

state. Evidence for a prodromal association may be indicated by a greater strength of association for 

shorter time intervals between incident late-life depression and subsequent dementia. This question, 

together with the circumstance that in the case of dementia can often be long phases between the 

onset of the disease (the process) and the diagnosis (Karr et al. 2018), means that this is a latency 

period. Late-life depression as an early symptom therefore falls into a latency period for dementia that 

has not yet reached a clinical stage.  

One if not the elementary component of the life course approach is time, which is not limited to life-

time. For this reason, longitudinal studies are fundamentally necessary for studies related to the life 

course approach. Preferably, although not necessarily, these should be of a prospective design. 
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The lack of a standardized and strict definition of life stages is a consequence of the fact that such a 

classification should always be based on the specific context of the research question. A orientation 

rather than a definition of the periods of life based on Levinsons Model of Development in Early and 

Middle Adulthood (Cited from: Dannefer 1984). Early-life encompasses the childhood and adolescence 

phase between 0-17 years as well as the early adulthood between 17-40 years; Mid-life includes the 

phase of middle adulthood from 40-60 years; The Late-life is defined as the late adult transition from 

60-65 years, and the late adulthood denotes the ages from 65 and upwards. This categorization is also 

appropriate for the purposes of this thesis, in relation to the underlying exposures and outcomes. The 

process of educational acquisition usually takes place in early life. The global incidence of diabetes 

shows a peak among the age group 55-59 (Khan et al. 2020), indicating that this risk factor is mainly 

located in mid-life. However, the mean age at diagnosis in Germany is between 61-63 years (Jacobs et 

al. 2020), what rather suggests that it is perhaps the transition phase from middle to late-life. The 

majority of diagnoses of dementia occur in late-life (Wolters et al. 2020; Blotenberg et al. 2024). Late-

life depression is per definition located in late-life. 

Empirical evidence according to the theoretical framework of life course 

Although the foundations of educational attainment typically start early in life, there is an association 

with the dementia risk in the late life phase (Seblova et al. 2020). Additionally, higher education 

increases the likelihood for higher and more complex occupations (Hyun et al. 2022) and this may 

associate with better conditions for the accumulation of a higher cognitive reserve over the life course 

(Dekhtyar et al. 2015). Thereby, the risk of dementia can be decreased or rather delayed (as described 

in 2.3.1). Nevertheless, studies have indicated that the underlying mechanistic pathways of education 

and cognition remain unclear (Seblova et al. 2021). However, it is noteworthy that the risk of dementia 

is also reduced by cognitively stimulating jobs, independent of the education level (Kivimäki et al. 

2021).  

Physical inactivity and nutrition are factors that can have a multifaceted influence on the risk of 

dementia, especially or only in mid-life. Physical activity protects against hypertension, for example, 

but can also reduce neuroinflammatory processes (Huuha et al. 2022; Freitas et al. 2020). Lifestyle-

related diseases like obesity (Tang et al. 2021; Qu et al. 2020), hypertension (Mahinrad et al. 2023; 

Hughes et al. 2020), high LDL cholesterol (Wee et al. 2023; Zhang et al. 2020) and (Xue et al. 2019; 

Barbiellini Amidei et al. 2021) suggest a potentially indirect association of nutrition to the dementia 

risk over the whole life (e.g. control of body weight (Veronese et al. 2017)) (Kjeldsen et al. 2022; Liu et 

al. 2020). The link of obesity and dementia may operate through diabetes and hypertension as well as 

the association with cardiovascular diseases (Safaei et al. 2021). The mechanisms linking diabetes and 

dementia were described in detail in section 2.3.2. Other lifestyle factors such as smoking (Raggi et al. 
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2022; Gottesman et al. 2017) and excessive alcohol consumption (Kivimäki et al. 2020) in mid-life also 

increase the risk of dementia. While alcohol induce alterations in the structure and function of the 

brain (Rehm et al. 2019) smoking and dementia are associated by cardiovascular pathways and through 

oxidative damage (Choi et al. 2018; Peters et al. 2008). Further important risk factors in midlife are 

hearing loss (Yu et al. 2024; Wei et al. 2017) and traumatic brain injuries (Gardner et al. 2023; Gu et al. 

2022). Traumatic brain injuries can cause dementia in a direct way through a traumata (Katz et al. 

2021) or by an increased deposition of amyloid-beta (Aβ) and tau aggregates in the brains (Brett et al. 

2022; Graham and Sharp 

2019). The hypothesized 

mechanisms for the 

connection of hearing loss 

and dementia incorporate a 

reduced cognitive reserve 

(Griffiths et al. 2020) as well 

as psychosocial factors, such 

as loneliness, social isolation 

(Shukla et al. 2020) and 

depression (Powell et al. 

2022). Depression is also 

independently associated 

with the risk of dementia 

(Stafford et al. 2022; Elser et 

al. 2023). The association 

was described in detail in 

section 2.3.3. However, 

there is only reliable 

evidence for depression as a 

risk factor in mid-life 

(Karlsson et al. 2015). In late-

life, being the main focus of 

Study 4, the evidence is not 

clear and depression rather 

appears as a prodromal symptom of dementia (Mirza et al. 2014; Heser et al. 2020).  

In the Lancet Commission report from 2020 (see Figure 1), depression was still characterized as a late-

life risk factor (Livingston et al. 2020). This reinforces the ambiguity and relevance of this connection. 

Source: (Livingston et al. 2020) 

Figure 1: Population attributable fraction of potentially modifiable 

risk factors for dementia 
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However, as the classification of the 

mid-life and late-life stages is not a 

matter of clear-cut periods and 

depression can be a chronic disease, 

a definitive allocation to one of the 

life stages is challenging. 

Nevertheless, the definition of late-

life depression, namely depression 

with an onset in late life, provides a 

clear classification into this phase of 

life. The status is more clearly 

defined for the factors social 

isolation (Elovainio et al. 2022; Shen 

et al. 2022), air pollution (Peters et 

al. 2021; Abolhasani et al. 2023) and 

visual loss (Shang et al. 2021; Kuźma 

et al. 2021). The mechanism 

between social isolation and 

dementia remains largly unclear 

(Evans et al. 2019; Kelly et al. 2017). 

Air pollution like fine particulate 

matter seems to be linked to 

dementia via lung function and 

inflammatory processes (Aretz et al. 

2021; Jayaraj et al. 2017). There is evidence to suggest that visual loss may be linked to dementia via 

underlying comorbidities, such as diabetes, as well as via a direct path (Shang et al. 2023; Paik et al. 

2020). 

Life course epidemiology represents a fundamental concept for understanding the evolution of risk 

profiles for chronic diseases like dementia, thus providing a basis for the development of effective 

public health strategies (Wagner et al. 2024).  

  

Source: (Livingston et al. 2024) 

Figure 2: Population attributable fraction of potentially 

modifiable risk factors for dementia 
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4. Data & Methods

The objective of this chapter is to outline the materials and methods employed in the underlying 

studies of this thesis. The following section outlines the data sources utilized in the studies. 

Subsequently, the designs and statistical methods employed in the individual studies are illustrated.  

 

4.1. Data 

The studies presented in this thesis are based on two distinct data sources. In Studies 1, 3 and 4, the 

database was provided by German health claims data from the health insurance company "Allgemeine 

Ortskrankenkasse (AOK)", which serves as an illustrative example of routinely collected data. The data 

source for Study 2 was the Lifelines cohort study, a longitudinal population-based health survey from 

the Netherlands. In the following two sections, the data sources as well as the general pros and cons 

of the routinely collected data and population-based health surveys are described. 

