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Popular science summary of the thesis 
Non-communicable diseases such as type 2 diabetes and heart disease are 
among the most important causes of death and disability around the world, and 

therefore a major public health challenge. These conditions are caused by a 

complicated combination of genetic and lifestyle factors and can develop slowly 

without symptoms, which makes their prevention, diagnosis and treatment 
challenging.  

The road to disease is different for everyone, and individual characteristics play 

an important role in determining who becomes sick and when. At the same time, 

public health recommendations tend to be the same for everyone. Although these 

interventions have been very successful in reducing the impact of chronic 
diseases in the population, this progress seems to be slowing down.  

A possible way forward is implementing precision medicine in public health. 

Precision medicine is a concept based on using individuals’ information to 

subgroup a population based on their characteristics. The aim is to be able to offer 

the best therapy for these subgroups. In public health, it entails designing and 
implementing preventive strategies according to individuals’ attributes. However, 

the use of precision medicine in public health has not yet been widely studied.   

In this thesis, I explore the utility of methods that can be used to apply precision 

medicine to public health issues. These methods aim to group individuals based 

on how an exposure changes over time, how several factors combine at a single 

time point, or seek to estimate the importance of different causes of disease. The 
overall purpose is to provide examples and a discussion on how precision 

medicine can be useful to inform and improve public health practice.  

  



Resumen 
Las enfermedades crónicas son la principal causa de enfermedad a nivel global, y 
representan un importante reto para la salud pública. Las causas de estas 

enfermedades incluyen combinaciones complejas de factores genéticos, 
metabólicos y de estilo de vida, así como elementos económicos y sociales. A ello 

se suma la evolución progresiva y en muchos casos asintomática, que hacen de 

su prevención, diagnóstico oportuno y tratamiento un desafío considerable. 

El desarrollo de las enfermedades crónicas varía de persona a persona, ya que las 

circunstancias individuales desempeñan un papel crucial en quién y cuándo 

manifiesta una enfermedad específica. Sin embargo, las estrategias de salud 
pública suelen basarse en recomendaciones generales, sin considerar esta 

variabilidad individual. A pesar del gran éxito logrado por estas iniciativas, 

especialmente en la reducción de enfermedades del corazón, existen indicios de 

que este progreso ha ido disminuyendo. Al mismo tiempo, el impacto de otras 
enfermedades como la diabetes tipo 2 ha aumentado constantemente.  

Una herramienta que podría ser de gran utilidad para seguir avanzando hacia una 

mejor salud poblacional es utilizar el concepto de medicina de precisión en la 

práctica de la salud pública. La medicina precisión, o personalizada, es un 

concepto basado la identificación de subgrupos de individuos con características 
similares dentro de la población general. Con el propósito de ofrecer tratamientos 

óptimos, ajustados a dichas características. En el área de salud pública, este 

enfoque puede ser de gran utilidad para el diseño e implementación de 

intervenciones preventivas y políticas sanitarias más efectivas. Sin embargo, el 
uso de la medicina de precisión en el área de salud pública no ha sido 

ampliamente estudiado.  

En esta tesis, exploro la utilidad de diferentes métodos que pueden ser utilizados 

para aplicar el concepto de medicina de precisión en salud pública. Algunos de 

estos métodos tienen como finalidad agrupar a los individuos de una población 
en subgrupos homogéneos basándose en factores de riesgo importantes. Otros, 

evalúan la importancia de los diferentes mecanismos de las enfermedades. El 

objetivo es proporcionar ejemplos y discutir la utilidad de estos métodos para 

mejorar la práctica de la salud pública. 

   



 

 

Sammanfattning  
Kroniska sjukdomar utgör idag en av de främsta orsakerna till den globala 
sjukdomsbördan och en betydande utmaning inom folkhälsan. De bakomliggande 

mekanismerna är komplexa och omfattar kombinationer av olika genetiska, 
metabola, livsstilsrelaterade samt ekonomiska och sociala faktorer. Dessutom sker 

sjukdomsutvecklingen gradvis och är ofta asymtomatisk, vilket gör förebyggande, 

tidig diagnos och behandling utmanande. 

Utvecklingen av en kronisk sjukdom är olika för varje individ, och individuella 

faktorer spelar en betydande roll i att avgöra vilka personer som drabbas av 

specifika sjukdomar och när dessa inträffar. Trots detta bygger folkhälsostrategier 
ofta på generella rekommendationer och bortser från den individuella variationen. 

Även om betydande framsteg har uppnåtts, särskilt när det gäller att minska 

förekomsten av hjärt-kärlsjukdomar, finns det indikationer på att dessa framsteg 

har avtagit. Samtidigt blir andra sjukdomar, såsom typ 2-diabetes, vanligare. 

En möjlig väg framåt är implementeringen av precisionsmedicin inom folkhälsan. 
Begreppet precisionmedicin bygger på principen att subgrupper av individer med 

liknande egenskaper kan identifieras i den allmänna befolkningen, med syfte att 

erbjuda optimala och anpassade behandlingar. Inom folkhälsoområdet kan detta 

vara användbart för mer effektiv utformning och genomförande av förebyggande 
åtgärder. Trots detta har användningen av precisionmedicin som ett verktyg inom 

folkhälsan inte studerats i särskilt hög omfattning. 

I denna avhandling undersöker jag om olika metoder kan bara användbara för att 

tillämpa precisionmedicin inom folkhälsoområdet. Vissa av dessa metoder syftar 

till att gruppera individer i en befolkning i homogena delgrupper baserat på 
distributionen av betydande riskfaktorer. Andra metoder syftar till att utvärdera 

betydelsen av olika sjukdomsmekanismer. Målet är att ge exempel och diskutera 

för- och nackdelar med dessa metoder för att förbättra praktiken inom 

folkhälsoområdet. 

  



Abstract 
Non-communicable diseases, including type 2 diabetes and cardiovascular 
disease, are leading contributors to the global burden of disease and an important 

public health challenge. At an individual level, there is important variability in the 
risk of these conditions. However, public health interventions often adopt a 

generalized one-size-fits-all approach.  

The overall aim of this thesis was to explore the utility of a precision medicine 

approach to public health and epidemiology, by applying different analytical 

methods to classify individuals into similar sub-populations based on their 

individual level characteristics.  

In study I, I investigated the patterns of weight changes from childhood to early 
adulthood and how they relate to the occurrence of type 2 diabetes later in life. 

The results indicate that exposure to overweight/obesity during early adulthood 

explains a large proportion of the cases of type 2 diabetes, highlighting the 

importance of public health interventions during this period. 

In study II, I used different methods for mediation analysis to study the 
importance of different mechanisms linking low socioeconomic status and type 2 

diabetes. The findings show that around 50% of the association between 

socioeconomic status and type 2 diabetes could be reduced if unhealthy 

behaviors and metabolic exposures were removed. Interestingly, the results were 
similar across the different mediation methods. 

Finally, in studies III and IV, I used data-driven methods to identify sub-groups of 
healthy adults based on simple clinical characteristics and laboratory values. The 

findings show that this method was equally effective, or even better, than those 

commonly used in clinical practice, and could improve the way we define who is 

at high risk of type 2 diabetes or cardiovascular disease.  

In conclusion, these studies provide evidence that precision medicine can be a 
useful approach to guide development and implementation of public health 

interventions. 

  



 

 

List of scientific papers 

 
I. Yacamán-Méndez D, Trolle-Lagerros Y, Zhou M, Ponce de Leon A, 

Gudjonsdottir H, Tynelius P, Lager A. Life-course trajectories of 
weight and their impact on the incidence of type 2 diabetes. Sci 
Rep. 2021 Jun 14;11(1):12494. doi: 10.1038/s41598-021-91910-z. 
 

II. Yacamán Mendez D, Trolle Lagerros Y, Ponce de Leon A, Tynelius P, 
Fors S, Lager A. Behavioral and metabolic mediators of 
socioeconomic inequalities in type 2 diabetes: comparing 
counterfactual and traditional mediation analysis. (submitted) 
 

III. Yacamán Méndez D, Zhou M, Trolle Lagerros Y, Gómez Velasco DV, 
Tynelius P, Gudjonsdottir H, Ponce de Leon A, Eeg-Olofsson K, 
Östenson CG, Brynedal B, Aguilar Salinas CA, Ebbevi D, Lager A. 
Characterization of data-driven clusters in diabetes-free adults 
and their utility for risk stratification of type 2 diabetes. BMC Med. 
2022 Oct 18;20(1):356. doi: 10.1186/s12916-022-02551-6. 
 

IV. Yacamán Méndez D, Zhou M, Trolle Lagerros Y, Lager A. Cluster 
analysis for cardiovascular risk stratification. (submitted) 
 

  



Scientific papers not included in the thesis 
 

1.  Berglind D, Yacaman-Mendez D, Lavebratt C, Forsell Y. The Effect 
of Smartphone Apps Versus Supervised Exercise on Physical 
Activity, Cardiorespiratory Fitness, and Body Composition Among 
Individuals with Mild-to-Moderate Mobility Disability: Randomized 
Controlled Trial. JMIR Mhealth Uhealth. 2020 Feb 4;8(2):e14615. doi: 
10.2196/14615. 
 

2.  Manhica H, Yacamán-Méndez D, Sjöqvist H, Lundin A, Agardh E, 
Danielsson AK. Trajectories of NEET (Not in Education, Employment, 
and Training) in emerging adulthood, and later drug use disorder - a 
national cohort study. Drug Alcohol Depend. 2022 Apr 
1;233:109350. doi: 10.1016/j.drugalcdep.2022.109350. 
 

3.  Gudjonsdottir H, Tynelius P, Fors S, Yacamán Méndez D, 
Gebreslassie M, Zhou M, Carlsson AC, Svefors P, Wändell P, 
Östenson CG, Brynedal B, Lager A. Cohort Profile: The Stockholm 
Diabetes Prevention Programme (SDPP). Int J Epidemiol. 2022 Dec 
13;51(6):e401-e413. doi: 10.1093/ije/dyac147. 
 

4.  Manhica H, Yacamán-Méndez D, Sjöqvist H, Lundin A, Danielsson 
AK. Early substance use disorders and subsequent NEET-not in 
education, employment or training-a national cohort study. Eur J 
Public Health. 2023 Aug 1;33(4):633-639. doi: 
10.1093/eurpub/ckad105. 

 

 



 

 

Contents 
1 Epidemiology of type 2 diabetes and cardiovascular disease ............................. 3 

1.1 Type 2 diabetes .......................................................................................................................... 3 

1.2 Cardiovascular disease ......................................................................................................... 5 

1.3 Risk factors ..................................................................................................................................... 5 

2 Prevention of type 2 diabetes and cardiovascular disease.................................... 8 

2.1 Risk stratification and prediction models ................................................................ 8 

2.2 Screening ....................................................................................................................................... 10 

2.3 Interventions ................................................................................................................................ 12 

3 Precision Medicine and Public Health .................................................................................... 13 

3.1 Methods for precision medicine in public health ............................................. 15 

3.1.1 Life-course epidemiology: Group Based Trajectory 

Modelling ......................................................................................................................... 15 

3.1.2 Health inequalities: Mediation analysis ..................................................... 18 

3.1.3 Risk profiles based on risk factors: Cluster analysis ...................... 23 

4 Research aims ....................................................................................................................................... 26 

5 Materials and methods .................................................................................................................... 27 

5.1 The Stockholm Diabetes Prevention Program (SDPP) .................................. 27 

5.2 The Swedish Regional and National Registries .................................................. 28 

5.3 The Metabolic Syndrome Cohort ............................................................................... 29 

5.4 Study I: Life-course trajectories of weight and their impact on 

the incidence of type 2 diabetes ............................................................................... 30 

5.5 Study II: Behavioral and metabolic mediators of socioeconomic 
inequalities in type 2 diabetes........................................................................................ 31 

5.6 Study III: Characterization of data-driven clusters in diabetes-

free adults and their utility for risk stratification of type 2 

diabetes ........................................................................................................................................ 32 

5.7 Study IV: Cluster analysis for cardiovascular risk stratification ............ 34 

5.8 Ethical considerations ......................................................................................................... 35 

6 Results .......................................................................................................................................................... 37 

6.1 Study I: Life-course trajectories of weight and their impact on 
the incidence of type 2 diabetes ................................................................................ 37 

6.2 Study II: Behavioral and metabolic mediators of socioeconomic 

inequalities in type 2 diabetes...................................................................................... 40 



6.3 Study III: Characterization of data-driven clusters in diabetes-

free adults and their utility for risk stratification of type 2 

diabetes ......................................................................................................................................... 44 

6.4 Study IV: Cluster analysis for cardiovascular risk stratification ........... 49 

7 Discussion ................................................................................................................................................. 53 

8 Conclusions ............................................................................................................................................. 57 

9 Points of perspective ...................................................................................................................... 59 

10 Acknowledgements ............................................................................................................................ 61 

11 References .............................................................................................................................................. 65 

 

  



 

 

List of abbreviations 

ADA American Diabetes Association 

ACC American College of Cardiology 

AHA American Heart Association 

ARD Absolute risk difference 

ASCVD Atherosclerotic cardiovascular disease 

BMI Body mass index 

CVD Cardiovascular disease 

CDE Controlled direct effect  

DALY Dissability adjusted life-year 

DAG Directed acyclic graph 

EASD European Association for the Study of Diabetes 

eGFR Estimated glumeral filtration rate 

ESC European Society of Cardiology 

FMM Finite mixture models 

GBD Global burden of disease 

GBTM Growth based trajectory model 

GLP-1 Glucagon-like peptide-1 

HbA1c Glycosylated hemoglobin 

HOMA Homeostasis model assessment 

HR Hazard ratio 

IDF International Diabetes Federation 

IFG Impaired fasting glucose 

IGT Impaired glucose tolerance  

IRR Incidence rate ratio 

LISA Longitudinal integrated database for health 
insurance and labour market studies 

MSC Metabolic Syndrome Cohort 

NCD Non-communicable disease 

NDE Natural direct effect 

NIE Natural indirect effect 

NPV Negative predictive value 

OGTT Oral glucose tolerance test 



PAF Population attributable fraction 

PCE Pooled-Cohort Equations 

PPV Positive predictive value 

RCT Randomized controlled trial 

RR Risk ratio 

SDG Sustainable development goals 

SCORE Systematic Coronary Risk Evaluation 

SDPP Stockholm Diabetes Prevention Program 

SES Socioeconomic status 

SUTVA Stable unit treatment value assumption 

TE Total effect 

UMAP Uniform manifold approximation and projection 

VAL Regional Data Warehouse of Stockholm 

WHO World Health Organization 



 

  

Introduction 
Social and economic changes over the last two centuries have affected the 
structure and dynamics of society, and in turn the main causes of disease. 

Globally, health has improved and the life expectancy has increased from around 

30 years in 1870 to the current 73 years.1 

The increase in life expectancy, together with changes in environmental 

exposures, have resulted in an increased occurrence of non-communicable 
diseases (NCDs), which are the main drivers of disability and mortality, and a 

pressing public health challenge. These conditions, which constitute more than 

60% of the global burden of disease,2 usually present gradually and without clear 

symptoms, making them difficult to prevent. Furthermore, once diagnosed, they 
require long term treatment, involving substantial human and material resources, 

which is reflected in the increasing expenditure in health.3 

The etiology of NCDs is complex, involving a combination of genetic susceptibility 

and exposure to environmental, behavioral, and metabolic risk factors.4,5 

Significant progress has been made in the field of NCD prevention through public 
health measures and policies targeting risk factors such as smoking and alcohol 

consumption.6 However, efforts to reduce overweight and obesity, improve 

dietary habits or increase physical activity have been less successful.7 

Conventionally, public health interventions and policies adopt a “one-size-fits-all” 

approach, assuming that exposure to a particular risk factor has the same effect 

across all individuals in the population. However, the reality is that the 
consequences of exposure to risk factors vary widely among individuals 

depending on several aspects, including the timing and duration of the exposure, 

the different underlying causal mechanisms, and the combination of different risk 

factors.8  

A solution could be to implement precision medicine in public health, i.e., to deliver 
the right intervention, to the right individuals at the right time.9 A key step towards 

this goal is to identify and describe specific subgroups of individuals from the 

general population who share important characteristics and could benefit from 

similar interventions.10 This thesis and the accompanying articles provide 
evidence of how analytical methods can be used in epidemiology and public 

health towards this goal, using type 2 diabetes and cardiovascular disease (CVD) 

as examples. 
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As a background, I start by providing an overview of the epidemiology of type 2 

diabetes, CVD, and their associated risk factors. This is followed by a summary of 

the current recommendations for their prevention and early detection. Next, I 

discuss the somewhat conflicting notion of precision medicine in public health. 

Finally, I summarize the methods used to identify sub-populations based on 
different aspects of the variability of risk factors.  

 



 

 3 

1 Epidemiology of type 2 diabetes and 
cardiovascular disease 

Both type 2 diabetes and CVD are among the most important causes of mortality, 

disability,2 and health-care related costs at all income levels around the world.3,11 

Nevertheless, there is also an important contrast in the epidemiology of these 
conditions. The overall burden of type 2 diabetes has gradually increased in recent 

decades (see Figure 1), which is likely related to general increases in risk factors 

like overweight and obesity.12 In contrast, the burden of CVD has largely decreased 

during the past decades (Figure 1), mirroring a reduction in important risk factors, 
such as smoking, and the implementation of effective treatments for high-

cholesterol, hypertension, type 2 diabetes, and other comorbidities associated 

with greater CVD risk.6   

 
Figure 1. Burden of type 2 diabetes and cardiovascular disease in Sweden, Mexico, 
and the world from 1990 to 2019, measured as the age-standardized rate of 

disability adjusted life-years (DALYs). 

1.1 Type 2 diabetes 

Diabetes mellitus is the collective label given to a group of metabolic disorders 
characterized by insufficient insulin action resulting in persistent hyperglycemia 

and subsequent damage to blood vessels and nerves across the body.13,14 

Alterations at any point from the production and secretion of insulin to its uptake 
and action can lead to the clinical manifestations of diabetes.  

Most cases (90% to 95%) are categorized as type 2 diabetes,13 characterized by 

a combination of peripheral insulin resistance, and an inadequate compensatory 

insulin production or secretion from the pancreatic β- cells. According to the 
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World Health Organization (WHO) and the American diabetes Association (ADA), 

a diagnosis of type 2 diabetes is made according to the criteria summarized in 

Table 1.13,15 

Table 1. Diagnostic criteria for Type 2 diabetes. 

Fasting plasma glucose ≥7.0 mmol/L (≥126mg/dL) 

HbA1c ≥48 mmol/L (≥6.5%) 

OGTT 2-hr plasma glucose ≥11.1 mmol/L (≥200 mg/dL) 

Random plasma glucose ≥11.1 mmol/L (≥200 mg/dL) and symptoms of 
hyperglycemia 

Glycosylated hemoglobin (HbA1c), Oral glucose tolerance test (OGTT) 

Estimates from the Global Burden of Disease study (GBD) suggest that almost half 

a billion people were living with type 2 diabetes in 2019, representing over 5% of 

the global population.12 Furthermore, 20 million new cases and 1,5 million deaths 
due to type 2 diabetes were reported.12  

During the last three decades, prevalence of type 2 diabetes has increased 
steadily, while the incidence seems to be stabilizing and even decreasing in large 

parts of the world. Indeed, the age-standardized prevalence increased from 3.8% 

in 1990 to around 5.5% in 2019. This increase might be expected because of 

important improvements in the treatment and survival of people living with 
diabetes.16 Data about the incidence of type 2 diabetes are more scarce, but 

recent studies have reported an increasing trend up to around 2005, and since 

then a stable or declining incidence in many countries.17,18 Unfortunately, data from 

most of the low and middle-income countries are not available. Overall, the global 
burden of type 2 diabetes continues to increase. In 1990, type 2 diabetes 

accounted for 628 disability adjusted life-years (DALYs) per 100,000 people, 

while in 2019 the burden increased to around 800 DALYs per 100,000 individuals 

globally.12,16  

In addition, the economic costs related to diabetes pose an important burden to 
health care systems and individuals. Health expenditure due to type 2 diabetes 

accounts for over 10% of the total global spending. According to the International 

Diabetes Federation (IDF), 966 billion USD were spent on treating type 2 diabetes 

during 2021, mostly on managing long-term complications. Moreover, projections 
indicate that the cost will grow substantially in upcoming years.11  
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1.2 Cardiovascular disease 

The term CVD is used to describe a group of disorders involving the heart or blood 
vessels including ischemic heart disease, stroke, hypertension, peripheral arterial 

diseases, and heart rhythm anomalies, among others.6 Ischemic heart disease, 
stroke, and peripheral artery disease are caused by atherosclerosis, a chronic 

thickening and hardening of the blood vessels due to inflammation and 

accumulation of cholesterol, leading to their occlusion and are therefore 

collectively referred to as atherosclerotic cardiovascular disease (ASCVD).19 

CVD remains the leading cause of death and overall burden of disease globally, 

accounting for 16% of the total burden of diseases.2,20 The largest contributors to 
this are ischemic heart disease and stroke, which account for most of the burden 

of CVD (around 80%).6 Yet, the age-standardized incidence rate of CVD has 

decreased by 14% since 1990 (from 790 cases per 100,000 in 1990 to around 680 

cases per 100,000 population in 2019), and their overall burden has decreased by 
31% (from 7,000 DALYs per 100,000 in 1990 to 4,800 per 100,000 in 2019).2,6,20  

This substantial decline in the burden of CVD is an important public health 

achievement, which has mostly been attributed to the reduction of important risk 

factors such as smoking and to the increased availability and implementation of 

medical therapies.21 However, recent estimates indicate the progress to reduce 
the public health impact of CVD has stabilized or even started to show signs of 

resurgence.21,22  

The economic burden of CVD on health systems and individuals has increased 

consistently, mostly related to direct costs of care, but also due to productivity 

losses.3 The treatment of CVDs and related risk factors has been estimated to 
account for around 10% of the total healthcare costs Europe23 and around 5% in 

other middle and middle-high income countries.24,25  

1.3 Risk factors  

Type 2 diabetes and CVD share several well-established modifiable and non-
modifiable risk factors.26 Moreover, type 2 diabetes is in itself an important risk 

factor for CVD.27 The risk of CVD is more than double among people with type 2 

diabetes, and CVD accounts for over 50% of deaths in people with type 2 
diabetes.28,29 

Important non-modifiable risk factors include age, sex, ethnicity, and genetic 

susceptibility. Modifiable exposures include behavioral and metabolic factors 
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such as alcohol consumption, smoking, physical inactivity, unhealthy dietary 

habits, elevated blood glucose levels, overweight or obesity, high-blood pressure, 

and raised cholesterol levels (Figure 2).30,31  

 
Figure 2. Summary of well-established modifiable risk factors for type 2 diabetes 

and cardiovascular disease. (Figure created with BioRender.com.) 

Furthermore, the social determinants of health are important risk factors for both 

type 2 diabetes and CVD.32-34 They are defined as “the condition in which people 
are born, grow, work, live and age, as well as the forces and systems shaping the 

conditions of daily life, which include economic policies and systems, social 

norms, social policies and political systems”.35 In general, behavioral and metabolic 

risk factors are affected by these broader determinants.36  

Socioeconomic status (SES) is commonly used to assess the impact of social 

determinants of health.35 However, SES is a complex and multidimensional 
construct that can be measured using different indicators, e.g. individual level 

factors like education, occupation, income, wealth, or combinations of these, and 

area level factors such as neighborhood of residence.37 Although there is some 

clear overlap, different indicators measure different dimensions of SES. Education 
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is a measure of exposure during youth and captures knowledge-related assets of 

an individual, such as health literacy. Occupation, in turn, corresponds to exposure 

in adulthood, and is more directly associated with income along with physical and 

psychosocial working conditions.37 

There is a clear social gradient in health, with individuals with lower SES being 

disproportionally affected. These health inequalities have been described using a 
variety of measures of SES such as income, occupation, educational attainment, 

race, and ethnicity.32,38,39 The pattern holds between and within nations and 

through time40,41, suggesting a causal effect of socioeconomic status on health. 

Yet, the mechanisms through which social determinants affect health remain 
elusive. 

At an individual level, behavioral and metabolic risk factors combined are 

responsible for a large proportion of the cases and deaths due to NCDs.7,42 

According to the GBD study, modifiable risk factors accounted for roughly 50% of 

the global DALYs, and close to 70% of all deaths in 2019. Among the most 
important were high-blood pressure (19% of deaths and 9% of DALYs), tobacco 

use (15% of deaths and 8% of DALYs), dietary risks (13% of deaths and 7% of 

DALYs), high fasting plasma glucose (11% of deaths and 6% of DALYs), and high BMI 

(9% of deaths and 6% of DALYs). 7 

The trends since 1990 show mixed progress and a large proportion of these risk 

factors show no significant changes. A few have shown important reductions 
including tobacco use, while exposure to some important risk factors such as 

alcohol use, elevated blood glucose and high BMI has increased significantly. 7  

Reducing exposure to behavioral and metabolic risk factors is therefore an 

important public health goal. In a recent large observational study, exposure to 

high BMI, elevated blood pressure, raised cholesterol, smoking or to type 2 
diabetes explained almost 60% of CVD cases42. In addition, studies have reported 

that reducing exposures to modifiable risk factors significantly lowers the risk of 

type 2 diabetes and of its complications.43,44  
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2 Prevention of type 2 diabetes and cardiovascular 
disease 

There is a large potential to prevent type 2 diabetes and CVD through lifestyle 

changes or pharmacological interventions aimed at reducing the effect of 
behavioral and metabolic risk factors.42,45,46 Public health recommendations for a 

healthy lifestyle target the general population, while other interventions are 

reserved for individuals at high-risk. However, identifying individuals at high risk 

remains an important challenge.4,19,47 Furthermore, unlike for CVD, pharmacological 
interventions for prevention of type 2 diabetes remain controversial.19,48  

2.1 Risk stratification and prediction models  

Several risk prediction models for type 2 diabetes and CVD have been developed 
based on self-reported information and biomarkers.49-51 However, risk prediction 

models have several limitations, mostly due to inaccurate performance when 

applied to different populations than the one used for their development.52,53  

In the case of type 2 diabetes, the clinical utility of existing prediction models has 
been limited.54 Prediabetes remains the most widely used method of risk 

stratification for type 2 diabetes. It is defined as an intermediate state in which 

blood glucose levels are elevated, but not enough to make a diagnosis of type 2 

diabetes.13 It is identified using the same laboratory tests as type 2 diabetes and 
it can be categorized according to the underlying glucose abnormalities as 

impaired fasting glucose (IFG), impaired glucose tolerance (IGT) or the 

coexistence of both. Although there is no consensus on the definition of 

prediabetes, the most widely used definitions include those from the ADA and the 
WHO,55 shown in Table 2. 

Table 2. Definition of prediabetes according to the American Diabetes 
Association (ADA) and the World Health Organization (WHO) 

Prediabetes Test ADA WHO 

Impaired fasting 
glucose (IFG) 

Fasting plasma 
glucose 

5.6-6.9 mmol/l 
(100-125 mg/dl) 

6.1-6.9 mmol/l 
(110-125 mg/dl) 

HbA1c 39-47 mmol/mol 
(5.7-6.4 %) 

Not 
recommended 

Impaired glucose 
tolerance (IGT) OGTT 7.8-11.0 mmol/l 

(140-199 mg/dl) 
7.8-11.0 mmol/l 
(140-199 mg/dl) 
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The utility of prediabetes to predict the risk of type 2 diabetes remains 

controversial. A recent meta-analysis reported that although individuals with 

prediabetes had a higher risk of type 2 diabetes, there were important differences 

depending on the definition used.56 Furthermore, a systematic review described 

that a large proportion of individuals with prediabetes (around 40%) reverted to 
normal blood glucose levels without any specific treatment, even after 10 years.57 

In addition, among older adults, a recent study found that a diagnosis of 

prediabetes after the age of 60 did not have a clear clinical benefit.58 

Risk stratification for the prevention of type 2 diabetes remains an important 

challenge for both public health and clinical practice. Recently, the ADA, the 
European Association for the Study of Diabetes (EASD) and the WHO have 

addressed the need for the development and standardization of risk scores for 

type 2 diabetes, and highlighted challenges regarding clinical variability in the risk 

and progression of type 2 diabetes.4,14 

Prediction models for CVD, in contrast, play a central role in the prevention of 
CVD.51 Several clinical guidelines have adopted the use of risk prediction models 

to guide interventions aimed to prevent CVD, such as defining targets for the 

management of high-blood pressure,59 blood lipids60,61 and glucose levels.62 Two of 

the most widely used prediction models are the Systematic Coronary Risk 
Evaluation (SCORE) and the Pooled Cohort Equations (PCE).  