 

4.1.1. AOK-Data 

Health claims data is administrative data that is collected by health insurers on a routine basis for the 

purpose of maintaining their billing systems and for the purpose of capturing any kind of healthcare 

utilizations or encounter with the healthcare system (Cadarette and Wong 2015). In Germany, there is 

a statutory obligation to be insured with a health insurance fund. Therefore, the entire German 

population is insured by the public (statutory) or private health insurance system (Döring and Paul 

2010), whereby approximately 88% are in the statutory health insurance system (GKV-Spitzenverband 

2024). Health claims data comprises a wide range of detailed clinical information, including diagnoses, 

prescriptions filled, and conducted operations and procedures on an individual level. This information 

is drawn from both outpatient and inpatient sectors. The high dimensionality of information and the 

possibility of conducting analyses on large sample sizes over long observation periods (with short 

intervals) make health claims data a valuable resource for research in a number of fields, including 

epidemiology, health services research, drug utilization and public health. German health claims data 

has been utilized in numerous studies within these disciplines (Kreis et al. 2016; Hoffmann 2009; 

Hennessy 2006; Schneeweiss and Avorn 2005), and has also been for prevalence and incidence 

estimations (Georges et al. 2023; Nerius et al. 2020; Doblhammer and Barth 2018; Nerius et al. 2017; 

Doblhammer et al. 2015). 

The routine collection of health claims data eliminates the need for expensive and time-consuming 

data collection processes. Consequently, they constitute the foundation for cost-effective 
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epidemiological and public health-related analyses. Given the administrative nature of the data, 

participation or inclusion in the data is not optional, and the issue of selection bias is not applicable. 

Moreover, the German healthcare system provides coverage for all citizens, including those residing 

in nursing homes, which are often unrepresented in population-based surveys (Gaertner et al. 2019). 

As the included medical diagnoses are made by healthcare professionals, recall bias, a common issue 

in interview-based surveys (Coughlin 1990), is not a concern. Information such as diagnoses, 

prescriptions, and surgeries come from the in- and outpatient sector and are typically coded according 

to international classification systems, allowing for cross-country comparisons. In the case of death, 

the data set includes the date of death. However, claims data are not without limitations. Information 

is generated exclusively when individuals have interacted with the healthcare system. In the context 

of diagnoses, this can result in undetected cases (with subsequent implications for prevalence 

estimates) and may be interpreted as a form of reporting bias. As the data is originally collected for 

the purpose of the billing system, it may be affected by changes to the billing system or to legislation. 

Further, the data contains no or limited socioeconomic, demographic and geographic information.  

If the analysis is restricted to the data of a single insurance fund, as is the case with the studies 

presented in this thesis, there are additional factors that must be considered. The choice of an 

insurance company is usually an individual decision, with a few exceptions. It is possible for individuals 

to change insurance companies, which may result in a loss of follow-up. The distribution of socio-

demographic and socio-economic characteristics may differ between insurance companies, resulting 

in deviations when compared to the corresponding population (in this case, the German population) 

(Epping et al. 2021). These differences can be particularly large between insurance companies from 

the public and private system (Greß 2007). 
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Description of the sample in the underlying studies 

Study 1, Study 3 and Study 4 used anonymized health claims data from an age-stratified random 

sample of 250,000 individuals insured by the largest German health insurance provider, Allgemeine 

Ortskrankenkasse (AOK). The sample, which was drawn and provided by the AOK Research Institute 

WIdO (Wissenschtliches Institut der Ortskrankenkassen) in 2004, comprised individuals born prior to 

1955, with longitudinal follow-up extending through 2015 (shown in Figure 4). The sample was 

representative of the German population aged 65 years and older in terms of mortality, as illustrated 

in Figure 3 (Fink 2017; Fink 2014). The dataset encompassed quarterly information across a multitude 

of variables, including demographic characteristics (sex, date of birth and date of death), medical 

diagnoses from both the inpatient and 

outpatient sector (utilizing the ICD-10 

classification system), pharmaceutical 

prescriptions (in accordance with the ATC 

classification), and surgical interventions 

(grounded in the German adaptation of the 

ICPM classification). The data does not contain 

electronical health records in terms of reports 

of symptoms, results of physical examinations 

or diagnostic test results. Given that the data 

had been rendered anonymously, there was no 

necessity for ethical review or patient consent. 

Validation of dementia diagnoses within the sample 

In light of the high proportion of unspecified dementia diagnoses (Fink 2014) (see section 2.1) and the 

primary use of the data for billing purposes, the question of the validity of the available diagnoses is a 

consequent issue that must be addressed (Schubert et al. 2010). Although the problems of false-

negative and false-positives diagnoses can occur in billing data (Taylor et al. 2009), it has been shown 

that the specificity for dementia diagnoses is high (Chen et al. 2019; Rizzuto et al. 2018). Nevertheless, 

to counteract the potential problem of false-positive dementia diagnoses, an internal validation 

strategy was applied.  

The strategy consisted of a two-stage procedure of the diagnosis described in section 2.1. In the initial 

phase, ‘verified’ outpatient diagnoses and inpatient discharge or secondary diagnoses were 

corroborated. In the subsequent phase, diagnoses were substantiated through concurrent in- and 

outpatient evaluations, multiple diagnoses rendered by various physicians within the same or 

successive quarters, or the co-occurrence of diagnoses throughout the study duration. In the event of 

Figure 3: Death rates (2004-2007) for the AOK-

sample and Germany 
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a dementia diagnosis and death occurring within the same quarter, it was considered to be valid 

because time-related validation was not possible. This strategy was developed and introduced by 

Doblhammer and colleges (Doblhammer et al. 2015) and based on Schubert et al. (Schubert et al. 

2010). It is well established and repeatedly applied (Doblhammer et al. 2015; Fink 201 ; Rakuša et al. 

2023; Georges et al. 2023).  

 

4.1.2. Lifelines Data 

Population-based health surveys are a fundamental instrument in the field of public health and 

epidemiology research, offering insights into a population's health status, the necessity of health 

services, and the efficacy of health interventions. They provide valuable data for all fields of medical 

science and the planning of health programs, they can inform policy makers and serve as a basis for 

the identification and investigation of risk factors. An example of a population-based health survey is 

the Lifelines Cohort Study, from which data was used for Study 2. 

A principal benefit of population-based health surveys is the comprehensive and extensive range of 

information, particularly regarding the social, economic and demographic background of the study 

participants, as well as health-related behaviors or measures of the quality of live. Furthermore, 

population-based health surveys frequently incorporate medical examinations, allowing for the 

inclusion of biomarkers, laboratory results, and test scores. This enables the identification of 

undiagnosed cases and the assessment of disease severity. Additionally, conditions lacking a clinical 

diagnosis or prodromal phases of certain diseases can be detected. For instance, cognitive tests can 

quantify cognitive function, which may serve as an indicator for cognitive impairment prior to its 

clinical manifestation. However, population-based health surveys are not without limitations. In 

comparison to data that is routinely collected, population-based surveys are both costly and time-

consuming to undertake. Typically, population-based surveys do not include individual diagnoses from 

healthcare professionals; rather, they rely on self-reported information. Such data is typically affected 

by recall and response bias (Elston 2021). Additionally, population-based surveys are susceptible to 

selection bias (Tripepi et al. 2010; Strandhagen et al. 2010). This is particularly evident in the exclusion 

of individuals with severe disabilities as well as the underrepresentation of nursing home residents 

(OECD 2023). Panel attrition is a further issue that typically occurs in longitudinal population-based 

surveys (Saiepour et al. 2019). 

In the mandatory data statement, Lifelines described the study as follows: “Lifelines is a multi-

disciplinary prospective population-based cohort study examining in a unique three-generation design 

the health and health-related behaviors of 167,729 persons living in the North of the Netherlands. It 
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employs a broad range of investigative procedures in assessing the biomedical, socio-demographic, 

behavioral, physical and psychological factors which contribute to the health and disease of the general 

population, with a special focus on multi-morbidity and complex genetics” (Lifelines 2024).  

 

Figure 4: Overview of the data structure 

 

The Lifelines cohort study encompasses a wide range of health-related information, comprising not 

only results from physical examinations but also detailed analyses of biological samples, 

comprehensive evaluations from cognitive testing, and a comprehensive questionnaire intended to 

gather multifaceted data regarding various health-related parameters. The data collection process was 

extended over a period of seven years, from 2006 to 2013, for the initial baseline assessments. This 

was followed by a subsequent follow-up phase of data collection between 2014 and 2017, which was 

dedicated to the second wave of assessments (Scholtens et al. 2015; Sijtsma et al. 2022; Stolk et al. 