The SCORE model was first introduced in 2003 by the European Society of 
Cardiology (ESC) and was initially developed to estimate the 10-year risk of CVD 

mortality for individuals aged 45 to 65 years.63 It has since then been updated to 

include non-fatal CVD events and older individuals (up to 70 years) (SCORE2).64 

The SCORE2 model provides region specific predictions based on age, smoking 
status, systolic blood pressure, total- and HDL-cholesterol for individuals without 

previous type 2 diabetes or CVD. Furthermore, specific models have now been 

developed for individuals older than 70 years (SCORE2-OP),65 or with type 2 

diabetes (SCORE2-Diabetes).66 

The PCE is a risk prediction tool first introduced in 2013 as part of the AHA/ACC 
guidelines for cardiovascular risk assessment.67 It predicts the 10-year risk of CVD 

and provides sex and race specific estimates for individuals between 40 and 79 

years of age. The PCE model is based on sex, age, systolic blood pressure, 

antihypertensive treatment, blood total cholesterol and high-density lipoprotein 
cholesterol concentrations, diabetes, and current smoking. The estimated risk in 
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both models can be used to stratify individuals into low-risk, moderate-risk, and 

high-risk groups, as shown in Table 3. 

Table 3. Risk stratification based on the SCORE2, SCORE-OP and PCE prediction 

models. 

 
SCORE2 

(<50 years) 

SCORE2 

(50-69 years) 
SCORE2-OP PCE 

Low-risk <2.5% <5% <7.5% <7.5% 

Moderate-risk 2.5 to <7.5% 5 to <10% 7.5 to <15% 7.5 to <20% 

High-risk ≥7.5% ≥10% ≥15% ≥20% 

Classification for SCORE2 is based on the moderate risk charts.  

Since their publication, several studies have shown that CVD risk prediction 

models might lead to overestimation or underestimation of the risk among certain 
populations.68-73 In a recent study comparing white and black individuals with 

similar risk-profiles, risk stratification using PCE led to different clinical decisions.71 

Similarly, a large study examining the use of SCORE2 across socioeconomic status 

and ethnicity, highlighted significant discrepancies.72 Furthermore, previous 
studies have pointed out over- or underestimation of CVD risk among individuals 

with other chronic diseases such as obesity69, diabetes74, or HIV.70 

This lack of generalizability has been a source of concern since inaccurate risk 

estimates might lead to overuse of medications or other interventions without a 

real clinical benefit, and thus risk harm. At the same time, inaccurate assessments 
may lead to missing beneficial interventions among other individuals.75 This could 

in turn result in greater socioeconomic inequalities in the prevention and 

treatment of CVD.76,77 

Therefore, despite recommendations in clinical guidelines, the clinical utility of risk 

prediction for CVD prevention remains uncertain.78 Previous observational studies 

and RCTs have found that their use results in a moderate but significant reduction 
in the values of most risk factors, but with modest decreases in the rate of CVD 

cases and mortality due to CVD.78,79 Their use also leads to a significant increase 

in the use of medications such as statins and antihypertensive medications.78,79  

2.2 Screening  

Screening strategies can be divided into opportunistic screening, which involves 

assessing individuals when they come in contact with healthcare for any reason, 
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or systematic screening, which is carried out as part of a structured program 

among the whole population or specific groups.80-82  

The utility and cost effectiveness of population level screening for type 2 diabetes 

remains uncertain and studies have found contrasting results.83 A cluster RCT in 

Europe found no benefit of population level screening using fasting plasma 

glucose over all-cause mortality, cardiovascular outcomes, or diabetes related 
outcomes.84,85 But a more recent observational study reported a lower risk of CVD 

events among individuals who had been screened for type 2 diabetes in primary 

care.86  

At the same time, epidemiological studies have estimated that around 50% of the 

cases of type 2 diabetes are undiagnosed.87 This suggest a clear need for early 
detection and treatment of type 2 diabetes. The ADA and IDF recommend 

opportunistic screening which should be carried out in a non-invasive manner by 

informal assessment of risk factors or by using a validated risk calculator in all 

asymptomatic adults.48,88 In addition, the ADA recommend that complementary 
diagnostic tests (fasting plasma glucose, HbA1c or OGTT) should be assessed at 

any age for adults with overweight or obesity and at least one additional risk factor, 

or for all adults from the age of 35, and repeated every 3-years.48  

For CVD, studies have shown that both opportunistic and systematic screening 

programs are useful to identify and treat important risk factors, but their clinical 

utility to reduce the incidence of CVD remains uncertain.82 A recent report from 
the WHO Regional Office for Europe concluded that screening for CVD in the 

general population did not seem to have an overall effect in reducing CVD cases 

or mortality.80  

Currently, the ESC recommends systematic screening for individuals with 

important risk factors for CVD, such as family history of premature CVD (before 
age 60), smoking, hypertension, type 2 diabetes, hyperlipidemia, obesity, or other 

comorbidities increasing CVD risk. In addition, for the general population, the ESC 

recommends either opportunistic or systematic screening for men over 40 years 

and for women over 50 years.47 The AHA/ACC, on the other hand, recommends 
opportunistic screening using the PCE to estimate the 10-year risk of ASCVD for 

all adults, every five years for people between 20 and 39 years of age and routinely 

for adults between 40 and 75 years.19 
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2.3 Interventions  

Interventions to prevent type 2 diabetes and CVD can generally be divided into 
lifestyle modification and pharmacological interventions targeted at high-risk 

individuals, and public health interventions at a population level.  

First and foremost, prevention is based on population level policies and changes 

in environment aiming to reduce exposure to risk factors among as many as 
possible.89 Policies to improve physical activity, diet, smoking and to reduce the 

use of tobacco and air pollution play an important role.90,91 Additionally, 

recommendations to maintain a healthy lifestyle should be made available at a 

population level.92,93 Since the first reports of the effect of social determinants on 
health, public health policies have increasingly focused on reducing these 

inequalities. Unfortunately, gaps in income, and other social determinants are 

generally increasing around the world.40,94 

In addition, at individual level, there is strong evidence indicating that a high 

proportion of cases of type 2 diabetes among people with impaired fasting 
glucose can be prevented or delayed with intensive lifestyle interventions or 

pharmacological therapy.95 Subsequent studies have found that some positive 

effect of these interventions remain after 10 years,95,96 and that such interventions 

seem to be cost-effective.97,98 However, implementation in primary care settings 
has had more modest effects.99,100  

Most lifestyle interventions aim to achieve a weight loss of at least 7% of the initial 

weight for participants with overweight or obesity, and weight maintenance and 

increased physical activity for all participants.99 They are usually resource and 

time intensive and therefore difficult to generalize to the entire population. Simpler 
interventions or digital alternatives have shown some promise,101 but are not yet 

widely available either.  

The use of medications for the prevention of type 2 diabetes remains 

controversial, and not widely applied in clinical settings.102 Metformin, a glucose 

lowering drug, is shown to be effective and is an option for individuals with 

prediabetes with a BMI ≥35 kg/m2, those <60 years of age, and women with a 
history of gestational diabetes mellitus, as well as to reduce CVD risk 48. The recent 

development of effective medications to treat obesity such as GLP-1 inhibitors 

can also be effective to reduce the risk of type 2 diabetes and has recently been 

added to clinical guidelines for the prevention and treatment of type 2 diabetes.103 
However, GLP-1 analogs are not yet widely available for individuals without type 2 
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diabetes and their long-term effects and utility for preventing type 2 diabetes 

require further studies.  

Bariatric surgery has also been shown to be effective in reducing type 2 diabetes. 

In a prospective study in Sweden, bariatric surgery reduced the risk of type 2 

diabetes by almost 80%, compared to matched controls.104 Nevertheless, it is a 

very invasive intervention and the proportion of people at risk for type 2 diabetes 
that are eligible for surgical therapy is limited.  

Individual level interventions to prevent CVD include lifestyle interventions to 

implement and maintain healthy dietary habits, physical activity, weight loss and 

weight maintenance, and sleeping habits.105,106 Measuring cardiovascular health 

instead of disease has been an area of interest to identify areas of opportunity 
and to improve public health. The AHA Life essential 8 provides a framework to 

measure cardiovascular health according to individuals’ adherence to public 

health recommendations for physical activity, nicotine exposure, sleeping habits, 

BMI, blood lipids, and blood pressure. Studies have shown a low prevalence of 
optimal cardiovascular health (at least 5 metrics), indicating that there is room for 

improvement.106 

Among individuals at high-risk, prevention is centered around pharmacological 

control of risk factors or comorbidities associated with CVD. This usually involves 

using antihypertensive medications, lipid-lowering medications such as statins 

and more recently anti-obesity medications, in combination with improving 
lifestyle with focus on physical activity.93  

3 Precision Medicine and Public Health 
Precision medicine aims to adapt interventions to individuals based on their 
unique characteristics107, while public health and epidemiology focus on studying 

determinants of health, their distribution, and consequences at the population 

level.108 Although these concepts might seem contrasting,109 the use of precision 

medicine may have the potential to improve public health practice. To understand 
this, it is necessary to take a closer look at the evolution and current 

understanding of the concept of precision medicine.  

In a sense, clinicians have always applied precision medicine, by recognizing the 

importance of adapting clinical recommendations to individuals, mostly based on 

clinical experience. A more systematic use of the concept of precision medicine 
began to develop in parallel to advancements in genetics, especially during the 
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early 2000’s.110 The human genome project generated an increased interest in 

identifying genetic markers that could be used as therapeutical targets.110 Despite 

important achievements, especially for monogenic diseases, cancer and 

hematology, its utility for complex chronic diseases has been limited.111 This is 

mostly due to the multiple pathophysiological mechanisms involved, including 
multiple genes, as well as external environmental factors and epigenetic 

mechanisms due to gene-environment interactions.112 

Although there is not a universal definition of precision medicine, two widely used 

are those proposed by the National Research Council of the U.S in 2008,107 and 

the one by the European Commission in 2015.113 Both definitions highlight that the 
focus of precision medicine should be the ability to classify individuals into 

subgroups or phenotypes with differences in their susceptibility to a disease or 

response to a particular intervention. Furthermore, both organizations highlight 

prevention as an important application of precision medicine.107,113  

Definitions specific to the fields of diabetes and CVD have also been proposed. 
The ADA and EASD define precision medicine in diabetes as a method to improve 

diagnosis, prediction, prevention, or treatment of diabetes with the use of 

multidimensional data of individual differences.4 In cardiology, precision medicine 

has been defined as “an integrative approach to cardiovascular disease 
prevention and treatment that considers individuals’ genetics, lifestyles and social 

and environmental exposures as determinants of cardiovascular risk and disease 

phenotypes”.5  

Despite this, applications of precision medicine in public health remain largely 

unexplored.8 The increasing availability of data and the implementation of more 

advanced statistical methods for analysis represent an important area of research 
in precision medicine.114 Prevision medicine can contribute to public health by 

identifying homogeneous subpopulations of individuals based on their unique 

patterns of exposure to relevant risk factors (Figure 3). This could be useful to 

guide the implementation of different interventions to those who will benefit the 
most.9,111  
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Figure 3. General framework for the use of precision medicine in public health. 
(Created with BioRender.com.) 

3.1 Methods for precision medicine in public health 

3.1.1 Life-course epidemiology: Group Based Trajectory Modelling 

Exposure to some of the most important behavioral and metabolic risk factors 

changes with time, and their effect might be related to the accumulation or the 
timing of exposure.115 Understanding the different patterns of exposure and their 

health consequences can have important public health implications, for example 

in optimizing the timing of different interventions.  

Life-course epidemiology is the study of the health effects of exposure to risk 

factors through different periods of life, taking into consideration the biological, 
social, and environmental characteristics of different stages of development. A 

commonly used definition of life-course epidemiology is “the study of long-term 

effects on later health or disease risk of physical or social exposures during 

gestation, childhood, adolescence, young adulthood and later adult life”.116 Interest 
in the life-course approach to epidemiology is closely linked to the 

epidemiological transition. Namely, as the burden of NCDs increased, researchers 

began to be interested in weather early life factors could influence later health. An 

example is the observation that fetal exposures during pregnancy affected an 
individual’s risk of diseases such as type 2 diabetes and CVD much later in life.117,118 
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The mechanisms through which exposure at different periods affects health 

outcomes are complex. Under the life-course framework, they are summarized as: 

1) an accumulative effect model, in which the effect of an exposure increases 

proportional to the amount of time exposed; 2) a critical/sensitive period model, 

in which exposure during a certain window of time is associated with a more 
important effect; and 3) a chain of risk model, which points out that exposure to 

certain factors, for example low socioeconomic status, usually leads to exposure 

to other factors, such as smoking or unhealthy diet, increasing the risk of 

subsequent outcomes. In all these models, the effects of interaction or effect 
modification between exposure and time or between different exposures can be 

considered.116,119 

However, for a given health outcome, several different patterns of exposure can 

result in an increased risk through different mechanisms120. For example, people 

exposed to overweight or obesity from childhood through to adulthood might 
develop cardiovascular disease due to the accumulative effect of BMI. Individuals 

exposed to overweight or obesity later in adulthood, in turn, might be at a sensitive 

period during which they are more vulnerable to the negative effects of exposure.  

Methods such as Group-Based Trajectory Modeling (GBTM) can be used to 

describe the different patterns of development within a population and are useful 
tools in life-course epidemiology.121-123 GBTM, together with latent class analysis, 

growth mixture models, and other methods, are categorized as finite mixture 

models (FMM). The general characteristic of FMM is the assumption that an 

observed distribution is formed by a mixture of unobserved, or latent, subgroups 
that can be described parametrically (Figure 4). 
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Figure 4. Finite mixture models. Panel a) shows the distribution of the observed 

population (solid plum line) and the unobserved underlying subpopulations 

(dashed lines). Panel b) shows the observed individual-level changes (in gray), 

the population mean of these changes (solid plum line), and the theoretical 
underlying trajectory groups (dashed colored lines). 

GBTM can be used to model longitudinal data and assumes that there is no 

important variation between individuals in the same class. According to Nagin and 
collaborators,122,123 the general formula to estimate GBTM is given by:  

𝑃(𝑌𝑖| 𝑡𝑖) = ∑ 𝜋𝑗 ×  𝑃(𝑌𝑖|𝑡𝑖, 𝑗; 𝛽𝑗)

𝐽

𝑗=1

 

𝑌𝑖 is the longitudinal vector of the measurements and  𝑡𝑖 is the vector of time when 

the measurements were performed. 𝜋𝑗 is the probability of membership to each 

of the (J) trajectory groups, and 𝛽𝑗 are the parameters of the underlying 

distribution for this trajectory (for example mean and standard deviation for a 

normal distribution). To estimate the total probability of each longitudinal 

trajectory, we first multiply the product of probabilities at each time point, under 

the additional assumption that the values of 𝑌 at each time point are independent 
from previous observations, conditional on confounders. 

𝑃(𝑌𝑖|𝑡𝑖, 𝑗; 𝛽𝑗) = ∏ 𝑝(𝑦𝑖𝑡|𝑡𝑖𝑡, 𝑗; 𝛽𝑗)

𝑇

𝑡=𝑖

 

These formulas include two unobserved components, the parameters of each 

underlying distribution (𝛽𝑗), and the proportion of individuals in each trajectory 

group (𝜋𝑗). The parameters at each time point can be estimated by fitting multiple 

regression models, where time can be modeled using different polynomial 

functions.123 For example, if 𝑌 is a count variable, a Poisson regression model could 
be used. 



 

18 

log (𝜆𝑖𝑡
𝑗

) = 𝛽0 + 𝛽1𝑡𝑖𝑡 + 𝛽2𝑡2 

The value of 𝜋𝑗 is estimated from the results of a multinomial logistic regression 

with the different trajectories as outcome and the covariates of interest (𝑥𝑖) as 

predictors. 

𝜋𝑗(𝑥𝑖) =  
exp(𝛾𝑗)

∑ exp(𝛾𝑗)𝑗
  

Here, 𝛾𝑗 are the coefficients of the intercept from the multinomial logistic 

regression model. Since these are estimated after the model is fitted, they are 

called the posterior probabilities. Selecting the final model is typically done by 

repeating the process described above using different combinations of the 

number of underlying patterns and polynomial structures of time. The models are 
then compared based on their utility, interpretability and goodness of fit using 

criteria such as a minimum size of each trajectory or of the posterior probabilities, 

the Akaike information criteria (AIC), or the Bayes information criteria (BIC).120  

Once individuals are assigned to one of the trajectory groups based on the values 

of the posterior probabilities, further analysis can be done to estimate the 

associations between the different trajectories and predictors or outcomes of 
interest. 

3.1.2 Health inequalities: Mediation analysis 

Understanding the magnitude of different mechanisms or pathways through 
which socioeconomic differences lead to type 2 diabetes and CVD is important 

for public health. A common analytical approach to study the contribution of 

different pathways is mediation analysis. The general aim is to divide the total 

effect of an exposure (X) on an outcome (Y) in its direct effect (X->Y) and its 
indirect effect though different mediators (X->M->Y).124,125 

Using mediation analysis to study complex associations such as the effect of 
socioeconomic status is challenging. Limitations arise mainly due to the use of 

somewhat ambiguous exposures (i.e., socioeconomic status), the presence of 

interactions between the exposure and the mediator, and the importance of 

multiple mediators related to one another.126 Below, I review the different methods, 
their limitations, and their use in social epidemiology. 
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3.1.2.1 Conventional methods: The difference and the product of coefficients methods 

The difference method and the product of coefficients method, summarized in 
Figure 5, are two of the most common approaches to mediation analysis. Both are 

based in combinations of the coefficients from the following models.108  

1) 𝐸[𝑌|𝑥, 𝑐] = 𝛼0 + 𝛼1𝑥 + 𝛼2𝑐 

2) 𝐸[𝑌|𝑥, 𝑚, 𝑐] =  𝛽0 + 𝛽1𝑥 + 𝛽2𝑚 + 𝛽3𝑐 

3) 𝐸[𝑀|𝑥, 𝑐] =  𝛾0 + 𝛾1𝑥 + 𝛾2𝑐 

The difference method is a straightforward approach based on coefficients from 
regressions 1 and 2 above, i.e., a multiple regression for the outcome of interest 

including confounders as covariates, and a similar model adding the mediator to 

the covariates list.108,124 The coefficient 𝛼1𝑥 is the total effect, the coefficient 𝛽1𝑥 

the direct effect, and the indirect effect is the difference between 𝛼1𝑥 − 𝛽1𝑥. 

The product of coefficient method is based on combination of coefficients from 

equations 2 and 3, i.e., a full model for the outcome of interest including the 
exposure, mediator and confounders as covariates, and a model using the 

mediator as outcome, and adjusting for the exposure and confounders.108,124 The 

direct effect is the coefficient 𝛽1𝑥, and the indirect effect is the product of 

coefficients 𝛾1𝑥 and 𝛽2𝑚.  

 

Figure 5. The difference and product of coefficient methods for mediation 

analysis. 

3.1.2.2 Counterfactual mediation analysis  

The counterfactual (or potential outcome) framework is a theory of causality 
based on hypothetical interventions that has gained popularity as an approach to 
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estimate causal effects from observational data. A causal effect is defined as the 

difference between the expected outcome had the individual been exposed and 

the expected outcome had the same individual not been not exposed.127 However, 

only one of these scenarios is observed, and the opposite represents a 

hypothetical (counterfactual) state. Therefore this approach is based on the 
premise that, although the individual level counterfactuals are impossible to 

measure, it is possible to derive population level estimates under a specific set of 

assumptions, mentioned below.128 

1) Consistency: It is assumed that there is only one well-defined version of the 

treatment or intervention, which always leads to the same potential outcome. The 
consistency assumption is sometimes included as part of the broader stable unit 

treatment values assumption (SUTVA), that further adds that there should be no 

interference between study units., i.e., an individual’s counterfactual outcome is 

not affected by any other individual’s exposure. 

2) Conditional exchangeability: The probability of receiving the treatment of 
interest does not depend on any other confounders than the ones measured and 

included in the model. 

3) Positivity: the probability of receiving every possible value of the treatment is 

larger than zero.  

In mediation analysis, counterfactuals of the associations between exposure, 

mediator, and outcome can be used to describe different causal pathways. By 

defining hypothetical interventions for the exposure or mediator, we can estimate 
different measures of the indirect and direct effects. One approach is to 

decompose the total effect (TE) into the natural direct effect (NDE) and the 

natural indirect effect (NIE) by setting the mediator to its observed (natural) 

values among the exposed or unexposed. Using a simple example with a binary 
exposure (X), mediator (M), and outcome (Y), we can express this as follows129:  

𝑇𝐸 = 𝑁𝐷𝐸 + 𝑁𝐼𝐸 = 𝐸[𝑌𝑥=1 − 𝑌𝑥=0] = 𝐸[𝑌𝑥=1,𝑀𝑥=0 − 𝑌𝑥=0,𝑀𝑥=0] + 𝐸[𝑌𝑥=1,𝑀𝑥=1 − 𝑌𝑥=1,𝑀𝑥=0] 

Where the NDE of X on Y is the difference between the estimated probability of 

the outcome if everyone was exposed and the value of the outcome given no 
exposure while holding the mediator to its observed value among unexposed 

[𝑌𝑥=1,𝑀𝑥=0 − 𝑌𝑥=0,𝑀𝑥=0]. The NIE, i.e., the effect of X on Y only though M, is the 

difference of the counterfactual outcomes if the mediator had been set to its 
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observed values among exposed or unexposed, and everyone had been exposed 

[𝑌𝑥=1,𝑀𝑥=1 − 𝑌𝑥=1,𝑀𝑥=0].  

Another commonly used definition is the controlled direct effect (CDE), which is 

defined as the difference between counterfactual outcomes had the exposure 

been present and not present, setting the value of the mediator constant at a 

preselected value [𝑌𝑥=1,𝑀=𝑚 − 𝑌𝑥=1,𝑀=𝑚]. Unlike the NDE, estimating the CDE 

requires two hypothetical interventions, one in the exposure and one in the 
mediator. A limitation of the CDE is that there is no analogous indirect effect, and 

the total effect cannot be easily decomposed. However, the CDE can be 

estimated with less assumptions than the NDE, and can provide useful 

information. What method to use depends largely on the research question.125  

There has been a longstanding debate regarding the utility of counterfactual 
mediation analysis in social epidemiology.130-132 The interpretation of causal effects 

from counterfactual models in social epidemiology remains a subject of 

controversy due to violations to the consistency assumption. These arise because 

common exposures used to measure SES, such as education, income, or 
occupation can be considered ambiguous or ill-defined interventions. That is, 

different versions of the exposure may exist (e.g., individuals could have a low 

income due to disability, disease, low education, unemployment, etc.).133 However, 

there is a clear need to quantify health disparities and understand the causal 
pathways linking them to diverse health outcomes, for which the counterfactual 

framework could be useful. 

Some authors argue that the violations to the theoretical assumptions are so 

severe that other methods should be sought, or that social epidemiologists should 

at least strive for more precise definitions of hypothetical interventions and 

prioritize the study of manipulable exposures.130,132 Other authors, in contrast, argue 
that the consequences of violating the consistency assumption might be 

exaggerated, hindering progress in public health and health disparities 

research.134,135 And that focusing on manipulable exposures would shift the focus 

towards determinants closer to the individual, and away from the broader social 
determinants of health.134,136  

3.1.2.3 Comparing conventional and counterfactual mediation 

In general, all methods for mediation analysis rely on the same basic assumptions 
and therefore share similar limitations.108 However, counterfactual mediation 

analysis can be used to overcome some of these constrains.  



 

22 

 

The basic assumptions of all mediation analysis are i.) there are no unmeasured 
confounders in any of the associations (between exposure and outcome, 

exposure and mediator or mediator and outcome), ii.) there is no interaction 

between exposure and mediator, and iii.) none of the measured confounders of 

the mediator-outcome association are affected by the exposure (exposure 
induced confounders).108 

The assumption of no unmeasured confounding is common for all observational 

methods. However, in mediation analysis, this assumption also includes 

confounders between mediator and outcome. As a result, mediation analysis 

tends to be more prone to this kind of bias. Consequently, mediation analysis 
often requires larger sample sizes to achieve an adequate power.137 Methods for 

sensitivity analysis are available to estimate how strong an unobserved 

confounder must be to affect the findings of counterfactual mediation analysis.138  

Interaction between the exposure and mediator is problematic because, if 

present, the total effect cannot longer be assumed to be equal to the addition of 

the direct and indirect effects. In fact, if the effect of the exposure on the outcome 
varies at different levels of the mediator, this later variable would technically be a 

moderator or effect modifier.139 The counterfactual framework allows for more 

flexibility in modelling exposure-mediator interactions. For instance, in the three-

way decomposition presented above, the effect of the exposure-mediator 
interaction is assigned to the NIE, but this could be easily adapted to instead be a 

part of the NDE.129 A four-way decomposition has also been described, which 

divides the effect of the exposure-mediator interaction between the direct and 

indirect effect. Additionally, the CDE can be estimated at different values of the 
mediator which can be determined based on their utility to answer different 

research questions.125 

Exposure induced confounders are a challenge in both conventional and 

counterfactual mediation, mostly related to the study of multiple mediators. The 

complexity arises because such variables would simultaneously be a second 
mediator, as well as a confounder of the mediator outcome association (Figure 6). 

Exposure induced confounders are frequent in the case of NCDs due to the 

presence of multiple related mediators and the long time between the occurrence 

of the exposure, mediator, and outcome.125 A common approach to study multiple 
mediators using conventional methods is to add the estimates of the independent 
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effect of each mediator, ignoring the interactions between them. This approach 

can lead to biased estimates by duplicating the effect of common pathways.125,140 

 

Figure 6. DAG of exposure induced confounders in mediation analysis. An 

exposure induced confounder (L) is a mediator between the exposure (X) and 

outcome (Y), and a confounder of the mediator-(M) outcome association. C 
represents confounders between X and Y. 

Counterfactual mediation can be used to bypass this situation in different ways. 
First, if the main interest is the study of one mediator, the CDE can again be used 

to obtain valid estimates, even in the presence of exposure induced 

confounding.129 However, if there is interest in studying several mediators, a set of 

mediators can be considered jointly to estimate an aggregated natural indirect 
effect.141 Other approaches to study multiple mediators such as estimating 

pathway specific estimates or using interventional effects are also available.125,141 

3.1.3 Risk profiles based on risk factors: Cluster analysis 

Prediction models are usually developed by fitting multivariable regression 
models for the outcome of interest including a set of risk factors as predictors. 

From the modeled association, an equation can be derived and applied to external 

individuals.76,142 The models therefore assume that the magnitude of the effect 
between the included variables and the outcome will remain constant across 

populations and levels of exposure to other variables. This is unlikely to be the 

case in the development of NCDs,5,75,114 and might explain, to some extent, the 

observed lack of generalizability of prediction models.  