2008) (shown in Figure 4). Further waves that are part of the ongoing study are the third wave 

(collection period: 2019-2023) and fourth wave (collection period: started in 2024). These/They are 

not part of this thesis and the underlying Study 2 respectively.  

 

 

 

 

 

 

 

Source: Own illustration based on: (Sijtsma et al. 2022) 



Data & Methods 

24 
 
 

4.2. Methods & statistical analysis 

4.2.1. Study 1: Dementia risk prediction from German claims data using methods 

of machine learning 

The objective of this chapter is to outline the study design and sample as well as the statistical 

approaches used in the first study (Reinke et al. 2023). The hypothesized questions in this study were 

if German health claims data suitable for individual dementia risk predictions? Can methods of 

machine learning outperform classical regression in terms of dementia risk prediction? What are 

important predictors for the risk of dementia, and is it possible to identify new predictors? 

Study design & sample 

The research utilized the AOK-dataset, detailed in section 4.1.1. The study period started with 2006 

and ended with 2015, with observations recorded on a quarterly basis. The study population 

comprised individuals aged 65 and older (at baseline) without a dementia diagnosis in either 2004, 

2005 or the first quarter of 2006. This resulted in 117,895 individuals, of whom 27,651 received a 

dementia diagnosis over the course of the study period. In the initial quarter of the diagnosis of 

dementia, all predictors were assigned the values of the preceding quarter. This was done because the 

sequence of events within the quarters was unable to be determined. A training population was 

assembled using a random sample comprising 60% of the study cohort, stratified by dementia status. 

The residual participants were distributed between a validation and a test population so that the two 

groups were of equal size. 

The definition of the outcome and the respective validation strategy were described in section 2.1 and 

4.1.1. The considered predictors were 23 age-related diseases (Doblhammer and Barth 2018; 

Livingston et al. 2020), all prescriptions coded by the ATC classification system on the level of 

pharmacological subgroup, and all surgeries based on three-digit classes from Chapter 5 of the OPS, as 

well as age and sex. With the exception of age and sex, all predictors were incorporated as time-

dependent variables. A sum of 324 predictors were considered, with 212 ATC codes and 87 OPS codes. 

Statistical methods 

In accordance with the data structure (one row per quarter), a discrete process time was defined, 

starting in the first quarter of 2006. In order to make predictions, logistic regression (LR), gradient 

boosting machines (GBMs), and random forests (RFs) were employed. This enabled applying discrete 

hazard models using time-dependent predictors and the accounting for right-censoring (Tutz and 

Schmid 2016). A LR model was constructed using the combined training and validation population, 

incorporating all predictors, including categorical process time. This model was regarded as the 
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benchmark model. A GBM (Zhang and Yu 2005) was trained on the training data with a learning rate 

of 0.01 and the iterations were limited to 10,000. The stopping criteria was determined by no log-loss 

improvement over the last 100 iterations. Further parameters were tuned to a grid search on the 

validation set. The final GBM was fitted on the combined training and validation population. The RF 

models were trained with 1,000 and 10,000 trees. All other parameters were set to their default values. 

The efficacy of the predictive models was evaluated in terms of accuracy, discriminatory power, and 

calibration. The overall accuracy was quantified using the integrated prediction error, which was 

modified from the Brier score. This method relies on weighted quadratic differences between 

predicted and observed survival functions (Tutz and Schmid 2016). The 95% CI were calculated using 

5000 bootstrap replications of the test data. To measure the discriminatory power, a time-

independent concordance index (C-index) was computed (Schmid et al. 2018; Harrell 1982). 

Furthermore, calibration plots were analyzed, and an intercept and slope were determined to evaluate 

potential systematic overestimations or underestimations of predicted risks (van Calster et al. 2019; 

Miller et al. 1993). To identify the most influential predictive features of the GBM model, a permutation 

method was employed to derive relative importance scores (Breiman 2001a). For LR, the relevant odds 

ratios were provided, organized by their absolute z-values. 

 

4.2.2. Study 2: The effect of diabetes in the multifaceted relationship between 

education and cognitive function 

The following section presents a description of the sample, the study design, and the statistical 

methods employed in Study 2 (Reinke 2024). The underlying research question in this study was if 

some of the association between education and cognitive function may operate through the diabetes 

status? 

Study design & sample 

The Lifelines cohort included a total of 152,860 individuals aged 18 years or older at the initial baseline 

assessment. Since only 111,959 individuals of the cohort also participated in the second assessment, 

40,901 were excluded from the sample. 73,202 individuals who were younger than 50 years at the 

baseline assessment were also excluded from the sample. Furthermore, 12,220 individuals without the 

Cogstate examination to measure cognitive function were excluded. This exclusion also applied to 

those without information regarding educational attainment (120 individuals), the HbA1c-value to 

define diabetes status (267 individuals), or any relevant confounding variables (19 individuals). As a 

result, the final sample, which was selected according to the aforementioned inclusion and exclusion 

criteria, consisted of 26,131 individuals. 
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In order to implement a longitudinal study design that incorporates a causal time order, the exposure 

variable for educational attainment (described in section 2.3.1) as well as the mediator diabetes 

(described in section 2.3.2) and the confounding variables were defined using data from the baseline 

assessment. As the analysis was conducted only on individuals aged 50 years or older at baseline, it 

can be assumed that their maximum educational achievement occurred prior to the measurement of 

the mediators and confounders. The outcome cognitive function was measured only at the second 

assessment. It was measured by the Cogstate Brief Battery which has been described in section 2.2.  

Previous studies have demonstrated that the relationship between diabetes and cognitive function is 

not consistent across different cognitive domains (Monette et al. 2014; Palta et al. 2014). This evidence 

indicates that psychomotor functioning and attention are the domains that are most significantly 

affected by diabetes. Accordingly, a composite score was constructed from these two specific domains, 

using the results of detection and identification tasks of the Cogstate Brief Battery. This approach was 

similar to a previous study (Maruff et al. 2013). For this purpose, the log-10-transformed reaction time 

in milliseconds from both assessments was z-standardized within 5-year age groups, and subsequently 

aggregated. Consequently, a positive value indicates a comparatively higher (slower) reaction time 

relative to the corresponding age group, which is indicative of worse cognitive function. Conversely, a 

negative value indicates a lower (faster) reaction time, which is indicative of better cognitive function 

relative to the corresponding age group. The confounding variables were the comorbidities: 

depression, hypertension, stroke, heart failure, and high cholesterol. Further controls were: age, sex, 

physical activity, obesity, smoking history, monthly income as well as the accuracy of the tasks from 

the outcome measure defined as the number of correct responses diverted by the number of total 

responses.  

Statistical methods 

The relationship between education, diabetes status and cognitive function was investigated using 

linear and LR models. To assess the indirect effect of the exposure education on the outcome cognitive 

function via the mediator diabetes, a causal mediation framework was employed. This methodology, 

which is based on structural equation modelling, enables the estimation of the average causal 

mediation effect (ACME) also known as indirect effect. The process comprised several steps. Initially, 

two statistical models were constructed: One for the mediator M (Equation 1) and another for the 

outcome O (Equation 2). In the subsequent phase, parameters for both the outcome and mediator 

were simulated from their respective sampling distribution. Thirdly, potential mediator values were 

simulated prior to assessing the potential outcomes, given the values for the mediator, enabling the 

calculation of causal mediation effects. Finally, point estimations for the ACME and the direct effect 

and confidence intervals were derived from the simulated distribution. This methodology is 
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comprehensively detailed by Imai et colleges (Imai et al. 2010a). The mediator in model 1 was modeled 

by LR. The outcome was modeled by a linear regression. 