To deal with these discrepancies, a commonly proposed solution has been to 

recalibrate the models to different populations,142 which limits the direct 
implementation of the prediction models. More recently, there has been increased 

interest for the use of machine learning to improve risk prediction models.143 

However, the most common approach has been the use of supervised models. 

They do allow for more flexibility in the modeling of interactions between different 
risk factors but are also based on the association of risk factors with CVD to make 
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predictions, and therefore susceptible to the same limitation of assuming a 

constant effect of risk factors for all individuals. 

Other methods, such as cluster analysis, have been suggested as an alternative 144. 

The main advantage of cluster analysis is its ability to group individuals in 

homogeneous subgroups based on the patterns of risk factors present in the data, 

independently of the prevalence of these factors or their association with the 
outcome of interest. The assumption is, instead, that the risk factors included are 

important for the occurrence of the outcome, but the magnitude of their effect is 

allowed to vary between populations.145,146 Therefore, the use of cluster analysis 

could help overcome limitations of current models. 

Cluster analysis is a group of unsupervised machine learning methods used for 
grouping or segmenting data into subpopulations. In machine learning, methods 

can be divided into supervised or unsupervised learning based on the data input 

they require. Supervised machine learning needs to be trained to make 

predictions, while unsupervised methods aim to detect inherent patterns in the 
data without previous input or training.145 The goals of cluster analysis include 

ascertaining whether the data consists of different sub-populations, and 

subsequently to group the objects based on a set of measurements for each 

object or of the relationship between objects.147  

Methods for cluster analysis can be further divided into hierarchical and 

partitioning algorithms. Hierarchical methods use some measure of similarity 
between observations to group them together, while partitioning algorithms aim 

to find the most homogeneous way of dividing observations into a predefined 

number of subgroups (k). 

Partitioning methods are based on a reiterative process following the general 

steps listed below:  

1. A central point, or centroid, is assigned at random given the predefined 
number of clusters.  

2. The mean distance (similarity) is calculated for each observation to each 

of the centroids. 

3. Individual observations are grouped according to the minimum distance 
measurement.  

4. These steps are repeated until assignment to the different clusters does 

not change any further.  
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A limitation of cluster analysis is that most methods allow for only continuous or 
categorical data.145 K-prototype is a method that offers a solution by combining 

the dissimilarity measures used in k-means, a clustering algorithm useful for 

continuous data, and k-modes, used for categorical data.148 See Figure 7 for an 

example. 

 

Figure 7. Example of the use of the Gap statistic to determine the number of 

clusters and of the results of cluster analysis using k-prototypes vizualized using 
UMAP for dimension reduction.  

As mentioned previously, partitioning algorithms require the number of clusters 

(k) to be predefined, and it is therefore important how this selection is done. 

Although several methods exist to determine the optimal number of clusters, this 

decision is still somewhat subjective. The Gap statistic, used in studies III and IV, 
uses the within cluster variability compared to a reference distribution for which 

we know there are no clusters (Figure 7). The point at which the difference (or gap) 

between the observed and expected variability is maximized gives the best 

solution for the number of clusters in a particular data set.147 
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4 Research aims 
The overall aim of this thesis was to provide a framework for the use of precision 

medicine in public health and epidemiology, and to explore the utility of different 
analytical methods to classify individuals into sub-populations that can be useful 

for risk-stratification, or to study the magnitude of the effects of different 

mechanisms susceptible to intervention. 

Specific aims: 

Study I: to characterize life-course trajectories of weight categories and estimate 

their impact on the incidence of type 2 diabetes. 

Study II: to estimate the extent to which the association between low 

socioeconomic status and the incidence of type 2 diabetes is mediated through 
common metabolic and behavioral risk factors. Additionally, a secondary aim was 

to compare counterfactual and conventional methods for mediation analysis. 

Study III: to determine whether cluster analysis could be used to identify 

homogeneous subgroups of diabetes-free adults based on the heterogeneity of 

known risk factors for type 2 diabetes, and asses their clinical utility to stratify the 
risk of type 2 diabetes, compared to that of prediabetes. 

Study IV: to explore the use of risk stratification using cluster analysis for primary 

prevention of CVD and compare its performance with that of the SCORE2 and PCE 

models. 
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5 Materials and methods 
The main data source for the four studies constituting this thesis work was the 

Stockholm Diabetes Prevention Program (SDPP), a longitudinal cohort study of 
Swedish individuals aiming to study the incidence of type 2 diabetes.149 Study III 

additionally uses data from a similar cohort from Mexico, The Metabolic Syndrome 

Cohort,150 for external validation. 

5.1 The Stockholm Diabetes Prevention Program (SDPP) 

The SDPP cohort was started in during the early 90’s with the aim of studying risk 

factors for type 2 diabetes and to evaluate population-based interventions to 
prevent type 2 diabetes. It has since then been complemented with data linkage 

to regional and national healthcare and population registries, and has been divided 

into three sub-cohorts according to the available information: 1) a full cohort, 

comprising registry data of all individuals initially contacted, as well as their 
immediate family; 2) the survey responders, who returned the initial screening 

questionnaire; and 3) a clinical cohort, comprised of individuals who attended 

more in depth study visits. The studies in this thesis are based on the clinical 

cohort, described in more detail below.  

Adults who were born in Sweden between 1938 and 1957 and were registered in 

one of the five participating municipalities of Stockholm County (Sigtuna, Tyresö, 
Upplands-Bro, Värmdö and Upplands Väsby) were identified using the total 

population registry of Sweden and invited to participate via post. In addition to 

providing informed consent, individuals were asked to fill and return an initial 

screening questionnaire. Next, to create the clinical cohort, individuals born in 
Sweden, without self-reported type 2 diabetes, with either strong or complete 

absence of family history of diabetes, and all women with history of gestational 

diabetes were invited to participate in the clinical examinations. A random sample 

of individuals was later excluded due to administrative reasons and one 
participant has asked to be removed from the study.  

Of the 11,568 participants initially invited, data are available for 7,948 (69%). All 

participants who attended the baseline examination were invited to participate in 

a 10-year (n=5,734) and 20-year (n=3,627) follow-up. The study visits included 

extensive health questionnaires, anthropometric measurements, blood pressure 
measurement, fasting blood sample collection, and a standard oral glucose 

tolerance test (OGTTT) for individuals who did not report a new diagnosis of type 
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2 diabetes. All measurements and tests were carried out by trained personnel. 

Blood samples were taken during fasting and 2-hours after an oral challenge with 

75 gr of a glucose solution. Glucose and insulin were measured immediately, and 

the blood samples were stored for future analysis. After the 20-year follow-up, 

blood samples of these participants were retrieved and extensive analysis 
including cholesterol, triglycerides, liver function tests, kidney function test and 

inflammatory markers were performed. In addition, data has been linked to 

regional and national registries using individuals’ personal identity number. 

5.2 The Swedish Regional and National Registries 

Initially, data was available from the Regional Data Warehouse of Stockholm (VAL 

registry).151 This is an administrative database including all inpatient and outpatient 
care, both private and public, financed by the Region of Stockholm. The VAL 

registry was used to gather data on date of diagnosis and comorbidities in all 

studies. 

Later, data from National Registries was included from different sources. From 

Statistics Sweden,152 the data used came from the Total Population Register, which 
contains data related to birth, date, citizenship, and migration both in Sweden and 

abroad; the Population and Housing Census, which were performed in Sweden 

every 5 years between 1960 and 1990 and has since been replace by electronic 

registries; and the Swedish Longitudinal Integrated Database for Health Insurance 
and Labor Market Studies (LISA), which compiles labor market data from several 

sources and includes information of individuals occupation, income, and level of 

education among other relevant socioeconomic variables, covering all individuals 

over 16 years from 1990.  

From the National Board of Health and Welfare,153 the data used included the 

Prescribed Drug Registry of Sweden, with information of all prescriptions written 
and dispensed in Swedish pharmacies from 2005; and the National Patient 

Registry, with information from all inpatients in public hospitals since 1987 and 

outpatient visits at both private and public care givers since 2001. Finally, data 

from the National Diabetes Registry,154 managed by Region Västra Götaland, were 
used. It recompiles information from individuals with a diagnosis of type 2 

diabetes since 1996. 
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Figure 8. Flow chart of the Stockholm Diabetes Prevention Program study.  

5.3 The Metabolic Syndrome Cohort 

The MSC recruited healthy adults from 5 cities in central Mexico, with the aim to 
evaluate the incidence of type 2 diabetes, hypertension, and CVD, as well as to 

identify associated risk factors.150 All participants were patients listed in one of the 

participating study centers. They were invited to participate if they were over 20 

years of age, had a BMI ≥20 kg/m2, had resided for more than 6 months in the city 
where examination was to take place without intentions to move in the short term, 

were born in Mexico and had parents and grandparents that were also born in 
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Mexico. The exclusion criteria included previously diagnosed diabetes or 

cardiovascular disease, those unable to leave their home due to ill health or 

immobility, pregnancy, and self-report of high alcohol consumption.  

An initial screening was conducted by study personal at the participants home, 

workplace or during their visit to a medical unit. After initial screening, 9,634 

eligible participants accepted to participate and underwent a baseline 
examination including medical history, clinical examination, anthropometric 

measurements, standardized questionnaires, and fasting blood sample collection. 

After three years, participants were contacted via phone, e-mail, through friends 

or relatives, or via visits to their workplace and invited to undergo a follow-up 
evaluation. A total of 6,119 individuals attended the follow-up evaluation 

(participation rate 80.7%). 

5.4 Study I: Life-course trajectories of weight and their impact on the 
incidence of type 2 diabetes 

Data for this study came from the SDPP cohort and the VAL registry. The study 
sample included 7,203 individuals for whom weight or body size data at five time 

points were available.  

The main exposure in this study were the life-course trajectories of body weight 

that were estimated from the five weight categories using Group Based Trajectory 
modeling, separately for women and men. Self-reported body size at age 7 and 18 

were obtained from participants’ answers to the questions “Compared to others 

of the same age, what was your weight status at age 7 and 18”, which was available 

from the baseline questionnaire for women and from the 10-year follow-up 
questionnaire for men. The response options were: 1) very lean, 2) somewhat lean, 

3) normal weight, 4) somewhat overweight, and 5) very overweight. We 

categorized answers 1 and 2 as lean, 3 as normal weight and 4 and 5 as overweight. 

In the baseline questionnaire, participants were asked to recall their weight 5 and 
10 years before the study visit, when they were on average 42 and 37 years. The 

final time point was BMI measured during the baseline study visit when 

participants were 47 years on average. 

The outcome was a new diagnosis of type 2 diabetes, which was recorded though 

OGTTs during any of the clinical examinations, self-reported in study 
questionnaires, or obtained from the VAL registry.  
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The baseline characteristics of the sample in each of the trajectory groups were 

described using mean and standard deviation for continuous values and 

proportions for categorical values. Modified Poisson regression was used to 

estimate the association between the different trajectories and incidence of type 

2 diabetes. Then, population attributable fractions (PAFs) were calculated to 
assess the burden of type 2 diabetes attributable to the different trajectory 

groups. Covariates adjusted for included age at baseline, physical activity, family 

history of diabetes, comorbidities, general health, educational level, smoking and 

alcohol use, and history of gestational diabetes for women.  

5.5 Study II: Behavioral and metabolic mediators of socioeconomic 
inequalities in type 2 diabetes 

Data from SDPP was used in combination with data from LISA, the 1990 census, 
and the National Diabetes Registry. From the 7,948 total participants at baseline, 

we excluded 128 due to a diagnosis of type 2 diabetes during the baseline OGTT. 

A further 17 were excluded due to previous diagnosis of type 1 or LADA diabetes, 

28 due to missing data on education of occupation, and 234 due to missing values 
in any of the covariates used in the analysis. The final sample for this study 

included data from 7,123 participants, of which 4,383 (62%) women and 2,740 

(38%) men.  

Educational attainment and occupational class were used as measures of 

socioeconomic status. Educational attainment was defined as the highest 

completed level of education: basic education, vocational education or upper 
secondary school, and university or higher. Low socioeconomic status was 

categorized as a binary variable comparing basic education to the rest. 

Occupational class was categorized according to the Swedish Socioeconomic 

Classification System into unskilled workers, semiskilled workers, skilled workers, 
non-manual employees, employed professionals, self-employed professionals, 

and higher civil servants.155 Low occupational class was defined as a binary variable 

including unskilled and semiskilled manual workers.  

The mediators of interest in this study were measured during the baseline 

examination and included well-established behavioral and metabolic risk factors. 
The behavioral risk factors were smoking, alcohol consumption, low physical 

activity, and diet low in vegetables. Metabolic risk factors included BMI, high 

fasting plasma glucose, and hypertension. Possible confounders included in the 
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analysis were age at baseline, sex, family history of type 2 diabetes, self-reported 

comorbidities, and self-reported health status.  

Incident cases of type 2 diabetes were recorded from OGTT during any of the 

study visits, from the VAL registry, the National Diabetes Registry, the National 

Patient Registry, or based on self-report from the study questionnaires.  

Baseline characteristics of the study sample were described according to 

individuals’ socioeconomic status using mean and standard deviation for 
continuous values and proportion for categorical values. Poisson regression was 

used to estimate the association between measures of low SES and type 2 

diabetes. For the main analysis, counterfactual mediation analysis, based on the 

DAG in Figure 9, was used to estimate the total effect through any of these 
pathways, the natural direct effect of low SES in the risk of type 2 diabetes, the 

natural indirect effect through all the mediators taken together, and the proportion 

mediated, defined as NIE/TE. The results were compared to those from mediation 

analysis using the difference and product of coefficient methods.  

 

Figure 9. DAG of the association between low socioeconomic status (SES) and 
type 2 diabetes. 

5.6 Study III: Characterization of data-driven clusters in diabetes-free 
adults and their utility for risk stratification of type 2 diabetes 

The study sample included 7,317 individuals from SDPP, and 2,331 participants from 
the MSC study. In the SDPP dataset, from the initial 7,948 participants, 516 (6.5%) 

were removed due to missing information or extreme outliers in the variables used 

for cluster analysis and 115 (1.4%) were excluded due to a diagnosis of type 2 

diabetes during the baseline examination, which resulted in a main analytical 
sample of 7,317 individuals. In a secondary analysis, data from 3,987 (50%) 

individuals who participated in all study follow-ups were used to test the stability 

of the clusters.  
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From the initial 9,637 participants in the MSC study, 1,839 (19.1%) younger than 30 

years or older than 60 years were removed to ensure comparability with SDPP 

and to reduce the risk of type 1 and other forms of diabetes. Further 3,966 (40.5%) 

were removed due to missing information on a variable required for cluster 

analysis and 1,500 (15.6%) were lost to follow-up. The analytic sample for the MSC 
study thus included 2,332 (24%) participants. 

The main exposures were the clusters of risk factors in each cohort. These were 

derived using k-prototype cluster analysis based on participants’ fasting plasma 

glucose, insulin, estimations of insulin resistance and β-cell function based on the 

homeostatic model assessment (HOMA2-IR and HOMA2-B), BMI, systolic and 
diastolic blood pressure, sex, family history of type 2 diabetes, and educational 

attainment. Prior to analysis, continuous variables were standardized to a mean of 

zero and standard deviation of 1 to allow comparability. Cluster analysis was done 

independently in both cohorts and the gap statistic was used to determine the 
number of clusters in each dataset.  

Incidence of type 2 diabetes was assessed in SDPP using the OGTT at each follow-

up, retrieved from the VAL or the National Diabetes registries, or self-reported 

during any of the study visits. In the MSC, incidence of type 2 diabetes was 

determined from fasting plasma glucose during the follow-up examination, by 
self-report of a new diagnosis of type 2 diabetes, or self-report of starting a new 

treatment with glucose lowering drugs.  

Baseline characteristics of the study sample among the derived clusters were 

explored using mean and standard deviation for continuous values and 

proportions for categorical values. Based on the crude incidence in each cluster, 

we further divided them into high-risk clusters and low-risk clusters.  

The association between clusters and incidence of type 2 diabetes was assessed 
using Cox-proportional hazard models, using age as the underlying time variable. 

SDPP participants were followed-up from the date of baseline examination until 

the date of a new type 2 diabetes diagnosis, date of death or until March 31st, 2021. 

MSC participants were followed from the date of baseline examination until the 
self-reported date of type 2 diabetes diagnosis, start of glucose lowering therapy, 

or until February 28th, 2014. The survival models were adjusted for self-reported 

general health status, presence of chronic comorbidities, physical activity level, 

smoking status, and history of gestational diabetes among women. 
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The clinical utility of the clusters was assessed in the SDPP by studying the 

predictive accuracy and the long-term stability of the clusters. The results were 

compared to the ADA and WHO definitions of prediabetes. We estimated the 

sensitivity, specificity, and the concordance statistic as measures of predictive 

accuracy and the long-term stability using measures of intra-rater agreement.  

5.7 Study IV: Cluster analysis for cardiovascular risk stratification 

In this study we used data from the 20-year follow-up of SDPP due to the 
availability of laboratory data. Of the 3.627 participants who attended the 20-year 

study visit, 158 (4.4%) were removed due to a previous diagnosis of CVD, and 124 

(3.4%) due to missing data or extreme outliers in the variables required for cluster 

analysis. The study population was formed by 3,345 participants with a mean age 
of 66 years and no previous history of CVD.  

The exposures of interest were clusters of risk factors for CVD and risk 

categorization according to the SCORE and PCE models. Cluster analysis was 

estimated using K-prototypes using age, sex, smoking, educational attainment, 

use of antihypertensive medication, glucose lowering medication or statins, 
previous diagnosis of type 2 diabetes, fasting plasma glucose, systolic blood 

pressure, BMI, total cholesterol, HDL cholesterol, and estimated glomerular 

filtration rate (eGFR). Continuous variables were standardized to a mean of 0 and 

standard deviation of 1. The number of clusters was determined using the Gap 
statistic, and stability was assessed by estimating the Jaccard similarity index. 

Risk categorization using the SCORE2, and SCORE2-OP models or the PCE model 
was done following the published protocols.64,65,67 For the SCORE2 model, 

participants with prevalent type 2 diabetes were considered in the high-risk 

category.  

The main outcome, incidence of CVD, was defined as a composite of fatal or non-

fatal myocardial infarction or stroke and CVD-mortality, including cause specific 
mortality due to hypertensive disease, ischemic heart disease, arrhythmias, 

cerebrovascular disease, atherosclerosis, or sudden death. Diagnosis status, date 

of first recorded diagnosis, cause of death as well as date of death were 

ascertained from the VAL registry, the National Patient Registry, or the Total 
Population Registry.  

The association between risk categories in each model and risk of CVD were 

studied using Poisson and Cox proportional hazards models to estimate relative 
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and absolute measures of association. Participants were followed from the date 

of their participation in the 20-year follow-up of SDPP until the date of first CVD 

event, date of death, or until administrative censoring on March 31st, 2021.  

The performance of the risk stratification models was assessed estimating the 

sensitivity, specificity, positive predictive value (PPV), and negative predictive 

value (NPV) comparing the high-risk categories of each model to the rest. The 
concordance statistic was used as a global measure of model discrimination. The 

Wald test was used to test the differences between the concordance statistic of 

the high-risk group in the clusters and the SCORE2 and PCE models. 

5.8 Ethical considerations 

All the studies in this thesis were conducted in accordance with the ethical 

principles for medical research involving humans stated in the declaration of 
Helsinki.156 The SDPP was approved by the ethics review board of Region 

Stockholm, and the MSC was approved by the Intituto Nacional de Ciencias 

Medicas y Nutricion in Mexico City. 

Overall, the benefits for society and knowledge generation overcome the risks to 

participants. As no intervention was administered in either study, the overall risk 

of participation was minimal. On the other hand, participants who received an 
early diagnosis of type 2 diabetes or CVD during their participation might have 

personally benefited. However, there are important ethical considerations 

regarding the use of personal and sensitive information and regarding the 

exclusion of individuals not born in the countries the studies were conducted.  

All participants signed an informed consent when the data was collected, but their 
right to privacy might be threatened if the data are handled improperly. 

Furthermore, in the case of SDPP, data have been used after over 20 years of initial 

recruitment, and additional data has been gathered from linkage to regional and 

national registries. Extensions to SDPP have been submitted for additional review 
and approved by the ethics review board. All data used for research has been 

pseudonymised, and all measures were taken to ensure the security of personal 

and sensitive information according to local regulations.  

Including only individuals born in Sweden (SDPP) or Mexico (MSC) was done for 

practical or financial issues when conducting the studies. However, this means 
that the results of these studies will not necessarily be applicable to the 

population excluded. Given that around 30% of the population of Stockholm and 
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around 10% of that of Mexico City were born outside the country, it is important 

to consider this when interpreting the findings of these studies or making public 

health decisions.  
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6 Results 

6.1 Study I: Life-course trajectories of weight and their impact on the 
incidence of type 2 diabetes 

The individual level life-course transitions of weight categories derived from the 
self-reported weight categories at ages 7 and 18, self-reported weight 10 and 5 

years before the baseline examination, and measured weight during the study are 

summarized in Figure 10.  

 
Figure 10. Individual level transitions of weight categories through life in the SDPP 

cohort.  

The GBTM resulted in five distinct life-course trajectories of weight categories. 

They were descriptively named: 1) stable normal weight trajectory, 2) stable 

overweight trajectory, 3) lean increasing weight trajectory, 4) overweight from 
early adulthood trajectory and 5) overweight from late adulthood trajectory. The 

different trajectories are summarized in Figure 11. 

A total of 981 new cases of type 2 diabetes were identified during the study period. 

The cumulative incidence was 13.74% in the total study population and was higher 

among men (18.7%) than women (11.3%). 
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Figure 11. Results of the Group Based Trajectory Models by sex.  

Results from the Poisson regressions indicated that the trajectory groups were 

associated with differences in the risk of type 2 diabetes in adulthood. Compared 
to the stable normal weight trajectory, both relative and absolute risk of type 2 

diabetes was higher for all the other developmental trajectories, although not 

significantly so for the lean-increasing weight trajectory among men. The highest 

risk estimates were seen among the overweight from early adulthood and the 
stable overweight trajectories. That is, for weight gain during early adulthood and 

constant high weight since childhood (Table 4).  

Table 4. Association between trajectory groups and type 2 diabetes in SDPP.  

 Women Men 

Risk Ratios (RR) 
Unadjusted 
RR (95%CI) 

Adjusted 
RR (95%CI) 

Unadjusted 
RR (95%CI) 

Adjusted 
RR (95%CI) 

Stable normal 
weight 

1 (ref) 1 (ref) 1 (ref) 1 (ref) 

Stable 
overweight 3.69 (2.76-4.95) 2.77 (2.06-3.73) 2.94 (2.12-4.08) 2.68 (1.92-3.75) 

Lean increasing 
weight 1.98 (1.50-2.60) 1.71 (1.31-2.24) 1.32 (0.96-1.81) 1.35 (0.98-1.85) 

Overweight from 
early adulthood 4.07 (3.25-5.11) 3.43 (2.72-3.34) 3.03 (2.40-3.84) 2.77 (2.17-3.54) 

Overweight from 
late adulthood 2.78 (2.13-3.63) 2.27 (1.75-2.95) 1.76 (1.29-2.40) 1.73 (1.26-2.37) 

Absolute Risk 
Difference (ARD) 

Unadjusted 
ARD% (95%CI) 

Adjusted 
ARD% (95%CI) 

Unadjusted 
ARD% (95%CI) 

Adjusted 
ARD% (95%CI) 

Stable normal 
weight 

0 (ref) 0 (ref) 0 (ref) 0 (ref) 

Stable 
overweight 

10.90% 
(6.97%-14.83%) 

7.94% 
(4.65%-11.24%) 

15.05% 
(7.89%-22.21%) 

13.11% 
(6.24%-19.99%) 

Lean increasing 
weight 

3.35% 
(1.34%-5.27%) 

2.46% 
(0.57%-4.36%) 

3.92% 
(0.05%-7.36%) 

4.61% 
(0.95%-8.28%) 

Overweight from 
early adulthood 

9.03% 
(6.63%-11.40%) 

7.76% 
(5.36%-10.17%) 

15.23% 
(11.52%-18.95%) 

14.05% 
(10.30%-17.79%) 

Overweight from 
late adulthood 

5.02% 
(2.66%-7.38%) 

3.512% 
(1.36%-5.68%) 

4.84% 
(0.85%-8.82%) 

5.23% 
(1.03%-9.43%) 
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The population attributable fraction suggested that, among women, most of the 

cases of type 2 diabetes in the study population were attributable to exposure to 

the overweight from early adulthood trajectory group, followed by the overweight 

from late adulthood, the stable overweight, and the lean increasing trajectories. 

Among men, the higher PAF corresponded also to the overweight from early 
adulthood trajectory, followed by the stable overweight, the overweight from late 

adulthood, and the lean increasing trajectories (Figure 12).  

 

Figure 12. Population attributable fractions of the association between trajectory 

groups and incidence of type 2 diabetes.  
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6.2 Study II: Behavioral and metabolic mediators of socioeconomic 
inequalities in type 2 diabetes 

Table 5 presents a summary of the baseline characteristics of the sample. In total 
there were 1,308 new cases of type 2 diabetes during the study. The cumulative 

incidence of type 2 diabetes was 18.4% and it was higher among men (24.5%) than 

women (14.5%).  

Table 5. Baseline characteristics of the sample by socioeconomic status (SES). 
 Education Occupation 

 Middle/ 
high 

Low Middle/ 
high 

Low 

Age (SD) 46.77 (4.96) 47.83 (4.73) 47.16 (4.90) 46.49 (5.00) 

Women n (%) 3,655 (62.9%) 728 (55.4%) 3,192 (63.4%) 1,191 (57.0%) 

Men n (%) 2,153 (37.1%) 587 (44.6%) 1,842 (36.6%) 898 (43.0%) 

Family history of type 2 
diabetes n (%) 2,981 (51.3%) 760 (57.8%) 2,560 (50.9%) 1,181 (56.5%) 

Comorbidities n (%) 1,567 (27.0%) 391 (29.7%) 1,295 (25.7%) 663 (31.7%) 

Poor general health n 
(%) 

104 (1.8%) 39 (3.0%) 75 (1.5%) 68 (3.3%) 

Current smoking n (%) 1,310 (22.6%) 495 (37.6%) 1,112 (22.1%) 693 (33.2%) 

High alcohol intake n 
(%) 

1,099 (18.9%) 281 (21.4%) 992 (19.7%) 388 (18.6%) 

Low physical activity  
n (%) 1,340 (23.1%) 382 (29.0%) 1,152 (22.9%) 570 (27.3%) 

Diet low in fruits or 
vegetables n (%)  2,314 (39.8%) 606 (46.1%) 2,026 (40.2%) 894 (42.8%) 

Body mass index (BMI) 
kg/m2 (SD) 25.41 (3.86) 26.33 (4.06) 25.34 (3.78) 26.15 (4.17) 

BMI >30 kg/m2 n (%)  626 (10.8%) 224 (17.0%) 525 (10.4%) 325 (15.6%) 

Fasting plasma glucose 
mmol/L (SD) 4.68 (0.52) 4.81 (0.57) 4.69 (0.52) 4.75 (0.56) 

Fasting plasma glucose 
>5.6 mmol/L n (%) 262 (4.5%) 98 (7.5%) 236 (4.7%) 124 (5.9%) 

Systolic blood pressure 
(SBP) mmHg (SD) 

121.84 (15.59) 124.88 (15.62) 122.04 (15.47) 123.29 (16.01) 

Diastolic blood pressure 
(DBP) mmHg (SD) 

76.52 (9.96) 78.10 (10.07) 76.62 (9.84) 77.28 (10.34) 

Hypertension n (%) 722 (12.4%) 201 (15.3%) 621 (12.3%) 302 (14.5%) 
Cases of type 2 
diabetes n (%) 

979 (16.9%) 239 (25.0%) 833 (16.5%) 475 (22.7%) 

Data are presented as mean and standard deviation (SD) for continuous measures 
and number of observations and proportions for categorical variables. 
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Initial regression analyses showed that there was a significant unadjusted 

association between both measures of low SES and type 2 diabetes. The point 

estimates were reduced when adjustment for confounders was introduced but 

remained significant. Further adjustment for mediators resulted in important 

reduction of the estimates, which were no longer significant for the association 
between low educational attainment and type 2 diabetes (Table 6). 