𝑀𝑜𝑑𝑒𝑙 1:     𝑀 = 𝛽0 + 𝛽𝐸𝐸 + ∑(𝛽𝑖𝐶𝑖) + ϵ𝑀𝑛
𝑖=1  

𝑀𝑜𝑑𝑒𝑙 2:     𝑂 = 𝛼0 + 𝛼𝐸𝐸 + 𝛼𝑀𝑀 + ∑(𝛼𝑖𝐶𝑖) + ϵ𝑂𝑛
𝑖=1  

A sensitivity analysis was conducted to test the assumption of no unmeasured confounders in the 

association between the mediator and the outcome (Imai et al. 2010b). This was performed by 

estimating a correlation parameter for 𝜖𝑀 𝑎𝑛𝑑 𝜖𝑂 at which the ACME would be zero (Tingley et al. 

2014). Further sensitivity analyses were conducted by: A classical structural equation modeling as an 

alternative mediation approach, testing the robustness of the study design by using other indicators 

than diabetes as potential mediators, and an extended definition of diabetes based on information 

from the baseline and follow-up periods. 

  

4.2.3. Study 3: Diabetes duration and the risk of dementia: a cohort study based 

on German health claims data 

This section presents a description of the sample, an account of the study design, and an exposition of 

the statistical methods used in Study 3 (Reinke et al. 2022). Study 3 examined the temporal evolution 

of the risk of dementia in individuals diagnosed with diabetes, as well as the potential modifying effects 

of diabetes severity and treatment type on this association. 

Study design & Sample 

The database utilized in this study was the AOK-dataset, which was described in detail in section 4.1.1. 

The study population comprised individuals with incident diabetes who were 65 years and older at 

baseline (2006). Individuals with a prior diagnosis of dementia or diabetes, or with any type 1 diabetes 

diagnosis, were excluded from the study. The cohort consisted of 13,761 individuals aged 65 years and 

older who had been newly diagnosed with diabetes and had been followed for a minimum of one 

quarter. Over the course of the observation period, which concluded at the end of 2014, 2,558 cases 

of dementia were documented, while 2,845 individuals died during the study period. Additionally, 

8,544 participants completed the follow-up, and 107 individuals exited the dataset for various other 

reasons, including changes in insurance company. The outcome of dementia and the corresponding 

validation approach are described in section 2.1 and 4.1.1.  
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The diagnoses of diabetes, as outlined in section 2.3.2, were validated by at least two verifiable 

diabetes diagnoses in distinct quarters. In order to validate the diagnoses of diabetes and dementia 

also at the end of the study period (end of 2014), data from the year 2015 were also employed. 

Diabetes treatment were defined into three groups of anti-diabetic medication (ADM) and one group 

with individuals who received no-ADM. The groups were classified according to the Anatomical 

Therapeutic Chemical (ATC) classification system. Individuals in the insulin group were prescribed 

medication that corresponded to the ATC code A10A. The group comprising oral-ADM was associated 

with prescriptions classified under the ATC code A10B. Concurrent prescriptions of both insulin and 

oral-ADM were allocated to the category designated as mixed-ADM. 

The severity of diabetes was implemented by a proxy measure of diabetes complications. The Adopted 

Diabetes Complications Severity Index (aDCSI) was developed by Young and colleagues as a tool for 

predicting the risk of mortality and hospitalization in individuals with diabetes (Young et al. 2008). 

Subsequently, the tool was adopted and validated for utilization within claims data, irrespective of 

laboratory results (Chang et al. 2012). Wicke and colleagues undertook an update of the tool, migrating 

it from the ICD-9 to the ICD-10 version (Wicke et al. 2019). The aDCSI ranged from 0 to 13 and for our 

analyses it was categorized into five levels (0, 1, 2, 3 and 4+). The aDCSI was implemented as a time-

varying variable. 

Other covariates in the study were age and sex as well as the comorbidities: hypertension, depression, 

cerebrovascular diseases, ischemic heart diseases, atrial fibrillation and flutter, obesity and disorders 

of lipoprotein metabolism.  

A strategy proposed by Hernan et al. for the avoidance of biases in treatment assignment was 

implemented (Hernán et al. 2016; Emilsson et al. 2018).  

Statistical methods 

To evaluate the risk of dementia in relation to the duration since the initial diagnosis of diabetes, 

piecewise exponential regression models were employed to explicitly delineate the baseline hazard 

throughout the study period. The baseline hazard was partitioned into quarters and characterized as 

a second-degree polynomial function of the time since diabetes diagnosis (d), and a quadratic term 

(d2). Second-degree polynomial was chosen because of the best AIC compared to other 

transformations (logarithmic, exponential, cubic and continuous time without a quadratic term). The 

hazards of the total duration effect were calculated given the covariate matrix Z by: 

 ℎ(𝑑|𝒁) = ℎ0(𝑑) 𝑒𝑥𝑝(𝒂𝒁), with ℎ0(𝑑) = 𝑏1𝑑 + 𝑏2𝑑2  
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Treatment strategies were incorporated as a time-varying variable, and to assess the duration effect 

by treatment groups, interaction effects between the treatment groups (ADMi) and the baseline 

hazard function were included. The Index i represented the four treatment groups: insulin (i=1), oral-

ADM (i=2), mixed-ADM (i=3) and no-ADM which represented the reference group. The hazards were 

calculated by: ℎ(𝑑, 𝐴𝐷𝑀𝑖|𝒁) = ℎ0(𝑑, 𝐴𝐷𝑀𝑖) 𝑒𝑥𝑝(𝒂𝒁),  

with   ℎ0(𝑑, 𝐴𝐷𝑀𝑖) = 𝑏1𝑑 + 𝑏2𝑑2 + 𝐴𝐷𝑀𝑖(𝑏3,𝑖 + 𝑏4,𝑖𝑑 + 𝑏5,𝑖𝑑2) 

 

Sensitivity analyses were conducted to examine distinct age, and severity of diabetes. Moreover, Cox 

regression models were utilized to statistically confirm that the effects of treatments and diabetes 

severity on the risk of dementia were independent of the modelling approach. 

 

4.2.4. Study 4: The temporal association between incident late-life depression and 

incident dementia 

The subsequent section presents an overview of the study design, sample, and statistical methods 

employed in Study 4. The study researched the question if late-life depression is rather a prodromal 

symptom than a risk factor for dementia. This was examined by testing whether the associations would 

be stronger for shorter intervals between a late-life depression diagnosis and subsequent dementia. 

Study design & Sample 

The study employed the AOK-dataset, elaborated upon in section 4.1.1. The study cohort comprised 

individuals aged 65 and above who had not been diagnosed with depression or dementia in 2004 or 

2005. The study cohort included 97,100 individuals, of whom 20,779 received a dementia diagnosis 

over the course of the study period, which spanned from 2006 to 2014. The definition of late-life 

depression was described in section 2.3.3. The diagnosis of depression was validated in accordance 

with the following criteria (Wagner et al. 2018): an inpatient discharge or secondary diagnosis; two 

outpatient diagnoses in different quarters (within a four-quarter period); or two outpatient diagnoses 

by separate physicians in the same quarter. Furthermore, if the individual died within the quarter of 

the initial depression diagnosis. Depression severity is categorized as mild, moderate, severe, or 

unknown, according to ICD-10 codes. The outcome of dementia and the corresponding validation 

approach are described in section 2.1 and 4.1.1. 



Data & Methods 

30 
 
 

The confounding variables of age, sex, and comorbidities were considered in the analyses. All 

covariates, with the exception of sex, were considered to be time-varying variables. 

Similar to Study 3, a strategy to avoid biases by group assignment was applied (Hernán et al. 2016; 

Emilsson et al. 2018). 

Statistical methods 

The incidence rates of dementia and piecewise constant exponential models were calculated. 

Individuals were censored at the end of the follow-up period in 2014 or at the time of death, whichever 

occurred first. The analysis time was partitioned in up to 36 quarters in order to facilitate piecewise 

exponential modelling. The Akaike information criterion was used to assess the suitability of various 

temporal functions, with the natural logarithm of analysis time identified as the best fir to the data. 

Cases with the simultaneous diagnoses of depression and dementia were incorporated into the control 

group.  
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5. Summary of the study results 

5.1. Study 1: Dementia risk prediction  

This section summarizes the main findings and discussion points from Study 1 (Reinke et al. 2023) 

Study cohort 

At baseline, the mean age was 74.8 years (SD = 6.6), with a mean age at dementia diagnosis of 82.3 

years (SD = 6.3). 38% of the participants were male. The mean time of follow-up was 17.8 quarters (SD 

= 11.3).  

Main Results 

LR exhibited the best discriminatory power (C-index = 0.714, 95% CI = 0.708–0.720), closely followed 

by GBM (0.707, 0.700–0.713). The pairwise differences of the C-index were found to be significantly 

different from zero (mean = 0.007, 0.005–0.009). The random forest model exhibited a markedly lower 

discriminatory power, as indicated by a C-index of 0.636 (0.628–0.643). LR exhibited the lowest 

integrated prediction error (0.044, 0.044–0.045), followed by GBM (0.046, 0.046–0.047) and RF (0.105, 

= 0.104–0.107). Calibration plots (shown in Figure 5) indicated that GBM exhibited strong calibration 

(intercept = 0.0 7, slope = 1.02 ), while LR demonstrated slightly less calibration (−0.101, 0. 76). In 

contrast, RF exhibited significant calibration issues (−1.110, 0.870). 

Figure 5: Calibration on test data. Intercepts and slopes calculated by logistic calibration 

 

Source: AOK-data 2004-2015, own calculations  

Looking at the variable importance of the GBM model (Figure 6), the age at baseline was the most 

important predictor. Under the medical prescriptions, antipsychotics (ATC-code: N05A), anti-dementia 

drugs (N06D), and antidepressants (N06A) appear as most influential predictors. Some drugs are 

associated with conditions that increase the risk of dementia, such as insulin (diabetes) and diuretics 

(hypertension). Others, such as the group of macrolides, lincosamides and streptogramins (J01F), show 

a previously unknown relationship to the risk of dementia. Moreover, well-established features such 
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as cerebrovascular disease, depression and Parkinson's disease have also been identified as important 

contributors. The odds ratios of the LR are reflect a similar order in relation to variable importance 

(shown in Figure 7). The odds ratios indicated that the group of macrolides, lincosamides and 

streptogramins is associated with a reduced risk of dementia. 

Figure 6: Variable importance top 20 from the GBM model. 

 

Source: AOK-data 2004-2015, own calculations 

Discussion 

Both logistic regression and GBM indicated accurate discriminatory power and the results are 

comparable to or partly better than the results of other studies using claims data (Fukunishi et al. 2020; 

Nori et al. 2019; Albrecht et al. 2018). The ML methods did not outperform classical regression. 

However, GBM demonstrated more accurate calibration. The results from regression models are often 

more straightforward to interpret than those from ML methods. Conversely, variable importance 

measures provide greater insight into the predictive ability. Among the top 20 predictors, age was 

identified as the most important one, followed by other established risk factors, including diabetes and 

late-life depression. Of particular interest was the appearance of a less-established feature, namely 

the antibacterial medical prescriptions macrolides, lincosamides, and streptogramins, which also 

emerged as an important predictor.  
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Figure 7: Odds ratios from logistic regression according to the highest absolute z values. 

Source: AOK-data 2004-2015, own calculations  

It can be concluded that the utilization of routinely collected claims data provides a valuable 

supplementary measure for dementia risk detection; specifically, to implement decision support for 

early dementia screening in a cost-effective manner. The combination of claims data with data-driven 

methods may serve as a valuable foundation for the identification of previously unknown features 

associated with the risk of dementia. 

 

5.2. Study 2: The effect of diabetes between education and cognitive function 

The following section summarizes the main findings and discussion points from Study 2 (Reinke 2024). 

Study cohort 

The research sample comprised 26,131 individuals, of whom 18,486 had received a low or middle level 

of education, while 7,645 had obtained a higher level of education. A total of 1,449 individuals were 

identified as having diabetes. The individuals were segregated into 14,503 females and 11,628 males. 

The mean age-standardized reaction time for high educated individuals (-0.2175) was lower (which 

implying better cognitive performance) than for individuals with low or middle education (0.0895). 

Non-diabetic individuals demonstrated better cognitive function than diabetic individuals. 



Summary of the study results 
 

35 
 
 

Mediation analysis 

Regression analyses showed (Table 2) that higher education was associated with a lower risk of 

diabetes (b=0.1 76, p = 0.005). Higher educated individuals have better cognitive function than those 

with low or middle education (-0.202 , p < 0.001). Individuals with diabetes have a significantly worse 

cognitive function than individuals without diabetes (0.0617, p = 0.00 ). The average mediation effect 

of education through diabetes was -0.00061 and the direct effect of education was -0.20247. This 

results in a total effect of -0.20307. This implies that individuals with higher educations were, on 

average, 0.20307 standard deviations faster (demonstrating better cognitive function) than the 

average for their respective age groups. The indirect effect contributes less than 1% to the total effect.  

Table 2: Results of regression models for the mediator and the outcome variable 

 Model 1* (mediator) Model 2** (outcome) 

dependent variable: diabetes status cognitive function 

model type: logistic  OLS 

 Reg. coef. (95% CI) Reg coef. (95% CI) 

High education  

(Ref.: low-middle) 
-0.1976 (-0.3354; -0.0597) -0.2023 (-0.2246; -0.1798) 

Diabetes 

(Ref.: No-Diabetes) 
- 0.0617 ( 0.0162; 0.1072) 

Number of observations 26,131 26,131 

ACME of education 

(indirect effect) 

-0.00061 (-0.00142; -0.00011) 

direct effect of education -0.20247 (-0.22516; -0.18052) 
regression coefficients and 95% confidents intervals and direct & indirect effect of education from the causal mediation analysis, source: 

Lifelines data 2006-2015, own calculation. 

*   Model controlled for: Age, sex, physical activity, obesity, smoking history, income, and hypertension 

** Model controlled for: age, sex, physical activity, obesity, smoking history, income, comorbidities, and cognition test accuracy 

Discussion 

Higher education showed positive effects on cognitive function as well as a lower risk of diabetes. The 

identification of a significant indirect effect of education on cognitive function via diabetes was of 

particular interest. These finding suggest that diabetes may act as a potential mediator in the 

relationship between education and cognitive function. 

The findings challenge the conclusions of a previous study (Nakahori et al. 2018), which did not identify 

a significant association between education and the risk of diabetes. Nevertheless, this study also failed 

to demonstrate the well-established associations between education and other risk factors for 

dementia, such as smoking. Another study assumed an interaction effect between education and 

diabetes, concluding that the effects of the two risk factors were purely additive. This assumption does 

not contradict the possibility that the relationship may be, in part, a mediated association (Kowall and 

Rathmann 2023).  
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In conclusion, this study highlights the role of diabetes in influencing the association between 

education and cognitive function. People with lower levels of education are twice as disadvantaged in 

terms of cognitive function, indirectly through their higher risk of diabetes and directly through their 

education level. The early detection and treatment of diabetes may be crucial for the preservation of 

cognitive function, particularly among those with lower levels of education. 

 

5.3. Study 3: Diabetes duration and the risk of dementia 

The following section presents the main findings and discussion points emerging from Study 3 (Reinke 

et al. 2022). 

Study cohort 

The study sample consisted of 57,613 person-years, with a mean follow-up time of 4.18 years and a 

mean age of 76.9 years at the incident diabetes. The mean aDCSI was 2.34, and 2,278 individuals 

exhibited no diabetes-related complications. Dementia incidence decreased for one year after a 

diabetes diagnosis and increased after four years. Severe diabetes cases showed a higher dementia 

incidence, those treated with insulin having the highest dementia incidence. 