Table 6. Poisson regression for the association between low SES and type 2 
diabetes. 

 
Model 1 

IRR (95%CI) Model 2 Model 3 

Education 1.37 (1.23, 1.53) 1.29 (1.16, 1.43) 1.10 (0.99, 1.20) 

Occupation 1.36 (1.23, 1.50) 1.27 (1.15, 1.41) 1.14 (1.04, 1.25) 
Women    

Education 1.46 (1.24, 1.72) 1.36 (1.16, 1.60) 1.16 (0.98, 1.35) 
Occupation 1.46 (1.26, 1.69) 1.33 (1.15, 1.54) 1.16 (1.01, 1.32) 

Men    
Education 1.30 (1.13, 1.50) 1.23 (1.07, 1.42) 1.06 (0.92, 1.20) 
Occupation 1.27 (1.11, 1.45) 1.22 (1.07, 1.39) 1.11 (0.98, 1.24) 

Incidence risk ratio (IRR) and 95% confidence intervals (95%CI) are presented. 
Model 1: adjusted for age at baseline and sex, model 2: additionally adjusted for 
comorbidities, family history of type 2 diabetes and self-rated health, model 3: 
additionally adjusted for smoking, alcohol consumption, dietary factors, physical 
activity, high BMI, hyperglycemia, and hypertension. 

The results of the mediation analysis using the three different methods are 
summarized in Figures 13 and 14. The main analysis, using counterfactual 

mediation, indicated that, compared to higher educational attainment, exposure 

to low educational attainment was associated with a risk ratio (RR) of 1.31 (95%CI 

1.16, 1.45) higher risk of type 2 diabetes. The NDE was RR 1.12 (95%CI: 1.00, 1.24) and 
an the NIE mediated through behavioral or metabolic mediators was 1.17 (95%CI: 

1.12, 1.22), representing 60% of the association. Similarly, exposure to low 

occupational class was associated with a TE of RR 1.30 (95%CI: 1.17, 1.44) higher risk 

of type 2 diabetes. The NDE was RR 1.16 (95%CI: 1.06, 1.28) and the NIE was RR 1.12 
(95%CI: 1.08, 1.17), explaining 45% of the observed association. The findings of the 

sex stratified analyses were similar.  
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Figure 13. Comparison of the results of counterfactual mediation analysis with the 
difference method and the product of coefficient methods.   

In comparison, using the difference method, the total effect of low educational 

attainment was 1.23 (95%CI: 1.07, 1.42), a direct effect of 1.06 (95%CI: 0.92, 1.20) 

and an indirect effect of 1.22 (95%CI: 1.13, 1.31), which accounted for 73% of the 

association. The total effect of low occupational class was 1.27 (95%CI: 1.15, 1.41), 
divided into a direct effect of 1.14 (95%CI: 1.04, 1.25) and an indirect effect of 1.11 

(95%CI: 1.06, 1.17). The proportion mediated via the measured mediators was 44%.  

The results according to the product of coefficients method resulted in a total 

effect for the association between low educational attainment and type 2 

diabetes of 1.21 (95%CI: 1.04, 1.39), a direct effect equal to 1.06 (95%CI: 0.92, 1.20) 
and an indirect effect of 1.15 (95CI: 1.07, 1.23), which explained 72% of the 

association. Exposure to low occupational class was associated to a total effect 
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of 1.28 (95%CI: 1.13, 1.43) higher relative risk of type 2 diabetes, with a direct effect 

of 1-14 (95%CI: 1.04, 1.25), and an indirect effect of 1.12 (95%CI: 1.06, 1.19), which 

explained 46% of the observed association.  

 

Figure 14. Comparison of the proportion mediated according to the 

counterfactual mediation analysis, the difference method, and the product of 
coefficients method.   
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6.3 Study III: Characterization of data-driven clusters in diabetes-free 
adults and their utility for risk stratification of type 2 diabetes 

The baseline characteristics of the study samples are presented in Table 7. In 
SDPP, participants were followed for an average of 23 years during which 1,226 new 

cases of type 2 diabetes were documented. The incidence rate was 7.3 cases per 

1,000 person-years of follow-up and was higher among men (9.0 cases per 1,000 
person-years) than women (5.9 cases per 1,000 person-years). Participants of 

the MSC study were followed for a mean of 3.8 years and 131 new cases of type 2 

diabetes were detected. The incidence rate among the overall MSC population 

was 23 cases per 1,000 person-years of follow-up, and slightly higher among men 
with 23.5 cases per 1,000 person years compared to women with 22.9 cases per 

1,000 person-years.  

Table 7. Baseline characteristics of the SDPP and MSC studies. 
 SDPP (n=7,317) MSC (n=2,332) 
Mean age (SD) 47.10 (4.92) 42.60 (7.76) 
Women 4,442 (60.7%) 1,663 (71.3%) 
Mean BMI (kg/m2) 25.55 (3.83) 29.15 (4.59) 
History of gestational 
diabetes (%) 

169 (2.3%) 25 (1.1%) 

Systolic blood pressure 
mmHg (SD) 122.51 (15.66) 114.69 (14.56) 

Diastolic blood pressure 
mmHg (SD) 76.89 (9.99) 76.51 (10.22) 

Fasting glucose mmol/L (SD) 4.71 (0.53) 4.91 (0.56) 
Two-hour glucose mmol/L 
(SD) 4.74 (1.41) NA 

Fasting insulin µU/ml (SD) 14.33 (7.39) 12.15 (6.97) 
Two-hour insulin µU/ml (SD) 46.68 (32.45) NA 
HOMA2-B 147.37 (56.39) 120.01 (45.97) 
HOMA2-IR 1.56 (0.79) 1.34 (0.77) 
Family history of type 2 
diabetes (%) 

4,278 (58.5%) 1,856 (79.6%) 

Comorbidities (%) 1,846 (27.8%) 1,019 (43.7%) 
Level of education (%)   
Primary education 2,249 (30.7%) 1,077 (46.2%) 
Upper secondary level 2,920 (39.9%) 419 (18.0%) 
University or higher 2,148 (29.4%) 836 (35.8%) 
Low physical activity (%) 791 (10.8%) 1,285 (55.1%) 
Current smoking (%) 1,925 (26.3%) 566 (29.9%) 
Prediabetes (ADA/ WHO) 654 (8.9%) / 374(5.1%) NA 
IFG 374 (5.1%) / 94 (1.3%) 322 (13.8%) / 70 (3.0%) 
IGT 191 (2.6%) / 248 (3.4%) NA 
IFG+IGT 89 (1.2%) / 32(0.4%) NA 

SDPP: Stockholm Diabetes Preventive Program, MSC: Metabolic Syndrome Cohort, 
SD: Standard deviation, ADA: American Diabetes Association, IFG: Impaired fasting 
glucose, IGT: Impaired glucose tolerance.  
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The results of the cluster analysis in both cohorts pointed to six distinctive 

clusters with comparable phenotypes (Figure 15). Compared to the average 

incidence of type 2 diabetes in each population, the clusters were further divided 

into low-risk clusters and high-risk clusters. Based on this and their characteristic 

features, the clusters were descriptively named: very low-risk (VLR), low-risk low 
beta cell function (LRLB), low-risk high beta cell function (LRHB), high-risk high 

blood pressure (HRHBP), high-risk beta cell failure (HRBF), and high-risk insulin 

resistance (HRIR).  

Results of the Cox proportional hazards models were similar in both cohorts (Table 

8 and Figure 16). In the SDPP sample, in comparison to the LRHB cluster, individuals 
in the VLR (HR: 0.38 95% CI: 0.28, 0.50) and the LRLB (HR: 0.71, 95% CI: 0.55, 0.90) 

clusters had a significantly lower risk of type 2 diabetes, and those in the HRHBP 

(HR: 2.34, 95 CI: 1.85, 2.96), the HRBF(HR: 3.22, 95% CI: 2.62, 3.96), or the HRIR (HR: 

5.39, 95% CI: 4.30, 6.75) had a higher risk of incident type 2 diabetes. In the MSC 
study sample, in comparison to the LRHB cluster, the VLR (HR: 0.58, 95% CI: 0.51, 

0.66) had a lower risk of type 2 diabetes, there was no significant difference with 

the LRLB cluster (HR: 1.24, 95% CI: 0.50, 3.12), and participants in the HRHBP (HR: 

3.26, 95% CI: 1.49, 7.15), the HRBF (HR: 4.00, 95% CI: 2.05, 7.82) and the HRIR (HR: 
4.52, 95% CI: 1.66, 12.32) clusters had a significantly higher risk of type 2 diabetes.  

Table 8. Results of the Cox-proportional hazards models for the association 

between clusters and type 2 diabetes in the SDPP and MSC studies.  

Hazard Ratios (HR) and 95% confidence intervals (95%CI) presented. Very low-

risk (VLR), low-risk low beta cell function (LRLB), low-risk high beta cell function 

(LRHB), high-risk high blood pressure (HRHBP), high-risk beta cell failure (HRBF), 
and high-risk insulin resistance (HRIR).  

 SDPP MSC 

 Cases Unadjusted 
HR (95% CI) 

Adjusted 
HR (95% CI) Cases Unadjusted 

HR (95% CI) 
Adjusted 

HR (95% CI) 

VLR 82 0.41 

(0.32, 0.54) 
0.38 

(0.28, 0.50) 9 0.55 

(0.51, 0.60) 
0.58 

(0.51, 0.66) 

LRLB 141 0.75 

(0.59, 0.95) 
0.71 

(0.55, 0.90) 23 1.23 
(0.51, 2.97) 

1.24 
(0.50, 3.12) 

LRHB 144 Ref 
(1.00) 

Ref 
(1.00) 

10 Ref 
(1.00) 

Ref 
(1.00) 

HRHBP 191 
2.50 

(2.01, 3.11) 
2.34 

(1.85, 2.96) 28 
3.39 

(1.55, 7.41) 
3.26 

(1.49, 7.15) 

HRBF 418 3.58 

(2.96, 4.33) 
3.22 

(2.62, 3.96) 42 3.96 

(2.04, 7.68) 
4.00 

(2.05, 7.82) 

HRIR 250 5.31 
(4.32, 6.52) 

5.39 

(4.30, 6.75) 19 4.74 

(1.70, 13.22) 
4.52 

(1.66, 12.32) 

Total 1226   131   
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Figure 15. Box plot and bar charts of baseline characteristics among clusters. Panel 
“a)” shows the results of the Stockholm Diabetes Prevention Program (SDPP) and 

panel “b)” the results of the Metabolic Syndrome Cohort (MSC).   
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Figure 16. Kaplan–Meier estimates of the risk of type 2 diabetes by risk clusters in 

the Stockholm Diabetes Prevention Program (SDPP) and the Metabolic Syndrome 

Cohort (MSC).  

Among SDPP participants with information for all study visits, the stability of the 

clusters ranged from fair to good, with around 73% of individuals in a high-risk 
cluster either remained stable or progressed to type 2 diabetes (Figure 17).  

 

Figure 17. Transitions of the cluster labels at baseline, during the 10-year follow-

up and the 20-year follow-up in the Stockholm Diabetes Prevention Program 
(SDPP).  
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The high-risk clusters had a high predictive accuracy to identify individuals at 

high-risk of type 2 diabetes. Compared to the ADA or WHO defined prediabetes, 

which included 8.9% and 5.1% of the SDPP baseline population, respectively, the 

high-risk clusters included close to one third of the population (34.2%), with a 

higher sensitivity, and area under the curve, maintaining a high specificity (Table 
9). Furthermore, the high-risk clusters captured most cases of type 2 diabetes, in 

contrast to baseline prediabetes, which missed a large proportion of cases of type 

2 diabetes (Figure 18). 

Table 9. Sensitivity and specificity of the high-risk clusters and different 
definitions of prediabetes. 

 High-risk clusters Prediabetes ADA Prediabetes WHO 

Sensitivity %(95%CI) 
70.1% 

(67.4%, 72.6%) 

29.9% 

(27.4%, 32.6%) 

19.5% 

(17.3%, 21.8%) 

Specificity %(95%CI) 
72.9%, 

(71.8%, 74.0%) 
95.3% 

(94.8%, 95.9%) 
97.8% 

(97.4%, 98.2%) 

Area under the curve 

(95%CI) 

0.71 

(0.70, 0.73) 

0.63 

(0.61, 0.64) 

0.59 

(0.58, 0.60) 

Concordance statistic 

(95%CI) 

0.70 

(0.68, 0.71) 

0.63 

(0.61, 0.64) 

0.59 

(0.58, 0.60) 

Positive predictive value 
%(95%CI) 

34.3% 
(32.5%, 36.2%) 

56.5% 
(52.6%, 60.3%) 

64.4% 
(59.3%, 69.3%) 

Negative predictive value 

%(95%CI) 

92.3% 

(91.6%, 93.1%) 

87.1% 

(86.3%, 87.9%) 

85.8% (84.9%, 

86.6%) 

American Diabetes Association (ADA), World Health Organization (WHO).  

 
Figure 18. Cases of type 2 diabetes by risk cluster and prediabetes in the 

Stockholm Diabetes Prevention Program (SDPP).  
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6.4 Study IV: Cluster analysis for cardiovascular risk stratification 

For this study, 3,345 SDPP participants with a mean age of 66 years were followed 
for an average of 5.2 years during which 155 new cases of CVD were documented. 