Model results 

The linear term d of diabetes duration indicated a decreasing risk (model 1: HR(d) = 0. 2;  5%CI = 0. 0–

0.93;) and the significant quadratic d2 term modulate an increasing dementia risk for longer duration 

(model 1: HR(d2) = 1.002;  5%CI = 1.002–1.003) (shown in Table 3). This interplay yielded a U-shaped 

risk trajectory for dementia across diabetes duration. The predicted values (shown in Figure 8) 

indicated a decrease in the dementia risk of 26% after one year (predicted HR(d,d2) = 0.7 ; 

 5%CI = 0.70–0.78). The minimum was reached after 4.75 years (predicted HR(d,d2) = 0.44; 

 5%CI = 0.  –0.50). The same pattern was observed in the different treatment groups, with a more 

pronounced U-shaped curve present in the group of insulin users. A year after the first diabetes 

diagnosis, the risk of dementia was predicted to be 61% higher among those subjects receiving insulin 

compared to the group receiving no-ADM (predicted HR(d,d2,ADM1) = 1.61;  5%CI = 1.21–2.14). No 

statistically significant differences were found between the other treatment groups and the control 

group of no-ADM. 
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Table 3: Risk of dementia dependent on the duration of diabetes 

 Model 1  Model 2 

Variable Hazard Ratio (95% CI) Hazard Ratio (95% CI) 

Time since T2D (d) exp(b1) = 0.918*** (0.904 – 0.932) exp(b1) = 0.926*** (0.910 – 0.943) 

Time since T2D2 (d2) exp(b2) = 1.002*** (1.002 – 1.003) exp(b2) = 1.002*** (1.001 – 1.003) 

Treatment (ADMi) (ref. ADM0)     

   Insulin (ADM1)  exp(b3,1) = 3.609**  (2.305 – 5.651) 

   Oral ADM (ADM2)  exp(b3,2) = 1.168   (0.926 – 1.471) 

   Mixed ADM (ADM3)  exp(b3,3) = 2.186*    (1.000 – 4.775) 

Treatment (ADMi) × Time since T2D (d)    

   Insulin (d, ADM1)  exp(b4,1) = 0.862*** (0.794 – 0.937) 

   Oral ADM (d, ADM2)  exp(b4,2) = 0.981 (0.945 – 1.018) 

   Mixed ADM (d, ADM3)  exp(b4,3) = 0.966 (0.849 – 1.100) 

Treatment (ADMi) × Time since T2D2 (d2)    

   Insulin (d2, ADM1)  exp(b5,1) = 1.004*** (1.001 – 1.006) 

   Oral ADM (d2, ADM2)  exp(b5,2) = 1.000 (0.999 – 1.002) 

   Mixed ADM (d2, ADM3)  exp(b5,3) = 0.999 (0.995 – 1.004) ∗P value <0.10. ∗∗P value <0.05. ∗∗∗P value <0.01. All models controlled for: age, sex, comorbidity and aDCSI. Model 1 explore the total duration 

effect. Models 4 explore the duration effect by treatment groups. Source: AOK-data 2004-2015, own calculation. 

 

The U-shaped trend was observed across both age categories (<85 and 85+) and all treatment groups, 

except for mixed ADM. The stratification of diabetes complications has elevated the U-shaped curve 

for severe cases, indicating that the decrease in dementia risk is stronger in less severe diabetes cases. 

 

Figure 8: Predicted risk of dementia over time since diabetes. 

 

Source: AOK-data 2004–2015, own calculations. 

 

Discussion 

The risk of dementia exhibited a U-shaped trajectory over the duration of diabetes. The underlying 

cause of this trajectory may be multifaceted. Older adults have greater exposure to the medical 



Summary of the study results 
 

38 
 
 

system, resulting in higher rates of dementia diagnosis immediately after a diagnosis of diabetes 

(Kulzer et al. 2013; Müters 2013). This may indicate a monitoring effect. Early diabetes therapy may 

delay cognitive decline (McIntosh and Nation 2019; Yaffe et al. 2012), but compliance and treatment 

complexity may reduce this effect (Shrivastava et al. 2013). The early symptoms of dementia are often 

unnoticed, leading to a delayed diagnosis. Furthermore, cognitive decline may make diabetes 

management more difficult, increasing the risk of hypo- or hyperglycemic conditions (Puttanna and 

Padinjakara 2017; Hopkins et al. 2016). Microvascular and macrovascular complications in diabetes 

may reduce the benefits of therapy over time. This assumption is supported by the less pronounced 

U-shape in severe diabetes cases at baseline. The increase in dementia risk five or more years after an 

incidence diabetes diagnosis probably reflects the long-term effects of diabetes on cognition. 

The findings are in accordance with the findings of previous studies, which indicate a link between the 

progression of diabetes and an increased risk of dementia (Chiu et al. 2015). Nevertheless, our findings 

indicate that the duration of diabetes is an independent risk factor, irrespective of the severity or 

progression of the disease. Our results differ from those reported by Wu et al (Wu et al. 2015), who 

found an association between diabetes and increased risk of cognitive decline only in prevalent, not in 

incident diabetes. 

The conclusions of this study suggest that physicians should maintain cognitive monitoring in diabetic 

patients beyond two years post-diagnosis, considering treatment outcomes and treatment adherence. 

Future research should investigate whether the prevention, detection, and treatment of diabetes may 

also contribute to a reduction in the risk of dementia. 

 

5.4. Study 4: Late-life depression and dementia 

This section summarizes the main findings and discussion points from Study 4 (Heser et al. 2020). 

Study cohort 

The analyzed sample consisted of 97,110 individuals with mean follow-up period of 5.82 years. The 

mean age at baseline was 74.7 years (SD = 6.6) for individuals with depression, 78.1 years (SD = 6.1) 

without depression. A total of 12,668 individuals were identified with incident depression, of whom 

2,584 subsequently developed dementia. The incidence of dementia was found to be approximately 

double that observed in individuals without depression, with an increase in risk corresponding to the 

severity of depression. The incidence of dementia was slightly higher in females and increased with 

advancing age. 
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Model results 

Stratified analysis showed that incident depression increased the subsequent risk of dementia for all 

age groups and genders. The temporal association of depression and dementia was modeled by an 

interaction effect of depression and the (logarithmic) analysis time. The charts in Figure 9 show the 

predicted values for the total interaction effect concerning the dementia risk of depressed and non-

depressed individuals for each time interval of the analysis time. In the initial quarter, following the 

incident of depression, the risk of developing dementia was 2.04 times higher in individuals with 

depression than in those without depression. This increased risk diminished over time. By the 11th 

quarter, the dementia risk was statistically not different between the two groups. After 20 quarters, 

both cohorts exhibited an equivalent dementia risk. Depressed men had a 2.61-fold higher risk of 

dementia in the first quarter and no longer differed significantly from non-depressed men after 13 

quarters. Depressed women had a 1.82-fold higher risk of dementia at the beginning and no longer 

differed significantly after 8 quarters. Depressed individuals in the 65–74 age group exhibited a 3.84-

fold increased risk of developing dementia during the initial quarter, with this elevated risk persisting 

for nine quarters. Individuals aged 75–84 years with depression exhibited a 2.3-fold elevated risk of 

dementia, which persisted for eight quarters. The elevated risk of dementia for individuals aged 85 

years with depression was observed for a period of three quarters, with an initial risk increase of 1.34-

fold.  
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Figure 9: Predicted incidence rates for dementia risk of persons with and without depression 

dependent on time. 

Source: AOK-data 2004–2015, own calculations. 

 

Discussion 

Incident late-life depression is associated with an increased risk of dementia within the subsequent 

three years; however, the association diminishes thereafter. The temporal association was particularly 

strong between the ages of 65 and 74 and became weaker with advancing age. These findings support 

the assumption that late-life depression can be a prodrome of dementia, which does not exclude the 

possibility of mid-life depression being a risk factor. 

Prior research has indicated that the strength of the association between depression and subsequent 

risk of Alzheimer’s disease declined when the time period between both diagnoses was extended from 

zero to seven years (Tapiainen et al. 2017). Another study identified an increase in depressive 

symptoms as early as a decade prior to dementia, with a threshold of approximately four years before 

dementia diagnosis (Singh-Manoux et al. 2017). A further study found a higher dementia risk only in 

increasing trajectories of depressive symptoms (Mirza et al. 2016). 

It can be concluded that late-life depression can be a prodrome of dementia and signal an elevated 

risk of dementia in the near future. A diagnosis of late-life depression should prompt diagnostic  

 



Summary of the study results 
 

41 
 
 

examination and monitoring for cognitive and functional impairment, particularly in the population 

between 65 and 74 years of age. The potential of immediate and successful treatment of late-life 

depression to reduce the risk of dementia thus represents an important area for future research. 
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6. Discussion 

This chapter summarizes the findings from the underlying studies of this thesis, contextualizing them 

within the overarching objective, the theoretical framework and, especially, with open points that 

need to be discussed. Subsequently, the strengths and limitations of the studies are discussed, with a 

particular focus on the data sources used. Following this, an outlook and perspectives on future 

research will be discussed. 

The objective of this thesis was to provide evidence for the support for the early detection and 

prevention of dementia by identifying and obtaining a better understanding of the dementia risk 

factors by examining their trajectories and pathways. 

The key findings of the four underlying studies are summarized below and their new contributions to 

dementia research are highlighted:  

• Study 1 was the first study using German health claims data for dementia risk predictions. And 

a new, potentially protective, factor was detected as an important predictor for dementia. 

• Study 2 was the first study to demonstrate that a portion of the effect of education on cognitive 

function is mediated by diabetes. 

• Study 3 was the first study, that identified a U-shaped dementia risk trajectory for the 

association to diabetes duration. 

• Study 4 was the first study that has shown significant differences in the risk trajectory between 

late-life depression and subsequent dementia in different age groups and for both sexes. 

In light of these findings, some open points require further discussion. These include the transferability 

of the findings, approaches and underlying mechanisms into further contexts and with other 

outcomes. The combination of health claims data and data-driven prediction methods represents a 

promising approach to the identification of risk and protective factors as well as the discovery of 

potential new factors (Thesmar et al. 2019). A life course approach is required for the early detection 

and prevention of dementia. However, it remains to be determined whether the results can be 

transferred to groups outside the analyzed data set. Addressing this question is crucial to the effective 

implementation of this approach in real-world scenarios. One potential approach is to conduct an 

evaluation using an external data source, such as the BfArM data referenced in the outlook and 

perspectives section later in this chapter. In light of these findings, it seems reasonable to question 

whether the combination of data and methods employed, which has demonstrated efficacy in this 

context, is applicable to addressing equivalent questions in other contexts or with different outcomes. 

It was concluded that late-life depression does not act as a risk factor for dementia; rather, it seems to 

be a prodrome of dementia. Consequently, depressive symptoms in late life may serve as indicators 



Discussion 
 

43 
 
 

for early detection of dementia. These findings illustrate that valuable insights can be gained by 

examining whether a relationship can be characterized by a mechanism other than risk or protection. 

Accordingly, further links and pathways of factors associated with dementia may be subjected to 

further investigation. One relationship that has already been called into question is that between 

diabetes and dementia. Previous studies have proposed the hypothesis that Alzheimer's disease may 

be regarded as a form of type 3 diabetes, given the significant overlap in the underlying pathology 

between these conditions (Rorbach-Dolata and Piwowar 2019; La Monte et al. 2018; Kandimalla et al. 

2017; Steen et al. 2005). The ongoing process of questioning the evidence regarding the nature of 

associations is exemplified by the fact that the Lancet Commission classified both depression and 

diabetes as late-life risk factors in 2020 (Livingston et al. 2020) and concluded in the most recent report 

of 2024 that there is only sufficient evidence for both factors to indicate a risk association in mid-life 

(Livingston et al. 2024). This again underscores the necessity of a life course perspective for the 

identification and evaluation of risk factors. 

The findings of a partial mediating effect of diabetes on the pathway between education and cognitive 

function suggests that the prevention of diabetes may be particularly beneficial for people with low 

education, as it may have potentially greater effects on reducing the risk of dementia than for those 

with higher education. The interrelationship between a protective factor from early life (education) 

and a risk factor from mid-life (diabetes) emphasizes the significance of adopting a life course 

perspective in the investigation of dementia risk factors. Nevertheless, the contribution of diabetes to 

the total effect of education on cognitive function was found to represent a relatively minor 

proportion. This prompts the question of what other factors or mechanisms may be involved in the 

pathway between education and cognitive function or in the development of dementia. As previously 

stated, the theoretical perspective of cognitive reserve offers a comprehensive and well-established 

theory for understanding this association. The theory is based on the utilization of coping strategies 

against the consequences of brain degeneration through cognitive compensatory processes. 

Education, in this context, represents a significant dimension in this theoretical construct (Nogueira et 

al. 2022; Peña-González et al. 2020). The evidence for the protective effect of a higher cognitive reserve 

is strong (Meng and D'Arcy 2012; Liu et al. 2024), yet the mechanisms behind cognitive reserve remain 

unclear. In order to implement intervention strategies that can utilize or implement this protective 

effect, it is necessary to explore the underlying mechanisms of cognitive reserve (Pappalettera et al. 

2024), which includes the dimensions of education. 

Another issue to be clarified is the identified U-shaped pattern of dementia risk following a diabetes 

diagnosis. It provides a closer insight into the trajectory of dementia risk and might indicate phases in 

the duration of diabetes that are particularly sensitive to the risk of dementia. Nevertheless, the 
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mechanism through which the risk of dementia decreases after a diagnosis of diabetes remains 

unclear. One potential explanation for this observed decrease in risk may be partly attributed to a 

monitoring effect, whereby individuals with multiple conditions or diagnoses (such as diabetes and 

dementia) are more likely to seek healthcare services, which leads to detection and diagnosis of these 

conditions concurrently. Consequently, the number of cases of dementia identified in the period 

following a diabetes diagnosis is reduced, due to the fact that the initial diagnosis was made earlier 

than would otherwise have been the case. It can be assumed that contact with the health system 

results in an increased awareness and detection rate of dementia. Consequently, the initial decrease 

may be attributed to the nature of the data or the data-generating process rather than a disease-

associated process. Nevertheless, as the decrease in the dementia risk may be a protective mechanism, 

it is essential to clarify and investigate this mechanism in order to identify potential intervention 

strategies. This should be addressed in future research. 

Strengths & limitations of the underlying studies 

The four underlying studies of this thesis exhibit a number of overlapping strengths and weaknesses, 

which predominantly relate to the data basis used or the associated study design. For both data 

sources large population-based samples with 250,000 (AOK-data) respectively 167,729 individuals 

(Lifelines) were available and have been analyzed. The AOK-data is representative for the German 

population aged 50+ in terms of morbidity and mortality (as illustrated in Figure 3 (Fink 2017)) and the 

Lifelines data covers about 10% of the population of the northern Netherlands. The AOK-data also 

includes individuals living in nursing homes which are often very morbid and therefore typically not 

covered by health surveys. It may be inferred that the Lifelines data set is not fully representative of 

the population with severe morbidity. This is indicated by a diabetes prevalence of 5.7% for the study 

sample (age 50+) compared to 7.5% in the Netherland population in the age-group 20–79 years 

(Aguirre et al. 2013). This suggests the suspicion of a selection bias, which is a typical problem in survey 

data (Elston 2021; Strandhagen et al. 2010). Furthermore, the sample of the AOK-data had a follow-up 

of up to 11 years with quarterly information intervals, which enabled the setup of time-varying 

covariates. On the other hand, the used Lifelines sample had a varying follow-up time of also up to 11 

years (2007-2017), however only two measurement points and the period between the baseline (2007-

2013) and second assessment (2014-2017). This is a quite short period, given the slow progression of 

diabetes and cognitive decline analyzed here. A further issue that arises in the context of survey data 

is that of attrition (Saiepour et al. 2019), which is not relevant in the context of claims data. But almost 