The incidence rate of CVD was 8.8 cases per 1,000 person-years of follow-up and 
was higher among men (13.9 cases per 1,000 person-years) than among women 

(5.1 cases per 1,000 person-years).  

Cluster analysis resulted in three characteristic sub-populations based on the risk 

factors included in the analysis. These were named low-risk, moderate-risk, and 

high-risk clusters according to the predicted probabilities of incident CVD in each 

group (Figure 19). The characteristics of the clusters are shown in Figure 20.  

 
Figure 19. Probabilities of incident cardiovascular disease using the different risk 

stratification models in the SDPP study. 

The main results are summarized in Table 10. Compared to the low-risk cluster, 
the absolute risk difference (ARD) of CVD was 1.37% (95%CI: 0.00%, 2.75%) higher 

in the moderate-risk cluster and 5.67% (95%CI: 3.87%, 7.48%) higher among 

participants in the high-risk cluster. On the relative scale, the moderate-risk 
category was associated with a HR of 1.69 (95%CI: 1.00, 2.87) and the high-risk 

cluster to a HR of 3.49 (95%CI: 2.15, 5.66). 

In contrast, using the SCORE model, those in the moderate risk category had a 

4.13% (95%C: 7.86%, 2.49%) higher absolute risk and a HR of 2.26 (95%CI: 1.27, 4.02). 

And for participants in the high-risk SCORE category, the ARD was 6.89% higher 
(96%CI: 4.84%, 8.93%) and the HR was 4.36 (95%CI: 2.45, 7.75), compared to the 
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low-risk category. Using the PCE model, the moderate-risk group was associated 

with an ARD of 2.50% (95%CI: 1.31%, 3.69%) and a HR of 2.69 (95%CI: 1.45, 5.01), 

while the high-risk category to an ARD of 8.59% (95%CI: 6.46%, 10.72%) and a HR 

of 6.55 (95%CI: 3.56, 12.04), compared to the low-risk group. 

 

Figure 20. Box plot and bar charts of baseline characteristics by CVD risk clusters. 
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Table 10. Relative and absolute measures of association between the risk 
stratification models and CVD  

 n CVD 
events 

predicted 
probabilities 

Absolute risk 
difference (ARD) 

Hazard ratio 
(HR) 

Risk clusters      

Low-risk 930 20 
2.15% 

(1.22%, 3.05%) ref ref 

Moderate-
risk 1,252 44 3.51% 

(2.49%, 4.53%) 
1.36% 

(0.00%, 2.75%) 
1.69 

(1,00, 2.87) 

High 1,163 91 7.82% 
(6.28%, 9.37%) 

5.67% 
(3.87%, 7.48%) 

3.49 
(2.15, 5.66) 

SCORE2      

Low-risk 856 14 1.64% 
(7.86%, 2.49%) ref ref 

Moderate-
risk 1,621 67 

4.13% 
(3.16%, 5.10%) 

2.50% 
(1.21%, 3.79%) 

12.26 
(1.27, 4.02) 

High 868 74 8.53% 
(6.67%, 10.40%) 

6.89% 
(4.85%, 8.93%) 

4.36 
(2.45, 7.75) 

PCE      

Low-risk 924 12 1.28% 
(0.56%, 2.00%) ref ref 

Moderate-
risk 1,499 59 3.79% 

(2.84%, 4.73%) 
2.50% 

(1.31%, 3.70%) 
2.69 

(1.45, 5.01) 

High 767 84 9.87% 
(7.87%, 11.90%) 

8.59% 
(6.46%, 10.70%) 

6.55 
(3.56, 12.08) 

Point estimates and 95% confidence intervals in parentheses are provided. 
Systematic Coronary Risk Estimation (SCORE), Pooled Cohort Equations (PCE).  

The risk clusters had a good predictive accuracy and discrimination, equivalent to 

those of the SCORE and PCE models (Figure 21). Out of the 155 total cases of CVD 

in the study population, the high-risk cluster correctly predicted 91 cases, with a 
resulting sensitivity of 58.71% (57.04%, 60.38%), a specificity of 66.39% (64.79%, 

68.00%) and concordance statistic of 0.64 (0.60, 0,68). In comparison, the high-

risk category derived from the SCORE model correctly identified 74 of the cases, 

with a sensitivity of 47.74% (46.05%, 49,43%), a specificity of 75.11% (73.64%, 
76.57%) and concordance statistic of 0.63 (0.59, 0.67). In the high-risk group 

according to the PCE model, 84 cases of CVD were identified correctly with a 

sensitivity of 54.19% (52.51%, 55.88%), a specificity of 75.96% (74.51%, 77.40%) and 

a concordance statistic of 0.67 (0.63, 0.71). There were no significant differences 
in the concordance statistic between the high-risk cluster and the high-risk 

SCORE2 group (p-value=0.71) nor the high-risk PCE category (p-value=0.12).  
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Figure 21. Cases of CVD by risk stratification models in the Stockholm Diabetes 

Prevention Program (SDPP). 
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7 Discussion 
Overall, the work compiled in this thesis provides evidence for the utility of 

precision medicine in public health and epidemiology. Each of the component 
articles and manuscripts provides a specific example of how analytical methods 

can be used to inform decision making and implementation of preventive 

interventions.  

In study I, results indicate that weight changes throughout the life-course could 

be generalized into five distinctive patterns, and that these patterns were 
associated with differences in the risk of developing type 2 diabetes in adulthood. 

At the population level, exposure during early adulthood explained a large 

proportion of the cases of type 2 diabetes, highlighting this as a period of life when 

public health interventions against overweight and obesity could be especially 
effective in preventing type 2 diabetes. 

Existing evidence suggests that overweight or obesity tend to continue to 

adulthood, which in turn increases the risk of type 2 diabetes.157-160 However, 

studies also indicate that children with high BMI who lose weight and maintain a 

normal weight during their teens and early adulthood have a similar risk of type 2 
diabetes to people who were never exposed to overweight or obesity.161 

Furthermore, results from a recent meta-analysis suggest that although childhood 

obesity was associated with type 2 diabetes during adulthood, most of the cases 

of type 2 diabetes occurred among individuals who had a normal weight during 
childhood.162 Therefore, interventions during adolescence and early adulthood 

might be more effective to reduce the prevalence of type 2 diabetes in the general 

population.  

There were some important limitations in study I. First, retrospective assessment 

of the weight categories during childhood might have resulted in recall bias. 

Furthermore, the questions we used were an oversimplification of measured 
weight, which may have led to misclassification of the exposure. Additionally, 

individuals in the SDPP cohort were children between the 1940’s and 1970’s, when 

childhood overweight and obesity were less prevalent. In the SDPP cohort, the 

prevalence of childhood overweight and obesity was around 11%, whereas recent 
estimates indicate that this proportion has increased to around 30%.163  

In study II, the results replicate the body of evidence pointing to an association 

between low SES and type 2 diabetes.38 A much more challenging issue has been 
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to determine how much of this association can be attributed to different 

behavioral and metabolic risk factors, and studies have reported inconsistent 

findings.164  

Furthermore, there has been increasing interest in social epidemiology regarding 

the use of emerging methods, such as counterfactual mediation analysis,132 as 

there has been some concern that they could lead to different results than older 
methods. Interestingly our data yielded very similar results for the counterfactual 

mediation analysis and more conventional methods. However, important 

limitations of using the counterfactual framework in social epidemiology remain, 

and more research is needed in this area.  

The findings of study II highlight the importance of addressing health inequalities 
in a more comprehensive way. Policies aimed at reducing inequalities could more 

directly address their impact in reducing exposure to risk factors.165 Individual level 

interventions, in turn, should consider socioeconomic position, for example by 

adapting the intensity of interventions accordingly.166  

Important limitations of this study concern the inherent complexity of assessing 

SES. However, education and occupation were used to attempt to cover different 
aspects and life-stages of SES. Measurements were dichotomized, which is likely 

an oversimplification and may have resulted in measurement bias.  

Finding new ways to classify complex diseases such as type 2 diabetes and CVD 

has been a long-standing objective of precision medicine.107 In studies III and IV, 

we applied cluster analysis to group individuals into more homogeneous sub-
populations based on the patterns of relevant risk factors for type 2 diabetes 

(study III) and CVD (study IV). In both cases, we compared the risk stratification 

using these sub-populations to methods commonly used in clinical practice.  

Cluster analysis in study III, resulted in six different subgroups with distinctive 

phenotypes, in two independent cohorts. According to their risk of type 2 
diabetes, these subgroups were divided into three low-risk clusters and three 

high-risk clusters. In comparison to prediabetes, the high-risk clusters had better 

predictive accuracy. In study IV, the same methodology resulted in three 

characteristic sub-groups which were directly associated with low, middle, and 
high risk of CVD. Risk stratification based on these clusters had a similar predictive 

performance in comparison to models currently recommended for primary 

prevention. 
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Previous studies have used similar methods to examine the heterogeneity of type 

2 diabetes and CVD. In a study from 2015, the authors use genetic data in 

combination with electronic medical records to describe three different sub-

groups of individuals with type 2 diabetes.167 More recently, a study using cluster 

analysis described five sub-classifications of type 2 diabetes.168 This later 
approach has received considerable attention, and the findings have been 

replicated in several populations.169,170 Research on clinical variability of CVD 

include a previous study that found four sub-groups of ischemic heart disease,171 

and four sub-groups after incidence of ischemic stroke172,173 with differences in 
prognosis. 

Although it can be hypothesized that the described phenotypes could be 

identified before the diagnosis of type 2 diabetes or CVD, only few studies have 

investigated the utility of approaches for risk stratification of type 2 diabetes or 

CVD.174-176 A recent study applied cluster analysis in a selected sample of 
individuals at high-risk for type 2 diabetes and reported phenotypes with 

differences in risk of progression.175 Studies have also used cluster analysis to 

identify individuals with type 2 diabetes or hypertension associated to higher CVD 

risk.176,177 However these studies are based on individuals who were already at high-
risk, and not the general population. Furthermore, most require data not usually 

available in primary care, limiting their applicability.  

Besides, previous studies have not considered the role of SES in the described 

phenotypes, probably due to the difficulty of using categorical variables in 

combination with continuous data in cluster analysis. Studies III and IV contribute 
to the existing literature by including a measure of SES (educational attainment) 

as an important contributor to the variability in the risk of type 2 diabetes and 

CVD.  

The results of these studies should be considered in the context of their 

limitations. An important limitation of both study III and study IV was the 

possibility of missing the occurrence of type 2 diabetes among participants who 
moved from Sweden, which might have led to biased estimates if the 

misclassification was non-differential. Additionally, in study III the smaller sample 

and shorter follow-up in the validation dataset could have affected the statistical 

power. However, the analysis in both samples generated similar findings, despite 
important differences in the incidence of type 2 diabetes between the two 

countries. The stability was assessed only among individuals who attended all 
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study visits in SDPP, which might lead to bias in these findings. Finally, an important 

limitation of study IV was the use of a more selected sample, including only 

individuals attending the 20-year follow-up of the SDPP study, which might limit 

the ability to detect existing associations due to lower power. This was done due 

to the availability of more extensive laboratory data in this follow-up. 
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8 Conclusions 
In study I, the association of the patterns of weight changes through life with type 

2 diabetes suggested that most cases were associated with exposure to 
overweight or obesity during early adulthood, implicating an important period for 

the implementation of targeted public health interventions. In study II, mediation 

analysis to study the magnitude of the different mechanisms linking low SES to 

incidence of type 2 diabetes, estimated that behavioral and metabolic risk factors, 
usual targets for public health interventions, explained roughly half of the 

observed social inequalities in the incidence of type 2 diabetes. Finally, in studies 

III and IV, cluster analysis was shown to be a useful alternative for the development 

of prediction models that outperformed or were at least as good as those 
currently used in clinical practice and could be used to guide the implementation 

of different preventive interventions.  

In conclusion, these findings support the utility of a precision medicine approach 

to public health. The different methods were useful to identify and describe 

complex patterns of risk factors based on their changes through time, the 
importance of their underlying causal mechanism or the patterns of their 

combinations with other risk factors. The results highlight areas of opportunity to 

improve the development and implementation of public health interventions.  
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9 Points of perspective 
The Sustainable Development Goals (SDGs) are a part of the United Nations 2030 

Agenda for Sustainable Development and set the objectives for progress in 17 
different interconnected areas. One of the main targets to achieve good health 

and well-being is to “reduce by one third premature mortality from non-

communicable diseases”.178 To achieve this goal, it is important to improve public 

health policies, as well as early detection, and effective treatment of NCDs. The 
findings in this thesis can contribute to guide policy and further research in these 

areas.  

The patterns and phenotypes described, as well as the insight into the importance 

of different pathways, may be useful to inform public health policies. For example, 

they could be taken into consideration during policy development to identify the 
target population and optimize the timing of different public health interventions.  

From a more clinical perspective, data-driven risk stratification could lead to 

better-targeted interventions to prevent type 2 diabetes and CVD. Controversies 

such as preventive use of medications could be addressed by targeting those who 

might benefit more specifically. Lifestyle interventions could be adapted to 
improve their efficiency based on the characteristics of individuals.  

The studies compiled in this thesis were mostly exploratory and open a variety of 
opportunities for further research. First, replication of these findings in different 

populations and different generations is important to assess their generalizability. 

Additionally, more studies are needed to explore the practical utility of these 

methods to improve preventive interventions. Furthermore, the subgrouping of 
individuals into more homogeneous clusters could provide interesting insights 

into the pathophysiology of type 2 diabetes and CVD. By using the trajectory 

groups or clusters as outcomes. Future studies could investigate their possible 

determinants, including genetic, biological, social, psychological, or environmental 
factors. Correspondingly, the described sub-groups could also be used as 

exposures in future research looking into their impact on other conditions or on 

the development of complications following a diagnosis of type 2 diabetes or CVD.  

Other areas of future study include the inclusion of the social determinants of 

health in these types of analyses. These studies attempt to include SES directly 
into the detection of sub-groups. Future studies should strive to expand this by 

including other relevant factors such as environmental exposures. 
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