30% of the participants from the baseline assessment did not participate at the second one (Sijtsma et 

al. 2022), related to the complete population of the Lifelines study. The survey data from the Lifelines 

Study contains individual laboratory values and test results, including the Cogstate examination and 
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the HbA1c value. This enables broader definitions of diabetes to be made, which also include 

undiagnosed cases. However, diagnoses that cannot be replaced by individual tests are typically only 

available in survey data as self-reported information, which may be subject to recall bias. The AOK-

data set does not include any laboratory test results or other parameters; instead, it provides 

diagnoses from both inpatient and outpatient settings, which have been made by healthcare 

professionals. It should be noted, however, that the diagnoses only occurred in the data when the 

insured individuals interacted with the healthcare system. Consequently, diagnoses can only be 

identified for individuals who went to a doctor, which may result in lower incidence and prevalence 

estimates due to a potential reporting bias. In contrast, previous research has demonstrated that the 

age-specific prevalence and incidence of dementia in AOK-data are comparable to those observed in 

the entirety of the German population (Doblhammer et al. 2015). A further issue is that diagnoses in 

claims data indicate only the time of diagnosis rather than the time of onset. This is an important detail 

to consider in the context of slow progressive diseases such as dementia or diabetes, as well as when 

analyzing trajectories over time. Moreover, the data collected on medical prescriptions is limited to 

the specific drug prescribed, without any information regarding the actual intake. A key strength of the 

Lifelines data is the inclusion of information pertaining to lifestyle factors, health behaviors and 

socioeconomic factors such as education and income, which are not part of health claims data. This is 

of special importance because the proportion of persons with low socioeconomic status is higher in 

the AOK than in other statutory health insurance companies and also in comparison with private health 

insurance system (Epping et al. 2021). Neither the AOK-data nor the Lifelines data contains genetic 

information that plays a role for the dementia risk (van der Lee et al. 2018; Loy et al. 2014). The AOK-

data underlies issues of truncation and censoring (Weißbach et al. 2024; Weißbach et al. 2021). 

Ignoring these issues can lead to biased estimates. The problems of right censoring and left truncation 

were taken into account in the study designs (Cain et al. 2011). However, on the one hand, ignoring 

left-censoring may result in an underestimation of disease rates (Weißbach et al. 2021). On the other 

hand, if it is assumed that exposure and outcome rates are equally affected, this should not affect the 

mechanism between exposure and outcome. 

In all studies, a number of sensitivity analyses were conducted to ensure that the findings were not 

dependent on the model strategies employed and to evaluate the robustness of the study designs. 

Moreover, the outcomes and exposures, including dementia, depression, and diabetes, as well as the 

measure for diabetes severity (aDCSI), were validation by established strategies in studies that used 

the AOK-data. With regard to Study 1, it is important to note that the prediction models were validated 

using data from the same source. However, it would be preferable to conduct a validation process 

using data from an external source. It should be noted for Study 2 that the Cogstate Brief Battery was 
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not measured at baseline, thus not allowing for an examination of changes in cognitive function within 

the context of the analyses. 

Outlook and perspectives  

In light of the aforementioned limitations, the question arises as to which data are necessary for future 

research on dementia risk factors. In a hypothetical scenario, large population-based data would be 

available covering the entire life-course from the time of birth (or even gestation) until the end of life. 

This data would include medical history, including laboratory parameters, demographic information, 

socio-economic information, geographical information (for linkage with environmental data) and 

genetic information. Initially, the availability of such data seems cost-intensive and difficult to realize. 

With the exception of genetic information, all of this data is already existing for the majority of the 

German population; without a survey, but in the form of routinely collected data. The BfArM has 

already started to provide data on all individuals with statutory health insurance in Germany 

(Forschungsdatenzentrum Gesundheit 2024). In content and structure, this data corresponds to the 

AOK-data described in this thesis and contains a wealth of information on medical history and almost 

all information on the utilization of healthcare services, as well as individual demographic and 

geographical information. Following an extensive period of public and political discourse, the 

electronic health record (EHR) and the prospect of its utilization for research purposes have been 

initiated (Bundesministerium der Justiz Bundesministerium der Justiz 2024b, 2024a). This has enabled 

the incorporation of a range of information into the EHR, including laboratory data, clinical 

assessments and medical correspondence. Some socio-economic information is also still available by 

the health insurance providers or could be accessed via the statutory pension fund. As health insurance 

is mandatory in Germany, almost all people living in the country are covered by this data. And even if 

the BfArM data only refers to people in the statutory health insurance system, it still covers almost 

90% of the German population. Accordingly, it may be feasible to get closer to the theoretical 45 % of 

preventable dementia. And by discovering new or better understandings of risk factors, it may be 

possible to further reduce the currently non-modifiable part of the dementia risk, which was estimated 

at 60% in 2020 and fell to 55% in 2024.  

However, the political implementation of such a project (in particular the linking of data) and crucial 

issues of individual data protection are not respected in these considerations. The availability of such 

data in the near future will probably only remain a hypothetical scenario. Nevertheless, the data 

provided by the BfArM represents a promising advance for future research on dementia risk factors, 

offering the opportunity to employ a life-course approach. A further positive example is the 

combination of routinely collected data with information from other data sources. A few studies used 

data from the UK Biobank, a large biomedical database containing information on genetics, lifestyle 
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and biological samples and more from the UK (Sudlow et al. 2015), and linked this data with hospital 

admission and primary care data (Wilkinson et al. 2019) as well as EHRs from the National Health 

Service (NHS) in the UK (Parra et al. 2022). 

Existing public health strategies against dementia demonstrate that some prevention and early 

detection measures have already been addressed or implemented. For example, both the National 

Plan to Address Alzheimer's Disease from the USA and the “Nationale  emenzstrategie” (National 

Dementia Strategy) from Germany highlight the necessity for further research into modifiable risk 

factors, given the current limited evidence base for some potential factors. To this end, efforts should 

be made to improve the availability and accessibility of data (HHS 2023; bmfsfj 2020).  
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7. Conclusion 

In consideration of the ageing world population and thus the drastically increasing number of dementia 

cases in the future, dementia prevention is urgently needed, possible and, last but not least, as this 

work also demonstrates, available. 

Ideally, dementia should be either prevented or the risk of dementia reduced. The key to achieving 

this objective is to tackle the risk factors associated with dementia. Cases that have not been prevented 

should be recognized as early as possible so that the progression of dementia and the associated 

limitations can be delayed. These issues do not only affect the older population or the late-life phase, 

but are a challenge across the entire life course. The objective of this thesis was to identify and explain 

risk factors and mechanisms associated with dementia as well as to provide evidence to support the 

early detection of this condition. Therefore, perspectives and methods from the fields of demography, 

epidemiology and public health research were applied in four studies, leading to the following 

conclusion.  

Early detection is particularly important against the background of the latest developments in 

dementia therapy. The combination of routinely collected data and data-driven approaches should be 

applied for a cost-effective tool of early dementia detection. Additionally, late-life depression may 

signal an increased risk of dementia in the near future and should be used for early detection by a 

prompt comprehensive monitoring for cognitive and functional impairment, particularly in individuals 

between 65-74 years of age. The risk factor of diabetes and the protective factor of education 

represent two modifiable factors that should be targeted for the prevention of dementia. The initial 

decrease in the dementia risk after a diabetes diagnosis suggests potential benefits from diabetes 

treatment interventions. The cognitive functions of individuals with diabetes should be closely 

monitored, especially beyond two years after the diagnosis of diabetes. Detection and treatment 

compliance of diabetes might also be beneficial regarding the development of dementia. The 

vulnerable group of lower-educated individuals can particularly benefit, i.e. maintain good cognitive 

function and prevent dementia. 

Future research and identification of dementia risk factors and their mechanisms should be focused. 

This thesis and the underlying studies contribute to the fight against dementia by drawing implications 

and providing a basis for further research.  
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